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Preface

INTRODUCTION

Video data management and information retrieval are very important areas of
research in computer technology. Plenty of research is being done in these fields at
present. These two areas are changing our lifestyles because together they cover
creation, maintenance, accessing, and retrieval of video, audio, speech, and text data
and information for video display. But still lots of important issuesin these areasremain
unresolved and further research is needed to be done for better techniques and appli-
cations.

The primary objective of the book is to combine these two related areas of re-
search together and provide an up-to-date account of the work being done. We ad-
dressed research issues in those fields where some progress has already been made.
Also, we encouraged researchers, academics, and industrial technologists to provide
new and brilliant ideas on these fields that could be pursued for further research.

Section | gives an introduction. We have given general introduction of the two
areas, namely, video data management and information retrieval, from the very elemen-
tary level. We discussed the problems in these areas and some of the work done in
these fields since the last decade.

Section |1 defines video data storage techniques and networking. We present a
chapter that describes the design for a High-performance Data Recording Architecture
(HYDRA) that can record data in real time for large-scale servers. Although digital
continuous media (CM) is being used as an integral part of many applications and
attempts have been made for efficient retrieval of such media for many concurrent
users, not much has been done so far to implement these ideas for large-scale servers.
Then a chapter introduces video data management techniques for computational aug-
mentation of human memory, i.e., augmented memory, on wearable and ubiquitous com-
puters used in our everyday life. In another chapter, in order to organize and manipul ate
vast amount of multimediadatain an efficient way, amethod to summarize these digital
data has been presented. Also we present a contemporary review of the various differ-
ent strategies availableto facilitate Very Low Bit-Rate (VLBR) coding for video commu-
nications over mobile and fixed transmission channels as well asthe Internet.
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Section |11 talks about video data security and video data synchronization and
timeliness. We describe how to present different multimedia objects on a web-based
presentation system. A chapter is devoted to highlighting the biometrics technol ogies,
which are based on video sequences, viz face, eye (iris/retina), and gait.

Section IV will present various video shot boundary detection techniques. A new
robust paradigm capable of detecting scene changes on compressed MPEG video data
directly has been proposed. Then an innovative shot boundary detection method us-
ing an unsupervised segmentation al gorithm and the technique of object tracking based
on the segmentation mask maps are presented. We al so describe a histogram with soft
decision using the Hue, Saturation, and Intensity (HSV) color spacefor effective detec-
tion of video shot boundaries.

Section V will throw light on video feature extractions. We address the issues of
providing the semantic structure and generating abstraction of content in news broad-
cast.

Section VI coversvideo information retrieval techniques and presents an up-to-
date overview of various video information retrieval systems. As the rapid technical
advances of multimediacommunication have madeit possible for more and more people
to enjoy videoconferences, important issues unique to personal videoconference and a
comprehensive framework for indexing personal videoconference have been presented.
Then we have dealt with video summarization using human facial information through
face detection and recognition and also a discussion on various issues of video ab-
straction with a new approach to generate it.

The audience for this book would be researchers who are working in these two
fields. Also researchers from other areas who could start-up in these fields could find
the book useful. It could be areference guide for researchers from other related areas as
well. Reading this book can benefit undergraduate and post-graduate students who are
interested in multimedia and video technol ogy.

CHAPTER HIGHLIGHTS

In Chapter I, Video Data Management and Information Retrieval, we present a
basic introduction of the two very important areas of research in the domain of Informa-
tion Technol ogy, namely, video data management and video information retrieval. Both
of these areas still need research efforts to seek solutions to many unresolved prob-
lems for efficient data management and information retrieval. We discuss those i ssues
and relevant work done in these two fields during the last few years.

Chapter I, HYDRA: High-performance Data Recording Architecture for Stream-
ing Media, describes the design for a High-performance Data Recording Architecture
(HYDRA). Presently, digital continuous media(CM) arewell established as an integral
part of many applications. In recent years, a considerable amount of research has
focused on the efficient retrieval of such mediafor many concurrent users. The authors
argue that scant attention has been paid to large-scale servers that can record such
streams in real time. However, more and more devices produce direct digital output
streams either over wired or wireless networks, and various applications are emerging
to make use of them. For example, in many industrial applications, cameras now provide
the meansto monitor, visualize, and diagnose events. Hence, the need arisesto capture
and store these streams with an efficient data stream recorder that can handle both
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recording and playback of many streams simultaneously and provide a central reposi-
tory for all data. With this chapter, the authors present the design of the HYDRA
system, which uses a unified architecture that integrates multi-stream recording and
retrieval in acoherent paradigm, and hence provides support for these emerging appli-
cations.

Chapter |11, Wearable and Ubiquitous Video Data Management for Computa-
tional Augmentation of Human Memory, introduces video data management techniques
for computational augmentation of human memory, i.e., augmented memory, on wear-
able and ubiquitous computers used in our everyday life. The ultimate goal of aug-
mented memory is to enable users to conduct themselves using human memories and
multimedia data seamlessly anywhere, anytime. In particular, auser’s viewpoint video
is one of the most important triggers for recalling past events that have been experi-
enced. We believe designing an augmented memory systemisapractical issuefor real-
world video data management. This chapter also describes a framework for an aug-
mented memory album system named Scene Augmented Remembrance Album (SARA).
Inthe SARA framework, we have devel oped three modulesfor retrieving, editing, trans-
porting, and exchanging augmented memory. Both the Residual Memory module and
the I’m Here! module enable awearer to retrieve video data that he/she wantsto recall
in the real world. The Ubiquitous Memories moduleis proposed for editing, transport-
ing, and exchanging video data viareal-world objects. Lastly, we discuss future works
for the proposed framework and modul es.

Chapter 1V istitled Adaptive Summarization of Digital Video Data. As multime-
dia applications are rapidly spread at an ever-increasing rate, efficient and effective
methodol ogies for organizing and manipulating these data become a necessity. One of
the basic problems that such systems encounter isto find efficient ways to summarize
the huge amount of datainvolved. In this chapter, we start by defining the problem of
key frames extraction then reviewing a number of proposed techniques to accomplish
that task, showing their pros and cons. After that, we describe two adaptive algorithms
proposed in order to effectively select key frames from segmented video shots where
both apply atwo-level adaptation mechanism. These algorithms constitute the second
stage of a Video Content-based Retrieval (VCR) system that has been designed at Old
Dominion University. The first adaptation level is based on the size of the input video
file, while the second level is performed on a shot-by-shot basisin order to account for
the fact that different shots have different levels of activity. Experimental results show
the efficiency and robustness of the proposed algorithms in selecting the near optimal
set of key frames required, to represent each shot.

Chapter V, Very Low Bit-rate Video Coding, presents a contemporary review of
thevarious different strategies availableto facilitate Very Low Bit Rate (VLBR) coding
for video communications over mobile and fixed transmission channels and the Internet.
VLBR mediaistypically classified as having a bit rate between 8 and 64K bps. Tech-
niquesthat are analyzed include Vector Quantization, various parametric model-based
representations, the Discrete Wavelet and Cosine Transforms, and fixed and arbitrary
shaped pattern-based coding. In addition to discussing the underlying theoretical prin-
ciples and relevant features of each approach, the chapter also examines their benefits
and disadvantages together with some of the major challengesthat remain to be solved.
The chapter concludes by providing some judgments on the likely focus of future
researchinthe VLBR coding field.



Chapter V1 istitled Video Biometrics. Biometrics is a technology of fast, user-
friendly personal identification with a high level of accuracy. This chapter highlights
the biometrics technologies that are based on video sequences viz face, eye (iris/
retina), and gait. The basics behind the three video-based biometrics technologies are
discussed along with a brief survey.

Chapter V1l istitled Video Presentation Model. L ecture-on-Demand (L OD) multi-
media presentation technol ogies among the network are most often used in many com-
muni cations services. Examples of those applicationsinclude video-on- demand, inter-
active TV, and the communication tools of a distance learning system, and so on. We
describe how to present different multimedia objects on a web-based presentation
system. Using characterization of extended media streaming technologies, we devel-
oped a comprehensive system for advanced multimedia content production: support
for recording the presentation, retrieving the content, summarizing the presentation,
and customizing the representation. This approach significantly impacts and supports
the multimedia presentation authoring processesin terms of methodol ogy and commer-
cial aspects. Using the browser with the Windows media services allows students to
view live video of the teacher giving his speech, along with synchronized images of his
presentation slides and all the annotations/comments. In our experience, this very
approach is sufficient for use in a distance learning environment.

Chapter VIII is titled Video Shot Boundary Detection. The increasing use of
multimedia streams nowadays necessitates the development of efficient and effective
methodologies for manipulating databases storing this information. Moreover, con-
tent-based access to video data requires in its first stage to parse each video stream
into its building blocks. The video stream consists of a number of shots; each one of
them is a sequence of frames pictured using a single camera. Switching from one
camera to another indicates the transition from a shot to the next one. Therefore, the
detection of these transitions, known as scene change or shot boundary detection, is
the first step in any video analysis system. A number of proposed techniques for
solving the problem of shot boundary detection exist, but the major criticisms of them
aretheir inefficiency and lack of reliability. Thereliability of the scene change detection
stageisavery significant requirement becauseit isthefirst stagein any video retrieval
system; thus, its performance has adirect impact on the performance of all other stages.
On the other hand, efficiency isalso crucial dueto the voluminous amounts of informa-
tion found in video streams.

This chapter proposes a new robust and efficient paradigm capable of detecting
scene changes on compressed MPEG video data directly. This paradigm constitutes
thefirst part of aVideo Content-based Retrieval (VCR) system that has been designed
at Old Dominion University. Initially, an abstract representation of the compressed
video stream, known as the DC sequence, is extracted, then it is used as input to a
Neural Network Module that performs the shot boundary detection task. We have
studied experimentally the performance of the proposed paradigm and have achieved
higher shot boundary detection and lower false alarms rates compared to other tech-
niques. Moreover, the efficiency of the system outperforms other approaches by sev-
eral times. In short, the experimental results show the superior efficiency and robust-
ness of the proposed system in detecting shot boundaries and flashlights (sudden
lighting variation due to camera flash occurrences) within video shots.

Chapter 1X is titled Innovative Shot Boundary Detection for Video Indexing.
Recently, multimediainformation, especially the video data, has been made overwhelm-



ingly accessible with the rapid advancesin communication and multimedia computing
technologies. Video is popular in many applications, which makes the efficient manage-
ment and retrieval of the growing amount of video information very important. To meet
such ademand, an effective video shot boundary detection method is necessary, which
isafundamental operation required in many multimediaapplications. In this chapter, an
innovative shot boundary detection method using an unsupervised segmentation al-
gorithm and the technique of object tracking based on the segmentation mask mapsis
presented. A series of experiments on various types of video are performed and the
experimental results show that our method can obtain object-level information of the
video frames as well as accurate shot boundary detection, which are both very useful
for video content indexing.

In Chapter 10, A Soft-Decision Histogram from the HSV Color Space for Video
Shot Detection, we describe a histogram with soft decision using the Hue, Saturation,
and Intensity (HSV) color space for effective detection of video shot boundaries. In the
histogram, we choose relative importance of hue and intensity depending on the satu-
ration of each pixel. In traditional histograms, each pixel contributesto only one com-
ponent of the histogram. However, we suggest a soft decision approach in which each
pixel contributes to two components of the histogram. We have done a detailed study
of the various frame-to-frame distance measures using the proposed histogram and a
Red, Green, and Blue (RGB) histogram for video shot detection. The results show that
the new histogram has a better shot detection performance for each of the distance
measures. A web-based application has been developed for video retrieval, which is
freely accessible to the interested users.

Chapter 11, News Video Indexing and Abstraction by Specific Visual Cues: MSC
and News Caption, addresses the tasks of providing the semantic structure and gener-
ating the abstraction of content in broadcast news. Based on extraction of two specific
visual cues— Main Speaker Close-Up (MSC) and news caption, a hierarchy of news
video index isautomatically constructed for efficient accessto multi-level contents. In
addition, a unique M SC-based video abstraction is proposed to help satisfy the need
for news preview and key persons highlighting. Experiments on news clipsfrom MPEG-
7 video content setsyield encouraging results, which prove the efficiency of our video
indexing and abstraction scheme.

Chapter XII is titled An Overview of Video Information Retrieval Techniques.
Video information retrieval iscurrently avery important topic of research in the area of
multimedia databases. Plenty of research has been undertaken in the past decade to
design efficient video information retrieval techniques from the video or multimedia
databases. Although a large number of indexing and retrieval techniques has been
developed, there are still no universally accepted feature extraction, indexing, and re-
trieval techniques available. In this chapter, we present an up-to-date overview of
various video information retrieval systems. Sincethe volume of literature availablein
the field is enormous, only selected works are mentioned.

Chapter X111 istitled A Framework for Indexing Personal Videoconference. The
rapid technical advance of multimediacommunication has enabled more and more people
to enjoy videoconferences. Traditionally, the personal videoconference is either not
recorded or only recorded as ordinary audio and video files, which only allow the linear
access. Moreover, besides video and audio channels, other videoconferencing chan-
nels, including text chat, file transfer, and whiteboard, also contain valuable informa-
tion. Therefore, it isnot convenient to search or recall the content of videoconference
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from the archives. However, there exists little research on the management and auto-
matic indexing of personal videoconferences. The existing methods for video indexing,
lecture indexing, and meeting support systems cannot be applied to personal
videoconference in a straightforward way. This chapter discusses important issues
unique to personal videoconference and proposes a comprehensive framework for
indexing personal videoconference. The framework consists of three modules:
videoconference archive acquisition module, videoconference archive indexing mod-
ule, and indexed videoconference accessing module. This chapter will elaborate on the
design principles and implementation methodologies of each module, as well as the
intra- and inter-modul e data and control flows. Finally, this chapter presents a subjec-
tive evaluation protocol for personal videoconference indexing.

Chapter X1V istitled Video Abstraction. The volume of video datais significantly
increasing in recent years due to the widespread use of multimedia applicationsin the
areas of education, entertainment, business, and medicine. To handle this huge amount
of data efficiently, many techniques have emerged to catalog, index, and retrieve the
stored video data, namely, video boundary detection, video database indexing, and
video abstraction. The topic of this chapter is Video Abstraction, which deals with
short representation of an original video and helps to enable the fast browsing and
retrieving of the representative contents. A general view of video abstraction, its re-
lated works, and a new approach to generate it are discussed in this chapter.

In Chapter XV, Video Summarization Based on Human Face Detection and Rec-
ognition, we have dealt with video summarization using human facial information through
the face detection and recognition. Many efforts of face detection and face recognition
are introduced, based upon both theoretical and practical aspects. Also, we describe
the real implementation of video summarization system based on face detection and
recognition.
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ABSTRACT

Inthischapter, we present a basic introduction to two very important areas of research
in the domain of Information Technology, namely, video data management and video
information retrieval. Both of these areas need additional research efforts to seek
solutionsto many unresolved problemsfor efficient data management and information
retrieval. We discuss those issues and relevant works done so far in these two fields.

INTRODUCTION

Anenormousamount of video dataisbeing generated thesedaysall over theworld.
Thisrequiresefficient and effective mechanismsto store, access, andretrievethesedata.
But the technology developed to date to handle those issues is far from the level of
maturity required. Video data, as we know, would contain image, audio, graphical and
textual data.

The first problem is the efficient organization of raw video data available from
various sources. There has to be proper consistency in data in the sense that data are
to be stored in a standard format for access and retrieval. Then comes the issue of
compressing the datato reduce the storage spacerequired, sincethedatacould bereally
voluminous. Also, various features of video data have to be extracted from low-level
featureslike shape, color, texture, and spatial relationsand stored efficiently for access.

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of ldea Group Inc. is prohibited.
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The second problem isto find efficient access mechanisms. To achievethe goal of
efficient access, suitableindexingtechniqueshaveto bein place. Indexing based on text
suffersfrom the problem of reliability asdifferent individual can analyze the same data
from different angles. Also, this procedure is expensive and time-consuming. These
days, the most efficient way of accessing video dataisthrough content-based retrieval,
but thistechnique hastheinherent problem of computer perception, asacomputer lacks
thebasic capability availableto ahuman being of identifying and segmenting aparticul ar
image.

Thethird problem istheissue of retrieval, where theinput could comein theform
of a sample image or text. The input has to be analyzed, available features have to be
extracted and then similarity would have to be established with the images of the video
datafor selection and retrieval.

Thefourth problemistheeffectiveand efficient datatransmission through network-
ing, whichisaddressed through Video-on-Demand (VoD) and Quality of Service(QoS).
Also, there is the issue of data security, i.e., data should not be accessible to or
downloadable by unauthorized people. Thisisdealt with by watermarking technology
which is very useful in protecting digital data such as audio, video, image, formatted
documents, and three-dimensional objects. Thentherearetheissuesof synchronization
andtimeliness, whicharerequired to synchronizemultipleresourceslikeaudio and video
data. Reusability isanother issue where browsing of objects givesthe usersthefacility
to reuse multimediaresources.

Thefollowing section, Related | ssues and Relevant Works, addresses these i ssues
briefly and ends with asummary.

RELATED ISSUES AND RELEVANT WORKS

Video Data Management

Withtherapid advancement and devel opment of multimediatechnology during the
last decade, the importance of managing video data efficiently has increased tremen-
dously. To organize and store video data in a standard way, vast amounts of data are
being convertedtodigital form. Becausethevolumeof dataisenormous, the management
and manipulation of data have become difficult. To overcome these problems and to
reduce the storage space, data need to be compressed. M ost video clips are compressed
into a smaller size using a compression standard such as JPEG or MPEG, which are
variable-bit-rate (VBR) encoding algorithms. The amount of dataconsumed by aVBR
video stream varieswithtime, and when coupled with striping, resultsinload imbal ance
acrossdisks, significantly degrading theoverall server performance (Chew & Kankanhalli,
2001; Ding Huang, Zeng, & Chu, 2002; ISO/IEC 11172-2; ISO/IEC 13818-2). Thisisa
current research issue.

In video datamanagement, performance of the database systemsisvery important
soastoreducethequery executiontimetotheminimum (Chan& Li, 1999; Chan & Li, 2000;
Si,Leong, Lau, & Li, 2000). Because object query hasamajor impact on the cost of query
processing (Karlapalem& Li, 1995; Karlapalem & Li, 2000), oneof thewaystoimprove
the performance of query processing is through vertical class partitioning. A detailed

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of Idea Group Inc. is prohibited.
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cost model for query execution through vertical class partitioning has been devel oped
(Fung, Lau, Li,Leong, & Si, 2002).

Video-on-Demand systems (VoD), which provide services to users according to
their conveniences, have scalability and Quality of Service (QoS) problems because of
the necessity to serve numerous requests for many different videos with the limited
bandwidth of the communication links, resulting in end-to-end delay. To solve these
problems, two procedures have been in operation, scheduled multicast and periodic
broadcast. In the first one, a set of viewers arriving in close proximity of time will be
collected and grouped together, whereas in the second one, the server uses multiple
channels to cooperatively broadcast one video and each channel is responsible for
broadcasting some portions of the video (Chakraborty, Chakraborty, & Shiratori, 2002;
Yang & Tseng, 2002). A scheduled multicast scheme based on a time-dependent
bandwidth allocation approach, Trace-Adaptive Fragmentation (TAF) schemefor peri-
odic broadcast of Variable-Bit-Rate (VBR) encoded video, and a L oss-L ess and Band-
width-Efficient (LLBE) protocol for periodic broadcast of VBR video have been presented
(Li,2002). Bit-PlaneMethod (BPM) isastraightforward method toimplement progressive
image transmission, but its reconstructed image quality at each beginning stage is not
good. A simple prediction method to improvethe quality of the reconstructed imagefor
BPM at each beginning stageis proposed (Chang, Xiao, & Chen, 2002).

The abstraction of along video is quite often of great use to the usersin finding
out whether it issuitable for viewing or not. It can provide usersof digital librarieswith
fast, safe, and reliable access of video data. There are two ways available for video
abstraction, namely, summary sequences, which give an overview of the contents and
are useful for documentaries, and highlights, which contain most interesting segments
and are useful for movie trailers. The video abstraction can be achieved in three steps,
namely, analyzing video to detect salient features, structures, patterns of visual infor-
mation, audio and textual information; sel ecting meaningful clipsfrom detected features,
and synthesizing selected video clipsinto the final form of the abstract (Kang, 2002).

With the enormous volume of digital information being generated in multimedia
streams, results of queries are becoming very voluminous. As a result, the manual
classification/annotationintopic hierarchiesthroughtext createsaninformation bottle-
neck, and it is becoming unsuitable for addressing users’ information needs. Creating
and organizing a semantic description of the unstructured data is very important to
achieve efficient discovery and access of video data. But automatic extraction of
semantic meaning out of video data is proving difficult because of the gap existing
between low-level features like color, texture, and shape, and high-level semantic
descriptionsliketable, chair, car, house, and so on (Zhou & Dao, 2001). Thereisanother
work that addresses the issue of the gap existing between low-level visual features
addressing the more detailed perceptual aspects and high-level semantic features
underlying the more general aspects of visual data. Although plenty of research works
have been devoted to this problem to date, the gap still remains (Zhao et al ., 2002). L uo,
Hwang, and Wu (2003) have presented a scheme for object-based video analysis and
interpretation based on automatic video object extraction, video object abstraction, and
semantic event modeling .

For datasecurity agai nst unauthorized accessand downl oading, digital watermarking
techniques have been proposed to protect digital data such asimage, audio, video, and

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
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text (Lu, Liao, Chen, & Fan, 2002; Tsai, Chang, Chen, & Chen, 2002). Since digital
watermarking techniquesprovideonly acertain level of protection for music scoresand
suffer several drawbackswhen directly applied toimagerepresentationsof sheet music,
new solutions have been devel oped for the contents of music scores (Monsignori, Nesi,
& Spinu, 2003).

Synchronization is a very important aspect of the design and implementation of
distributed video systems. To guarantee Quality of service (QoS), both temporal and
spatial synchronization related to the processing, transport, storage, retrieval, and
presentation of sound, still images, and video dataare needed (Courtiat, de Oliveira, &
daCarmo, 1994; Lin, 2002).

Reusability of database resources is another very important area of research and
playsasignificant partinimprovingtheefficiency of thevideo datamanagement systems
(Shih, 2002). An example of how reusability worksisthe browsing of objectswherethe
user specifies certain requirements to retrieve objects and few candidate objects are
retrieved based on those requirements. The user then can reuse suitable objectstorefine
the query and in that process reuse the underlying database resources that initially
retrieved those images.

Video Information Retrieval

For efficient videoinformationretrieval, video datahasto be manipul ated properly.
Four retrieval techniques are: (1) shot boundary detection, where a video stream is
partitioned into various meaningful segments for efficient managing and accessing of
video data; (2) key frames selection, where summarization of information in each shot
isachieved through sel ection of arepresentative frame that depictsthe variousfeatures
contained withinaparticular shot; (3) low-level featureextractionfromkey frames, where
color, texture, shape, and motion of objects are extracted for the purpose of defining
indicesfor the key frames and then shots; and (4) information retrieval, where a query
in the form of input is provided by the user and then, based on this input, a search is
carried out through the database to establish symmetry with the information in the
database (Farag & Abdel-Wahab, 2003).

Content-based image retrieval, which is essential for efficient video information
retrieval, isemerging asanimportant research areawith applicationtodigital librariesand
multimedia databases using low-level features like shape, color, texture, and spatial
locations. In one project, Manjunath and Ma (1996) focused on the image processing
aspectsand, in particular, using texture information for browsing and retrieval of large
image data. They propose the use of Gabor wavelet features for texture analysis and
provides a comprehensive experimental evaluation. Comparisons with other multi-
resolution texture features using the Brodatz texture database indicate that the Gabor
features provide the best pattern retrieval accuracy. An application for browsing large
air photos is also illustrated by Manjunath and Ma.

Focusing has been given to the use of motion analysis to create visual represen-
tations of videosthat may be useful for efficient browsing and indexingin contrast with
traditional frame-oriented representations. Two major approaches for motion-based
representationshave been presented. Thefirst approach demonstrated that dominant 2D
and 3D motion techniques are useful in their own right for computing video mosaics
through the computation of dominant scene motion and/or structure. However, thismay
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not be adequate if object-level indexing and manipulation are to be accomplished
efficiently. The second approach presented addresses this issue through simultaneous
estimation of an adequate number of simple 2D motion models. A unified view of thetwo
approaches naturally follows from the multiple model approach: the dominant motion
method becomesaparticul ar case of the multi ple motion method if the number of models
isfixed to be one and only the robust EM algorithm without the MDL stage employed
(Sawhney & Ayer, 1996).

The problem of retrieving images from alarge database is al so addressed using an
imageasaquery. Themethod isspecifically aimed at databasesthat storeimagesin JPEG
format and worksin the compressed domain to createindex keys. A key isgenerated for
each image in the database and is matched with the key generated for the query image.
The keys are independent of the size of the image. Images that have similar keys are
assumed to besimilar, but thereisno semantic meaningtothesimilarity (Shneier & Abdel-
Mottaleb, 1996). Another paper providesastate-of-the-art account of Visual Information
Retrieval (VIR) systemsand Content-Based Visual Information Retrieval (CBVIR) sys-
tems (Marques & Furht, 2002). It provides directionsfor future research by discussing
major concepts, system design issues, research prototypes, and currently available
commercial solutions. Then a video-based face recognition system by support vector
machines is presented. Marques and Furht used Stereovision to coarsely segment the
faceareafromitsbackground and then used amultiple-rel ated templ ate matching method
to locate and track the face areain the video to generate face samples of that particular
person. Face recognition algorithms based on Support V ector Machines of which both
“1vs. many” and “1vs. 1" strategies are discussed (Zhuang, Ai, & Xu, 2002).

SUMMARY

A general introduction to the subject areaof thebook hasbeen giveninthischapter.
Anaccount of state-of-the-art video datamanagement and informationretrieval hasbeen
presented. Also, focuswasgivento specific current problemsin both of thesefieldsand
the research efforts being made to solve them. Some of the research works donein both
of these areas have been presented as examples of the research being conducted.
Together, these should provide a broad picture of the issues covered in this book.
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Chapter I 1

HYDRA:

High-performance
Data Recording Architecture
for Streaming Media?

Roger Zimmermann, University of Southern California, USA
Kun Fu, University of Southern California, USA

Dwipal A. Desai, University of Southern California, USA

ABSTRACT

This chapter describesthe design for High-performance Data Recording Architecture
(HYDRA). Presently, digital continuous media (CM) are well established as an
integral part of many applications. Inrecent years, a considerableamount of research
has focused on the efficient retrieval of such media for many concurrent users. The
authorsargue that scant attention has been paid to large-scal e serversthat can record
such streams in real time. However, more and more devices produce direct digital
output streams, either over wired or wireless networks, and various applications are
emer ging to make use of them. For example, cameras now provide the meansin many
industrial applications to monitor, visualize, and diagnose events. Hence, the need
arisesto captureand storethese streamswith an efficient data streamrecorder that can
handle both recording and playback of many streams simultaneously and provide a
central repository for all data. With this chapter, the authors present the design of the
HYDRA system, which usesaunified ar chitectur ethat integrates multi-streamrecording
and retrieval in a coherent paradigm, and hence provides support for these emerging
applications.
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INTRODUCTION

Presently, digital continuousmedia(CM) arewell established asanintegral part of
many applications. Two of themain characteristicsof suchmediaarethat (1) they require
real-timestorageand retrieval, and (2) they require high bandwidths and space. Over the
last decade, a considerable amount of research has focused on the efficient retrieval of
such mediafor many concurrent users. Algorithmsto optimize such fundamental issues
as data placement, disk scheduling, admission control, transmission smoothing, etc.,
have been reported in the literature.

Almost without exception, these prior research effortsassumed that the CM streams
werereadily available as files and could be loaded onto the servers offline without the
real-time constraintsthat the complementary streamretrieval required. Thisiscertainly
a reasonable assumption for many applications where the multimedia streams are
produced offline (e.g., movies, commercials, educational lectures, etc.). In such an
environment, streamsmay originally be captured onto tapeor film. Sometimesthetapes
store analog data (e.g., VHS video) and sometimes they store digital data (e.g., DV
camcorders). However, the current technological trends are such that more and more
sensor devices (e.g., cameras) can directly produce digital data streams. Furthermore,
some of these new devices are network-capable, either via wired (SDI, Firewire) or
wireless (Bluetooth, IEEE 802.11x) connections. Hence, the need arisesto capture and
storethese streamswith an efficient datastream recorder that can handle both recording
and playback of many streams simultaneously and provide a central repository for all
data.

The applications for such a recorder start at the low end with small, personal
systems. For example, the “digital hub” in the living room envisioned by several
companieswill, in the future, go beyond recording and playing back a single stream as
iscurrently done by TiVo and ReplayTV units (Wallich, 2002). Multiple camcorders,
receivers, televisions, and audio amplifierswill all connect to the digital hub to either
store or retrieve data streams. At the higher end, movie production will moveto digital
camerasand storage devices. For example, GeorgelLucas’ “ Star Wars: Episodell, Attack
of the Clones” was shot entirely with high-definition digital cameras (Huffstutter &
Healey, 2002). Additionally, there are many sensor networks that produce continuous
streams of data. For example, NASA continuously receives data from space probes.
Earthquake and weather sensors produce data streams as do Web sites and telephone
systems. Table 1illustrates a sampling of continuous mediatypeswith their respective
bandwidth requirements.

In this chapter, we outline the design issues that need to be considered for large-
scaledatastreamrecorders. Our goal wasto produceaunified architecturethat integrates
multi-stream recording and retrieval in acoherent paradigm by adapting and extending
proven algorithmswhereapplicableandintroducing new conceptswhere necessary. We
termthisarchitectureHY DRA: High-performance DataRecording Architecture.

Multi-disk continuous media server designs can largely be classified into two
different paradigms: (1) Datablocksare stripedinaround-robin manner acrossthedisks
and blocksareretrievedin cyclesor roundson behalf of all streams; and (2) Datablocks
areplacedrandomly acrossall disksand thedataretrieval isbased on adeadlinefor each
block. Thefirst paradigm attemptsto guarantee theretrieval or storage of all data. Itis
often referred to as deterministic. With the second paradigm, by its very nature of
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Table 1. A sampling of different media types and their respective data transmission
rates

Media Type Specifications Data Rate
(per second)
CD-quality audio 2 channels, 16-bit samples 1.4 Mbl/s
at 44,100 kHz

MPEG-2 encoded video | NTSC-quality (720x480) 4to 8 Mbls
MPEG-2 encoded video | HDTV-quality (1920x1080) | 19.4 Mb/s

DV NTSC-quality (720x480) 25t0 36 Mb/s
DVCPRO50 NTSC-quality (720x480) 50 Mb/s
DVCPROHD HDTV-quality (1920x1080) | 100 Mb/s
HDCAM HDTV-quality (1920x1080) | 135 Mb/s

randomly assigning blocksto disks, no absolute guarantees can be made. For example,
a disk may briefly be overloaded, resulting in one or more missed deadlines. This
approach is often called statistical.

One might at first be tempted to declare the deterministic approach intuitively
superior. However, the statistical approach has many advantages. For example, the
resource utilization achieved can be much higher because the deterministic approach
must useworst casevaluesfor all parameters, such as seek times, disk transfer rates, and
stream data rates, whereas the statistical approach may use average values. Moreover,
the statistical approach can be implemented on widely available platforms such as
Windowsor Linux that do not provide hard real-time guarantees. It also lendsitself very
naturally to supporting avariety of different mediatypesthat requiredifferent datarates
— both constant (CBR) and variable (VBR) — aswell asinteractive functions such as
pause, fast-forward, and fast-rewind. Finally, it has been shown that the performance of
a system based on the statistical method is on par with that of a deterministic system
(Santos, Muntz, & Ribeiro-Neto, 2000).

For thesereasons, we base our architectural design on astatistical approach. It has
been shown that the probability of missed deadlines in such a system follows roughly
an exponential curve. Hence, avery low stream hiccup probability can be achieved up
to acertain system utilization (say 80%). By the sametokenitisvery important to know
how every additional stream will affect the system utilization. Consequently, one of the
maj or design featuresof our architectureisacomprehensive admission control algorithm
that enables an accurate calculation of the stream hiccup probability and system
utilization.

The design goals of our architecture can be summarized as follows:

. Providesupport for thereal -time recording of multiple, concurrent streamsthat are
of various mediatypes. For exampl e, streamsmay bereceived at different average
bit ratesand beencoded with constant (CBR) or variablebit rate (V BR) techniques.

. Provide support for the synchronized recording of multiple streams.

. Beamodular, scalable architecture.

. Use unified algorithms (e.g., data placement and scheduling) that can accommo-
date both recording and playback simultaneously in any combination with low
latency.
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The organization of this chapter is as follows. The next section, Related Work,
relates our work to prior research and commercial systems. The section, Architecture
Design, presents our proposed architecture and describes many of the relevant issues.
Furthermore, we present some preliminary algorithmsfor admission control, dataplace-
ment, and disk scheduling. The Conclusion contains remarks about our future plans.

RELATED WORK

This chapter details the design of a unified systems architecture. Therefore, it
relates to a considerable number of research topics. Several of the issues that we were
faced with have been addressed by themselves in academic research. Rather than list
them here, wewill point to the prior academicresearchinthesectionswheretherelevant
issues are discussed.

TheMulticast MultimediaConference Recorder (MM CR) (Lambrinos, Kirstein, &
Hardman, 1998) probably is the most related to our architecture. The purpose of this
project was to capture and play back multicast (MBone) sessions. The authors list a
number of interesting and relevant issues for such systems. They focus more on the
higher level aspects such as indexing and browsing the available sessions, while
assuming only a small number of concurrent sessions. Our design, on the other hand,
isspecifically concerned with ascal able, high performancearchitecturewhereresources
(memory, disk space, and bandwidth) need to be carefully scheduled.

Therearealso commercial systemsavailablethat relateto our design. Weclassify
them into the following three categories:

1  Streamingmediasystems(e.g., Microsoft’ sWindowsMedia, Apple’ sQuickTime,
and RealNetwork’s RealOne). These systems are optimized for streaming of
previously (offline) stored content. Someof themalsoallow real- timelive stream-
ing(i.e., forwardingwithnorecording). They aredesigned for multi-user accessand
multiple mediatypes. They cannot usually take advantage of a cluster of server
nodes.

2 Personal videorecorders(PVR). For example, the TiVoand Replay TV modelsand
the SnapStream software. These systems allow real-time recording and playback
of standard broadcast quality video. Some of their limitations are that they are
designed assingle-user systems. Furthermore, they are optimized for asinglemedia
type (NTSC/PAL/SECAM video with two channels of audio). Local playback is
supported, and with newer model sfile sharingisenabled over anetwork. However,
they do not provide streaming playback over a network.

3 Editing systems and broadcast servers. These systems are the professional
cousins of the PVRs. They are used for the production and distribution of video
content (e.g., to TV stations), and they are designed to interface via professional
I/0O standards (usually not Ethernet). Their use is for local environments, not
distributed streaming setups. Most of thetimethey handle only afew mediatypes
and one (or afew) streamsat atime. Their special purpose hardware and elaborate
control interfacesto other studio equipment placesthem into aprice category that
makes them not cost-effective for use asamore general purpose stream recorder.
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Asindicated, none of these categories encompasses the full functionality that we
envision. Each one of them only provides a subset of the desired functionalities.

ARCHITECTURE DESIGN

Figurelillustratesthe architecture of ascal able data stream recorder operatingin
an | P network environment. Multiple, geographically distributed sources, for example,
video cameras, microphones, and other sensors, acquiredatainreal time, digitizeit, and
send it to the stream recorder. We assume that the source devices include a network

Figure 1. Data Stream Recorder Architecture (Multiple source and rendering devices
areinterconnected viaan I P infrastructure. Therecorder functionsasadatarepository
that receives and plays back many streams concurrently. Note, playback streams are
not shown to simplify the diagram.)
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interfaceand that thedatastreamsaretransmitted in discrete packets. A suitableprotocol
for audio and video data traffic would be the Real-time Transport Protocol (RTP)
(Schulzrinne, Casner, Frederick, & Jacobson, 1996) on top of the Universal Datagram
Protocol (UDP). The client-recorder dialog that includes control commands such as
record, pause, resume, and stop is commonly handled via the Real-time Streaming
Protocol (RTSP) (Schulzrinne, Rao, & Lanphier, 1998).

The data stream recorder includes two interfacesto interact with data sources: (1)
a session manager to handle RTSP communications, and (2) multiple recording gate-
ways to receive RTP data streams. A data source connects to the recorder by initiating
an RT SP session with the session manager, which performsthefollowing functions: (1)
admission control for new streams, (2) maintai ning RT SP sessionswith sources, and (3)
managing the recording gateways. As part of the session establishment, the data source
recei vesdetailed information about which recording gateway will handleitsdatastream.
Mediapacketsarethen sent directly to thisdesignated gateway, bypassing the manager.
Multiplerecording gatewaysare supported by each stream recorder, providing scal ability
to alarge number of concurrent streams and removing the bottleneck caused by having
asingle entry point for all packets. Specifically, each recording gateway performs the
following functions: (1) handling of errors during transmissions, (2) timestamping of
packets (see section on Packet Timestamping), (3) packet-to-storage-node assignment
and routing, and (4) storage node coordination and communication. A recording gateway
forwardsincoming data packets to multiple storage nodes. Each storage node manages
oneor morelocal disk storagedevices. Thefunctionsperformedinthestoragenodesare
(1) packet-to-block (P2B) aggregation, (2) memory buffer management, (3) block data
placement on each storage device, (4) real-time disk head scheduling, and (5) retrieval
scheduling for outgoing streams.

Some of these functions are al so present in aplayback-only system. However, the
recording of streams requires new approaches or modifications of existing algorithms.
Hereisasummary of features of this architecture.

i Multi-node, multi-disk cluster architectureto provide scal ability.

i Multiple recording gateways to avoid bottlenecks due to single-point recording.

i Random data placement for the following operations: block-to-storage node
assignment, block placement within the surface of a single disk, and optionally
packet-to-block assignment. Theseresult in the harnessing of theaveragetransfer
rate for multi-zone disk drivesand improve scal ability.

i Unified model for disk scheduling: deadline-driven datareading and writing (fixed
block sizesreduce complexity of file system).

i Unified memory management with ashared buffer pool for both reading and writing.

i Statistical admission control to accommodate variablebit rate (VBR) streamsand
multi-zonedisk drives.

Wewill now discusseach functioninturn. Thediscussion of theadmission control
algorithm is deferred to the Admission Control Section because it is an overarching
component that relies on many of the other concepts that will be introduced first.
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Session M anagement

TheReal-Time Streaming Protocol (RTSP) providesawell-defined set of commands
for managing recording sessions. Figure 2 shows a sample RTSP request-response
exchange for establishing a recording with one audio and one video stream. Once an
RTSP session is successfully set up, the session manager informs the recording
gateways of session details such as port numbers, expected bandwidth, etc.

Figure 2. Sample RTSP request-response exchange to establish a recording session
(S—source, R—recorder)

S->R:

ANNOUNCE rtsp://imsc.usc.edu/openhouse RTSP/1.0
CcCSeg: 90

Content-Type: application/sdp

Content-Length: 121

s=IMSC Open House Demo

u=http://imsc.usc.edu

t=3080271600 3080703600

R->8S:
RTSP/1.0 200 OK
CcCSeg: 90

S->R:

SETUP rtsp://imsc.usc.edu/openhouse/audiotrack
RTSP/1.0

CSeqg: 91

Transport:
RTP/AVP;multicast;destination=10.1.1.1;port=21010-
21011;mode=record;ttl=127

R->S:

RTSP/1.0 200 OK

CSeqg: 91

Session: 50887676

Transport:
RTP/AVP;multicast;destination=10.0.1.1;port=21010-
21011 ;mode=record;ttl=127

S->R:

SETUP rtsp://imsc.usc.edu/openhouse/videotrack
RTSP/1.0

CSeg: 92

Session: 50887676

Transport:
RTP/AVP;multicast;destination=10.1.1.2;port=61010-
61011;mode=record;ttl=127

R->8S:
RTSP/1.0 200 OK
CSeqg: 92

Transport:
RTP/AVP;multicast;destination=10.1.1.2;port=61010-
61011;mode=record;ttl=127

S->R:

RECORD rtsp://server.example.com/meeting RTSP/1.0
CSeg: 93

Session: 50887676

Range: clock=19961110T1925-19961110T2015

R->8S:
RTSP/1.0 200 OK
CSeqg: 93
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Recording Gateway Management

The recording gateways are the media stream entry pointsinto the recorder. Each
gateway maintainsitsown available network bandwidth. Different streamsareassigned
to different gateways based on the current workload and the resources available. The
session manager informs a gateway whenever anew stream is assigned to it (gateways
ignore packetsthat do not havearecognized session | D). If asessionispaused, resumed,
or stopped, the gateway is also notified by the session manager.

As part of the stream admission control, the session manager is aware of the
resourceutilization of every gateway. A newly entering stream must announce how much
bandwidth it expectsto use, and the session manager will assignit tothe most appropriate
gateway. In turn, the gateway will allocate the necessary resources to the incoming
stream so that there is no loss of data because of resource over-utilization.

Transmission Error Recovery

Therecorder architectureacceptsdataintheform of RTP packets, which areusually
based on UDP datagrams. UDPisabest-effort delivery mechanismand doesnot provide
any guarantees to ensure packet delivery. Since we may be recording content from an
original source, lost packetsare not acceptable asthey will be permanently missing from
the stored data. There are a number of methods to minimize losses during packet
transmission, such as Forward Error Control (FEC) and Retransmission Based Error
Control (RBEC) (Zimmermann, Fu, Nahata, & Shahabi, 2003). HY DRA usesaformof a
selective retransmission protocol that is optimized for recording.

Packet Timestamping

With continuous data streams, packets need to be timestamped such that the
temporal relationship between different parts of a stream can be preserved and later
reproduced (intra-stream synchronization). Such timestamps also help to establish the
synchronization between multiple streams (inter-stream synchronization).

Packets may be timestamped directly at the source. In that case, intra-stream
synchronizationwill not beaffected by any network jitter that astream experiencesduring
its network transmission to the recorder. However, inter-stream synchronization with
other data originating from geographically different locations requires precise clock
synchronization of all locations. One possible solution isto use clock information from
Global Positioning System (GPS) receiversif very precisetimingisneeded (intheorder
of microseconds). For synchronization in the order of tens of milliseconds, a solution
such as the network time protocol (NTP) may suffice.

If packets are timestamped once they reach the data recorder, then the temporal
relationshipisestablished between packetsthat arrive concurrently. Hence, if Stream A
has a longer transmission time than Stream B, the time difference will be implicitly
recorded, and if the transmission delays are not identical during playback, then any
combined rendering of A+B will be out-of-sync. Furthermore, with this approach any
packet jitter that wasintroduced by the network will be permanently recorded as part of
thestream. For thesereasons, it ispreferableto timestamp packetsdirectly at the source.

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of Idea Group Inc. is prohibited.



HYDRA 17

Packet-to-Block Aggregation

We discuss packet-to-block aggregation before the packet-to-storage-node as-
signment in the section, Block-to-Storage-Node A ssignment, even though thetwo steps
happen in reversed order in the actual system. However, we believe that from a
conceptual point of view the discussion will be easier to understand.

Packet-switched networkssuch asthelnternet generally userelatively small quanta
of data per packet (for example, 1400 bytes). On the other hand, magnetic disk drives
operate very inefficiently when dataisread or written in small amounts. Thisisdueto
the fact that disk drives are mechanical devices that require a transceiver head to be
positioned in the correct location over a spinning platter before any data can be
transferred. Figure 3ashowstherel ative overhead experienced with acurrent generation
disk drive (Seagate Cheetah X15) as a function of the retrieval block size. The disk
parameters used are shown in Table 2. The overhead was calculated based on the seek

Figure 3. Disk characteristicsof a high performance disk drive [ Seagate Cheetah X15,
seeTable2) (Thetransfer ratevariesin different zones. Because of thevery hightransfer
rates, a considerably large block size is required to achieve a reasonable bandwidth
utilization (i.e., low overhead).]
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Figure3a. Overhead intermsof seektime Figure 3b. Maximum read and write

and rotational latency as a percentage of rate in different areas (also called

thetotal retrieval time, whichincludesthe zones) of the disk. The write bandwidth

block transfer time. is up to 30% less than the read
bandwidth.

Table 2. Parameters for a current high performance commercial disk drive

Model ST336752LC
Series Cheetah X15
Manufacturer Seagate Technology, LLC
Capacity C 37GB

Transfer rate RD See Figure 3
Spindle speed 15,000 rpm

Avg. rotational latency 2 msec

Worst case seek time =7 msec

Number of ZonesZ 9
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time needed to traverse half of the disk’ ssurface plusthe averagerotational latency. As
illustrated, only large block sizes beyond one or two megabytes allow a significant
fraction of the maximum bandwidth to be used (the fraction is also called effective
bandwidth). Consequently, incoming packets need to be aggregated into larger data
blocksfor efficient storage and retrieval. There are two waysthis can be accomplished.

i Sequential: With this scheme, incoming packets are aggregated in sequenceinto
blocks. For example, if m packets fit into one block then the receiver routing
algorithmwill send msequential packetsto onenode before selecting another node
asthe target for the next m packets. Asaresult, each block contains sequentially
numbered packets. Theadvantage of thistechniqueisthat only onebuffer at atime
per stream needs to be available in memory across all the storage nodes.

i Random: With thisscheme, each incoming packet israndomly assigned to one of
the storage nodes, where they are further collected into blocks. One advantage of
thistechniqueisthat during playback dataissent randomly from all storage nodes
atthegranularity of apacket. Therefore, load-balancingisachieved at asmall data
granularity. The disadvantage is that one buffer per node needsto be allocated in
memory per stream. Furthermore, thelatency until thefirst datablock can bewritten
to astorage deviceisabout N timeslonger than in the sequential case, whereN is
the number of storage nodes.

1
Generally, the advantage of needing only N timesthe memory for the sequential

case outweighs the load-balancing advantages of random. When many streams are
retrieved simultaneously, load balancing with the sequential approach (i.e., at the
granularity of a block) should be sufficient. We plan to quantify the exact trade-offs
between these two techniques as part of our future work.

Block-to-Storage-Node Assignment

To present asingle point of contact for each streaming source, packetsarecollected
at arecording gateway as indicated earlier. However, to ensure load balancing, these
packets need to be distributed across all the storage nodes. Storing individual packets
is very inefficient, and hence they need to be aggregated into larger data blocks as
described in the Packet-to-Block Aggregation Section.

Oncethedataiscollected into blocks, there are two basic techniquesto assign the
data blocks to the magnetic disk drives that form the storage system: in around-robin
sequence (Berson, Ghandeharizadeh, Muntz, & Ju, 1994), or inarandommanner (Santos
& Muntz, 1998). Traditionally, theround-robin placement utilizesacycle-based approach
to scheduling of resources to guarantee a continuous display, while the random
placement utilizes a deadline-driven approach. There has been extensive research
investigating both techniquesin the context of continuous mediastreamretrievals. The
basic characteristics of thesetechniquesstill apply with amixed workload of reading and
writing streams.

In general, the round-robin/cycle-based approach provides high throughput with
littlewasted bandwidth for video objectsthat are stored and retrieved sequentially (e.g.,
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a feature-length movie). Block retrievals can be scheduled in advance by employing
optimized disk scheduling algorithms (such as elevator [Seltzer, Chen, & Ousterhout,
1990]) during each cycle. Furthermore, theload i mposed by adisplay isdistributed evenly
across all disks. However, theinitial startup latency for an object might be large under
heavy load because the disk on which the starting block of the object resides might be
busy for several cycles. Additionally, supporting variablebit rate streamsandinteractive
operations such as pause and resume are complex to implement. The random/deadline-
driven approach, on the other hand, naturally supports interactive functions and VBR
streams. Furthermore, the startup latency isgenerally shorter, making it moresuitablefor
areal-timestreamrecorder.

i Block Size: The block size to use in a continuous media server is usually
determinedin oneof twoways: () the block sizerepresentsaconstant datalength
(CDL) or (b) theblock sizerepresentsaconstant timelength (CTL). With CTL, the
size in bytes varies if the media stream is encoded with a variable bit rate.
Conversely, with CDL, theamount of playback time per block isvariable. A system
that utilizes acycle-based scheduling technique workswell with CTL, whereasa
deadline-driven system can use either approach. For an actual implementation, the
fixed block sizeof CDL makesthedesign of thefilesystemand buffer manager much
easier. Hence, aCDL designwith random placement and deadline-driven schedul -
ing providesan efficient and flexibleplatform for recording and retrieving streams.

Memory Buffer Management

Managing the available memory efficiently is acrucial aspect of any multimedia
streaming system. A number of studies have investigated buffer/cache management.
These techniques can be classified into three groups: server buffer management (Lee,
Whang, Moon, & Song, 2001; Makaroff & Ng, 1995; Shi & Ghandeharizadeh, 1997; Tsai
& Lee, 1998; Tsal & Lee, 1999), networ k/proxy cache management (Chaeet al., 2002; Cui
& Nahrstedt, 2003; Ramesh, Rhee, & Guo, 2001; Sen, Rexford, & Towsley, 1999) andclient
buffer management (Shahabi & Alshayeji, 2000; Waldvogel, Deng, & Janakiarman, 2003).
Figure 4 illustrates where memory resources are located in a distributed environment.

When designing an efficient memory buffer management modulefor alarge-scale
data stream recorder, we may classify the problems of interest into two categories: (1)
resource partitioning, and (2) performance optimization. In the resource partitioning
category, arepresentativeclassof problemsis— What i sthe minimummemory or buffer
size that is needed to satisfy certain streaming and recording service requirements?
The requirements usually depend on the quality of service expectations of the end user
or application environment. In the performance optimization category, arepresentative
class of problemsis— Given certain amount of memory or buffer, how to maximize our
system performanceintermsof certain performance metrics? Sometypical performance
metricsareasfollows:

1  Maximizethetotal number of supportable streams.
2 Maximizethedisk I/O parallelism,i.e., minimizethetotal number of parallel disk
[/Os.
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Figure 4. Buffer distribution in a large-scale streaming system
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Approach: Theassembly of incoming packetsinto datablocksand conversely the
partitioning of blocks into outgoing packets requires main memory buffers. In atradi-
tional retrieval-only server, doublebufferingisoftenused: onebufferisfilled withadata
block that isretrieved fromadisk drive, whilethe content of the second buffer isemptied
(i.e., streamed out) over the network. Once the buffers are full/empty their roles are
reversed. Inaretrieval-only system, morethantwo buffersper stream are not necessary.
However, if additional buffers are available, they can be used to keep datain memory
longer, such that two or more streamsof the same content, started at just aslight temporal
offset, may share the data (Shi & Ghandeharizadeh, 1997). As aresult, only one disk
stream is consumed and more displays can be supported.

With a stream recorder, double buffering is still the minimum that is required.
However, with additional buffersavailable, incoming datacan beheldinmemory longer
and the deadline by which adatablock must bewritten to disk can be extended. Thiscan
reduce disk contention and hence the probability of missed deadlines. Aref, Kamel,
Niranjan, and Ghandeharizadeh (1997) introduced an analytical model to calculate the
write deadline of ablock asafunction of the size of the available buffer pool. However,
their model doesnot useashared buffer pool betweenreadersandwriters. Inalarge- scale
stream recorder, the number of streamsto beretrieved versusthe number to berecorded
may vary significantly over time. Furthermore, thewrite performanceof adiskisusually
significantly less than its read bandwidth (Figure 3b). Hence, these factors need to be
considered and the existing model modified (see also Admission Control Section).

Data Placement on the Disk Platters

Theplacement of datablockson amagnetic disk hasbhecomeanissuefor real- time
applications since disk manufacturers have introduced multi-zoned disk drives. A disk
drivewith multiplezonespartitionsitsspaceinto anumber of regionssuchthat each have
a different number of data sectors per cylinder. The purpose of this partitioning is to
increase the storage space and all ocate more data to the outer regions of a disk platter
as compared with the inner regions. Because disk platters spin at a constant angular
velocity (e.g., 10,000 revolutions per minute), thisresultsin adatatransfer rate that is
higher in the outer zones than it isin the inner ones.
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Consequently, the time to retrieve or store a data block varies and real-time
applications must handle this phenomenon. A conservative solution is to assume the
slowest transfer rate for all regions. Asaresult, the schedul er need not be aware of the
location where ablock isto be stored or retrieved. However, this approach might waste
a significant fraction of the possible throughput. The transfer rate ratio between the
innermost and outermost zones sometimes exceeds a factor of 1.5.

A number of techniques have been proposed to improve the situation and harness
more of adisk’s potential. IBM’s Logical Tracks (Heltzer, Menon, & Mitoma, 1993),
Hewlett Packard’ s Track Pairing (Birk, 1995), and USC' sFI X B (Ghandeharizadeh, Kim,
Shahabi, & Zimmermann, 1996) all attempt to utilizetheaveragetransfer rateinstead of
theminimum. All these approachesweredesigned to work with deterministic scheduling
techniques with the assumption that every block access must not exceed a given time
span.

However, in the context of random assignments of blocksto disks and stochastic,
deadline-driven scheduling, thisassumption can berelaxed. By randomly placing blocks
into the different zones of adisk drive, the averagetransfer rate can easily be achieved.
However, now theblock retrieval timesvary significantly. By observing that theretrieval
timeisarandom variablewith amean value and astandard deviation we canincorporate
itintotheadmission control modulesuchthat an overall statistical serviceguaranteecan
still be achieved. An advantage of the random block-to-zone data placement is its
simplicity and the elegance of using the same random algorithm both within adisk and
across multiple disks.

Real-Time Disk Head Scheduling

Recall that the effective bandwidth of a magnetic disk drive depends to a large
degreeonthe overhead (the seek time and rotational latency) that is spent on each block
retrieval. The effect of the overhead can be reduced by increasing the block size.
However, thiswill resultinahigher memory requirement. Conversely, wecanlower the
overhead by reducing the seek time. Disk-scheduling algorithms traditionally achieve
thisby ordering block retrieval saccording to their physical |ocationsand henceminimize
the seek distance between blocks. However, inreal-time systems such optimi zationsare
limited by the requirement that data needsto be retrieved in atimely manner.

Inamultimediaserver that utilizesrandom dataplacement, deadline-driven sched-
uling is awell-suited approach. Furthermore, for a system that supports the recording
and retrieval of variablebit rate streams, deadline-driven scheduling isan efficient way
with medium complexity. Cycle-based scheduling becomes very complex if different
mediatypes are to be supported that require fractional amounts of blocks per round to
be accessed.

For example, the SCAN-EDF (Reddy & Wyllie, 1993) algorithm combinesearliest-
deadline-first disk head scheduling with a scan optimization. Datablocks areretrieved
inorder of their deadlinesand if some deadlinesareidentical then the scan order isused.
The deadline of a block can be obtained from the timestamp of the last packet that it
contains plus an offset. For data retrieval, the offset is commonly the time when the
retrieval request wasadmitted into the system. For stream writing, the offset needsto be
determined from the delay that ablock isallowed to stay in a main memory buffer until
it must beflushedtoaphysical disk drive. The SCANRT-RW (Aref etal., 1997) algorithm
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treats both reads and writesin auniform way and computes the writing deadlines based
ontheamount of buffer memory available. However, it assumesapartitioned buffer pool
where some spaceisallocated exclusively for writing. How aunified buffer pool affects
the scheduling performance should be investigated.

Admission Control

Thetask of the admission-control algorithm isto ensure that no more streams are
admitted than the system can handlewith apredefined quality. A number of studieshave
investigated admission-control techniques in multimedia server designs. Figure 6
classifies these techniques into two categories: measurement-based and parameter-
based. The parameter-based approach can be further divided into deterministic and
statistical algorithms.

With measurement-based algorithms(Bao & Sethi, 1999; Kim, Kim, Lee, & Chung,
2001), theutilization of critical systemresourcesismeasured continually andtheresults
are used intheadmission-control module. M easurement-based al gorithms can only work
online and cannot be used offline to configure a system or estimate its capacity.
Furthermore, it is difficult to obtain an accurate estimation of dynamically changing
system resources. For example, the time window during which the load is measured
influencestheresult. A long timewindow smooths out | oad fluctuationsbut may overlap
with several streamsbeing started and stopped, while ashort measurement interval may
over or underestimate the current load.

With deterministic admission control (Chang & Zakhor, 1996; Lee & Y eom, 1999;
Makaroff etal., 1997; Narasimha& Wyllie, 1994), theworst case must beassumed for the
following parameters: stream bandwidth requirements, disk transfer rate, and seek
overhead. Because compressed streams, suchasMPEG-2, may requirequitevariablebit

Figure 5. Parameter sets used for the admission control algorithm
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Figure 5a. The consumption rate of a Figure5b. Theseek profileof a Seagate
movie encoded with a VBR MPEG-2 Cheetah X15 disk drive (see also Table
algorithm. 2).
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Figure 6. Taxonomy of different admission control algorithms
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rates (Figure 5a) and the disk transfer rates of todays multi-zoned disk drives also vary
by afactor of up to 1.5-to-1, assuming worst case parameterswill result in asignificant
underutilization of resourcesin the average case. Furthermore, if an operating system
without real-time capabilities is used service guarantees may be violated even with
conservative calculations. Consequently, for a more practical approach we focus on
stati stical admission control whereserviceisguaranteed with acertain probability to not
exceed a threshold requested by the user.

Statistical admission control has been studied in a number of papers (Chang &
Zakhor,1994; Kang & Y eom, 2000; Nerjes, Muth, & Weikum, 1997; Vin, Goyal, & Goyal,
1994).Vinetal. (1994) exploit thevariationin disk accesstimesto mediablocksaswell
astheVBR client |oad to provide statistical service guaranteesfor each client. Notethat
inVinetal., thedistributionfunctionfor disk servicetimeisobtained through exhaustive
empirical measurements. Chang and Zakhor (1994) introducethreewaysto estimatethe
disk overload probability while Kangand Y eom (2000) propose aprobabilistic model that
includes caching effects in the admission control. Nerjes et al. (1997) introduce a
stochastic model that considersVBR streamsand thevariabl etransfer ratesof multi-zone
disks.

Recently, the effects of user interaction on admission control have been studied
(Friedrich, Hollfelder, & Aberer, 2000; Kim & Das, 2000). Kim and Das(2000) proposed
an optimization for the disk and cache utilization while reserving disk bandwidth for
streamsthat are evicted from cache. Friedrich et al. (2000) introduced aContinuous Time
Markov Chains (CTMCs) model to predict the varying resource demands within an
interactive session and incorporated it into the admission control algorithm.

Next, we describe a novel statistical admission control algorithm called Three
Random variable Admission Control (TRAC) that modelsamuch more comprehensive
set of features of real-time storage and retrieval than previous work.

1  Supportforvariablebitrate (VBR) streams (Figure 3aillustratesthevariability of
asampleMPEG-2movie).

2. Support for concurrent reading and writing of streams. The distinguishing issue
for a mixed workload is that disk drives generally provide less write than read
bandwidth (Figure 3b). Therefore, the combined available bandwidthisafunction
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of theread/write mix. We propose adynamic bandwidth-sharing mechanismaspart
of the admission control.

3. Support for multi-zoned disks. Figure 3billustrates that the disk transfer rates of
current generation drives is platter location-dependent. The outermost zone
provides up to 30% more bandwidth than the innermost one.

4.  Modelingof thevariable seek timeand variablerotational latency that isnaturally
part of every data block read and write operation.

5 Support for efficient random data placement (Muntz, Santos, & Berson, 1997b).

Most of the previously proposed statistical admission-control algorithms have
adopted avery simpledisk model. Only Nerjeset al. (1997) consider thevariabletransfer
rateof multi-zonedisks. Theirsdiffersfrom our TRACalgorithminthat (1) it assumesthat
all zones have the same number of tracks, (2) it did not consider the variance of the seek
time, and (3) it isbased on round-robin dataplacement and round-based disk scheduling.
Additionally, no previous study has considered the difference in the disk transfer rate
for reading and writing (Figure 3b).

TRAC Algorithm: Consider aserver recording n variable bit rate streams using
deadline-driven scheduling and movieblocksthat are allocated to disks using arandom
placement policy. The server activity is observed over timeintervalswithduration T_, .
Our model ischaracterized by threerandomvariables: (1) D(i) denotestheamount of data

to beretrieved or recorded for client i during observation window T_, (2) R_Dr denotes

theaveragedisk read bandwidth during T, withnobandwidthallocationtowriting, and

(3) g denotes the average disk seek time during each observation timeinterval Ty, .

Let T_,(i) denotethe disk seek timefor clientiduring T_ 2 Letn andn  denote
thenumber of retrieval and recording streamsserved respectively,i.e.,n=n _+n . Also,

R representstheaverage disk bandwidth (in M B/s) allocated for writing during T,

svr !

while IfiDr representsthe average bandwidth for reading. With such amixed load of both

retrieving and recording clients, the average combined disk bandwidth Ry, is con-

strained by Ry, = IQDW + IiDr . Consequently, the maximum amount of datathat can be
read and written during each interval T_, can be expressed by:

RDTio X[Twr - nnfﬁ-seek(l)J

Furthermore, if
n

Y D(i)

i=1
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representsthetotal read and write bandwidth requirement during T_, fromall streamsn,
then the probability of missed deadlines, p can be computed by Equation 1.

iodisk’

Piodgisc = P[i D() > [RDiox[Tsvr _En,Tseek('))Il (1)

Note that a missed deadline of a disk access does not necessarily cause a hiccup
for the affected stream because databuffering may hidethedelay. However, we consider
the worst case scenario for our computations.

Recall that

3 Tou )

denotes the total seek time spent for all nclientsduring T_,. Lett__ (j) denote the seek
timefor disk accessj, wherej isanindex for each disk accessduring T_, . Thus, thetotal
seek time can be computed as follows:

g,Tseek(i)=§tseek(j)=m><t; @

where mdenotesthe number of seeksand o istheaverageseek time, bothduring T, .

Because every seek operation is followed by a data block read or write, m can also be
expressed by

i D(i)
m=.
Bdisk

where B, is the block size. With the appropriate substitutions we arrive at our final
expressionfor the probability of overcommitting thedisk bandwidth, which may translate
into missed I/O deadlines.

LA R, XT.
Piodik = P ZDG) > —2e 3 i< Preq
i=L 1+ L X Roio ©)
Bais
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Table 3. Parameters used in the experiments and analysis

Parameters Configurations

Test movie “Twister” MPEG-2 video, AC-3 audio
Average bandwidth 698594 Bytes/sec
Length 50 minutes
Throughput std. dev. 140456.8

Test movie “ Saving Private Ryan” | MPEG-2 video, AC-3 audio
Average bandwidth 757258 Bytes/sec
Length 50 minutes
Throughput std. dev. 169743.6

Test movie “Charlie’s Angels’ MPEG-1 video, Stereo audio
Average bandwidth 189129 Bytes/sec
Length 70 minutes
Throughput std. dev. 56044.1

Disk Model Seagate Cheetah X15

(Model ST336752LC)

1.0 (retrieval only experiments)
0.0 (recording only experiments)
0.4094 (retrieva and recording
mixed experiments)

Mixed-load factor o

Relationship factor B 0.6934

(between R, and R;,,)

Mean inter-arrival time of 5 seconds

streaming regquest

Server observation window T, 1 second
1.0MB

Disk block size B,
Number of disks (€)

1,2,4,816, ...,1024

Because of space constraints, we do not include all the equationsthat produce the
final calculation of the stream disruption probability (for detailed discussions, see
Zimmermann & Fu, 2003). Rather, weinclude some of the experimental resultsthat we
obtained with a Seagate Cheetah X 15 disk drive (see Table 3 for parameter values).

Figure7(a) showsthe measurement and theoretical retrieving experimental results
fortheDVD movie“ Twister.” They-axisshowsthe probability for missed deadlines of
all block requests. When the number of streamsn < 55, then the probability isvery small
(< 1%). Abovethisthreshold, theprobability increases sharply and reaches1for n =62.
The analytical results based on our 3RV model follow the measurements very closely,
except that the 1% transition isone stream higher at 55. The miss probability of the IRV
model isalso shown and itstransition point is 39. Consequently, not only does our 3RV
model resultina38%improvement over thesimpler model (for p, ™ 1%), butit alsotracks
the physical disk performance much more accurately.

Theretrieving experimental resultsfor theV CD movie“ Charlie’ sAngels” areshown
inFigure 7(c). Because of thelower bandwidth requirement of thisvideo, amuch higher
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Figure 7. Retrieval or recording only experimental results
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number of streams (150 resp. 200) can besupported. Theimprovement of 3RV over 1RV
issimilartothe” Twister” case, and we have omitted thegraphsfor “ Saving Private Ryan”
because the results were comparabl e.

Figures 7(b) and (d) show the miss probabilities for our recording experiments.
Analogoustotheretrieval case, the3RV curvevery closely matchesthemeasured val ues.
Since the disk write bandwidth is significantly lower than the read bandwidth (see
Fig.3(b)), thetransition point for, say “ Twister,” isn=40instead of n=55inthestream
retrieval experiment.
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Figure 8. Mixed workload recording and retrieval experiments
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Figure 8(a). “ Twister” (retrieval and Figure 8(b). A mix of “ Saving Private
recording). Ryan” and “Charlie’s Angels”
(retrieval and recording).

Figure 8 shows the results of mixed workload experiments. Figure 8(a) shows an
example graph with workload generated by a single media type (the DVD movie
“Twister”; note that the other media types produced analogous results). As expected,
the 1% transition point at 46 streams lies between the pureretrieval (54) and recording
(40) values. Figure 8(b) showsthe experimental resultswith workload generated by two
different media types (the DVD movie “Saving Private Ryan” and the VCD movie
“Charlie’s Angels’) and, once again, the miss probability computed by 3RV model
closely matches the measured results.

Retrieval Scheduling for Outgoing Streams

Any stream recorder will naturally haveto support theretrieval of streamsaswell.
Hence, it needstoincludeall thefunctionality that traditional continuous mediaservers
contain. The framework that we presented so far was deliberately designed to be very
complementary to the functionality required for stream retrieval. The combination of
random data placement and deadline driven scheduling has been shown previously to
beanefficient platformfor serving mediastreams(Berson, Muntz, & Wong, 1996; Muntz,
Santos, & Berson, 1997a; Shahabi, Zimmermann, Fu, & Y ao, 2002).
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Other Functions

For afully functional datastream recorder, anumber of additional functionswould
need to be provided. Such functionsinclude: authentication of usersand devices, editing
facilitiesto create new content, browsing facilitiesto quickly find the content of interest,
and remote control of recorder functions. These functions are also necessary in a
playback-only system and therefore are not discussed here in detail.

CONCLUSIONS

Theneedfor high performanceand scal abl edatastream recorderswill arisefor many
applications. We have described an architecture that is flexible, scalable, and incorpo-
rates practical issues. We outlined an admission-control algorithm that considers the
multi-zoning, thevariable seek and rotational latency overhead, and thevarying read and
write performance of the current generation of disk drives. Additionally, incoming
streams with variabl e bit rate requirements are supported.

We have also outlined additional issues such as the main memory buffer manage-
ment with aunified pool of buffers, synchronization of multiple streams, and the write
deadline determination of incoming data. Some of these ideas pose new research
challenges and will require further investigation.

REFERENCES

Aref, W.,Kamel, |, Niranjan, T. N., & Ghandeharizadeh, S. (1997). Disk scheduling for
displaying and recording video in non-linear news editing systems. Proceedings
of the Multimedia Computing and Networking Conference, (pp. 228-239), San
Jose, CA. SPIE Proceedings Series, Volume 3020.

Bao, Y., & Sethi, A.S. (1999). Performance-driven adaptive admission control for multi-
mediaapplications. In |EEE International Conference on Communications, 1999
(1CC"99), (vol. 1, pp. 199-203).

Berson, S., Ghandeharizadeh, S., Muntz, R., & Ju, X. (1994). Staggered striping in
multimediainformation systems. Proceedingsof the ACM SIGMOD International
Conference on Management of Data.

Berson, S.,Muntz, R.R., & Wong, W. R. (1996). Randomized dataallocationfor real-time
disk /0. Proceedings of the 41st |EEE I nternational Computer Conference, (pp.
286-290). Washington, DC: | EEE Computer Society.

Birk, Y. (1995). Track-pairing: A novel datalayout for VOD servers with multi-zone
recording disks. Proceedings of the International Conference on Multimedia
Computing and Systems, (pp. 248-255).

Chae, Y., Guo, K., Buddhikot, M. M., Suri, S., & Zegura, E. W. (2002). Sil o, rainbow, and
caching token: Schemesfor scalable, fault tolerant stream caching. Special Issue
of IEEE Journal of Selected Areain Communications on Internet Proxy Services.

Chang, E., & Zakhor, A. (1994). Variablebit rate MPEG video storage on parallel disk
arrays. In First International Workshop on Community Networking. San Fran-
cisco, CA.

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of ldea Group Inc. is prohibited.



30 Zimmermann, Fu, & Desai

Chang, E., & Zakhor, A. (1996). Cost analysesfor VBRvideo servers. IEEE Multi Media,
3(4),56-71.

Cui, Y., & Nahrstedt, K. (2003). Proxy-based asynchronous multicast for efficient on-
demand media distribution. In The SPIE Conference on Multimedia Computing
and Networking 2003 (MMCN 2003), Santa Clara, CA, pp. 162-176.

Friedrich, M., Hollfelder, S., & Aberer, K. (2000). Stochastic resource prediction and
admission for interactive sessions on multimedia servers. Proceedings of ACM
Multimedia, Los Angeles, CA (pp. 117-126).

Ghandeharizadeh, S., Kim, S. H., Shahabi, C., & Zimmermann, R. (1996). Placement of
continuous mediain multi-zonedisks. In S.M. Chung (Ed.), Multimedia I nfor ma-
tion Storage and Management, Chapter 2. Boston, MA: Kluwer Academic
Publishers. |SBN: 0-7923-9764-9.

Heltzer, S. R., Menon, J. M., & Mitoma, M. F. (1993). Logical data tracks extending
among a plurality of zones of physical tracks of one or more disk devices. U.S.
Patent No.5,202,799.

Huffstutter, P. J., & Healey, J. (2002). Filming without thefilm. LosAngeles Times, A.1.

Kang, S., & Yeom, H. Y. (2000). Statistical admission control for soft real-time VOD
servers. In ACM Symposium on Applied Computing (SAC 2000).

Kim,I.-H.,Kim, J.-W., Lee, S.-W., & Chung, K.-D. (2001). M easurement-based adaptive
statistical admission control scheme for video-on-demand servers. In The 15th
International Conference on Information Networking (ICOIN’01), Beppu City,
Oita, Japan, pp. 472-478.

Kim, S.-E. & Das, C. (2000). A reliablestatistical admission control strategy for interactive
video-on-demand serverswithinterval caching. Proceedingsof the 2000 I nterna-
tional Conference on Parallel Processing, Toronto, Canada, August 21-24.

Lambrinos, L., Kirstein, P., & Hardman, V. (1998). Themulticast multimediaconference
recorder. Proceedingsof the Inter national Conference on Computer Communica-
tions and Networks, IC3N, Lafayette, LA.

Lee K.,&Yeom,H.Y.(1999). Aneffectiveadmission control mechanismfor variable-bit-
rate video streams. Multimedia Systems, 7(4), 305-311.

Lee, S.-H.,Whang, K.-Y.,Moon, Y .-S., & Song, |.-Y. (2001). Dynamic buffer allocation
in video-on-demand systems. Proceedings of the International Conference on
Management of Data (ACM SIGMOD 2001), SantaBarbara, CA (pp. 343-354).

Makaroff, D. J., Neufeld, G. W., & Hutchinson, N. C. (1997). Anevaluation of VBR disk
admission algorithmsfor continuousmediafileservers. ACM Multimedia, 143-154.

Makaroff, D.J., & Ng, R. T. (1995). Schemesfor implementing buffer sharingin continu-
ous-mediasystems. Infor mation Systems, 20(6), 445-464.

Muntz, R., Santos, J., & Berson, S. (1997a). RIO: A Real-time M ultimediaObject Server.
ACM Sigmetrics Performance Evaluation Review, 25.

Muntz, R., Santos, J. R., & Berson, S. (1997b, Sept). Rio: A real-time multimediaobject
server. ACM Sigmetrics Performance Evaluation Review, 25(2), 29-35.

Narasimha, A. R., & Wyllie, J. C. (1994). I/O issues in a multimedia system. |EEE
Computer, 27(3), 69-74.

Nerjes, G., Muth, P., & Weikum, G. (1997). Stochasti ¢ service guaranteesfor continuous
dataon multi-zonedisks. Proc. of the 16th ACM SIGACT-SI GMOD-S GART Sympo-
siumon Principlesof Database Systems (PODS1997), Tucson, AZ (pp. 154-160).

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of Idea Group Inc. is prohibited.



HYDRA 31

Ramesh, S., Rheg, |, & Guo, K. (2001). Multicast with cache (mcache): Anadaptivezero
delay video-on-demand service. IEEE INFOCOM ' 01, 85-94.

Reddy, A. L. N., & Wyllie, J. C. (1993). Disk scheduling in amultimedia /O system.
Proceedings of the ACM Multimedia Conference, Anaheim, CA, (pp. 225-233).

Santos, J. R., & Muntz, R. R. (1998). Performanceanal ysisof the RIO multimediastorage
system with heterogeneous disk configurations. In ACM Multimedia Conference,
Bristol, UK.

Santos, J. R., Muntz, R. R., & Ribeiro-Neto, B. (2000). Comparing random dataall ocation
and datastriping in multimediaservers. Proceedings of the SIGMETRICSConfer-
ence, SantaClara, CA.

Schulzrinne, H., Casner, S., Frederick, R., & Jacobson, V. (1996). RTP: A transport
protocol for real timeapplications. Retrieved at: http://ww.itef.org/rfc/rfc1889.txt

Schulzrinne, H., Rao, A., & Lanphier, R. (1998). Real time streaming protocol (RTSP).
Retrieved at: http://ww.itef.org/rfc/rfc2326.txt

Seltzer, M., Chen, P., & Ousterhout, J. (1990). Disk schedulingrevisited. Proceedingsof
the 1990 Winter USENIX Conference, Washington DC, (pp. 313-324). Usenix
Association.

Sen, S., Rexford, J., & Towsley, D. F.(1999). Proxy prefix caching for multimediastreams.
IEEEINFOCOM 99, 1310-1319.

Shahabi, C., & Alshayeji, M. (2000). Super-streaming: A new object delivery paradigm
for continuous media servers. Journal of Multimedia Tools and Applications,
11(2).

Shahabi, C., Zimmermann, R., Fu,K., & Yao, S.-Y.D. (2002). Yima: A second generation
continuous mediaserver. | EEE Computer, 35(6), 56-64.

Shi, W., & Ghandeharizadeh, S. (1997). Buffer sharing in video-on-demand servers.
SIGMETRICSPerformance Evaluation Review, 25(2), 13-20.

Tsai,W.-J., & Lee, S.-Y. (1998). Dynamic buffer management for near video-on-demand
systems. Multimedia Tools and Applications, 6(1), 61-83.

Tsai,W.-J.,& Lee, S.-Y. (1999). Buffer-sharing techniquesin service-guaranteed video
servers. Multimedia Tools and Applications, 9(2), 121-145.

Vin,H. M., Goyal, P., & Goyal, A. (1994). A statistical admission control algorithm for
multimedia servers. Proceedings of ACM International Conference on Multime-
dia(pp. 33-40).

Waldvogel, M., Deng, W., & Janakiraman, R. (2003). Efficient buffer management for
scalable media-on-demand. In The SPIE Conference on Multimedia Computing
and Networking 2003 (MMCN 2003), Santa Clara, CA.

Wallich, P. (2002). Digital hubbub. |EEE Spectrum, 39(7), 26-29.

Zimmermann, R., & Fu, K. (2003). Comprehensive statistical admission control for
streaming mediaservers. Proceedings of the 11th ACM International Multimedia
Conference (ACM Multimedia 2003), Berkeley, CA (pp. 75-85).

Zimmermann, R., Fu, K., Nahata, N., & Shahabi, C. (2003). Retransmission-based error
control in a many-to-many client-server environment. Proceedings of the SPIE
Conference on Multimedia Computing and Networking 2003 (MMCN 2003),
SantaClara, CA.

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of ldea Group Inc. is prohibited.



32 Zimmermann, Fu, & Desai

ENDNOTES

! Thisresearch hasbeenfundedin part by NSF grantsEEC-9529152 (IM SC ERC) and
[1S-0082826, and an unrestricted cash gift from the Lord Foundation.
2 T, (i) includes rotational latency as well.
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Chapter |11
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ABSTRACT

This chapter introduces video data management techniques for computational
augmentation of human memory, i.e., augmented memory, on wear able and ubiquitous
computers used in our everyday life. The ultimate goal of augmented memory is to
enable users to conduct themselves using human memories and multimedia data
seamlessly anywhere, anytime. In particular, auser’ sviewpoint video isone of the most
important triggers for recalling past events that have been experienced. We believe
designing augmented memory systemisa practical issuefor real world-oriented video
data management. This chapter also describes a framework for an augmented memory
albuming system named Sceneful Augmented Remembrance Album (SARA). In the
SARA framework, we have devel oped three modul esfor retrieving, editing, transporting,
and exchanging augmented memory. Both the Residual Memory module and the I'm
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Here! module enable a wearer to retrieve video data that he/she wantsto recall in the
real world. The Ubiquitous Memoriesmoduleisproposed for editing, transporting, and
exchanging video data via real world objects. Lastly, we discuss future works for the
proposed framework and modules.

INTRODUCTION

Inthischapter, weintroduce our wearable and ubiquitous video data management
study for computational augmentation of human memory in everyday life. Scientific
psychological analysisand engineering technol ogiesfor memory aid have been studied
extensively in recent years. Psychological results show that the human brain can cause
mistakesin either the encoding, storing, or retrieval process (Brewer & Treyens, 1981,
Nickerson & Adams, 1979). Thetechnology of the computational augmentation of human
memory aimstointegrate computational ly recorded multimediadatanamed, “ augmented
memory” (Rhodes, 1995, 1997), into human memory. The ultimate goal of augmented
memory is to enable users to conduct themselves using these memories seamlessly
anywhere, anytimeintheir everyday life. In particular, video dataprovidestheuser with
strong stimuli to recall past eventsthat he or she has experienced. Our research consists
of several studies used in developing a video-based augmented memory system.

Inthefield of computational memory aid, several representativeworksonwearable
computersexist. Mann (1997), for exampl e, described auser whowearsaCCD cameraand
sensorsto record his’her everyday life. This system allows the user to get information
anytime and anywhere the user wants. Thistype of human-centered computer technol -
ogy iscalled “wearable computing.” Wearable computing technology must be aware of
the user’s internal (desire, emotion, health, action, etc.) and external (goings on,
temperature, other people, etc.) state at any time. Jimminy (a Wearable Remembrance
Agent) al so supportshuman activitiesusing just-in-timeinformationretrieval (Rhodes,
2003). Kawashima, Nagasaki, and Toda(2002) and Toda, Nagasaki, lijima, and Kawashima
(2003) have devel oped an automatic video summarization system using visual pattern
recognition methods for location recognition and a view tracking device for a user’'s
action recognition. The Mithril platform has also advanced over the years (DeVaul,
Pentland, & Corey, 2003). Kidode (2002) hasdevel oped an advanced mediatechnol ogy
project named aWear abl e | nfor mation Playing Station (WIPS). Our study of augmented
memory in this chapter is apart of the WIPS project.

Lammingand Flynn (1994) havedevel oped Forget-me-not, aprototype system as
a portable episodic memory aid. This system records a user’s action history using
sensors implanted in alaboratory and active badges worn by users. The user can refer
tohis/her own history and easily replay apast event onaPDA. ThisForget-me-not study
is based on the concept of “ubiquitous computing” proposed by Weiser (1991). The
Aware Home Resear ch Initiativeis also directly inspired by the same concept (Abowd
& Mynatt, 2002; Kidd et al., 1999; Tran & Mynatt, 2003).

Augmented memory technologies using video data are divided into three simple
topicsasfollows: alocation-based memory aid, ubiquitousvideo datamanagement, and
aperson’ sinformation-based augmented memory. I nthe case of | ocati on-based memory
supporting systems, Hoisko (2000) devel oped avisual episodic memory prosthesisthat
retrieves video data recorded at the place attached to certain IR tags. The Global
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Positioning System (GPS) and the Geographi ¢ I nformation System (GI S) areal so used for
alocation-based memory-aid. Ueda, Amagasa, Y oshikawa, and Uemura. (2002) proposed
an automatic video summarization method using awearer position detected by the GPS,
with the user’s body direction showing his/her interests around various architectures.
In the object-based augmented memory, Rekimoto, Ayatsuka, and Hayashi (1998)
proposed asystem for browsing information that includesthe physical context of auser’s
current situation using Cyber Code (Rekimoto & Ayatsuka, 2000) tags. Their aimwasto
develop interactive technologies in physical environments. A proposed video replay
system, DYPERS, stores auser’ svisual and auditory scenes (Jebara, Schiele, Oliver, &
Pentland, 1998; Schiele, Oliver, Jebara, & Pentland, 1999). This system can retrieve a
videoclipusingasignal that wasexplicitly registered by auser who pushesabuttonwhile
he/she looks at an interesting scene. The VAM system by Farringdon and Oni (2000)
detects a human face recorded previously and displays information about the retrieved
person. Kato, Kurata, and Sakaue (2002a; 2002b) proposed VizWear-Active, which
includesarobust face-registration method and astableface-tracking method. Kawamura,
Kono, and Kidode (2003), however, proposed a managing system named the Nice2CU
for recollection of aperson’sinformation such as profiles, messages, experiences, and
human relationsin thereal world.

Other augmented memory systems are described in this section. We consider each
system capable of being one of the modules for an ideal augmented memory system.
Segmentation of i nformation and summarization research hasbeen studied because such
research providesinformation necessary for wearersto be ableto refer to their recorded
viewpoint video data. Aizawa, Ishijima, and Shina (2001) proposed a system that
summarizesavideo scenefrom ahead-worn cameraby segmenting brain waves. Picard
and Healey (1997) developed StartleCam, which records video data triggered by skin
conductivity from a startled response from a user. In the Affective Wearables, various
types of sensors were investigated to analyze and detect expressions of emotion in a
certain environment (Healey & Picard, 1998). In addition, thefollowing video segmen-
tation methods have been proposed: a statistical trajectory segmentation method
(Gelgon, & Tilhou, 2002), and awearer’ sattentionto amoving/stable object (Nakamura,
Ohde, & Ohta, 2000). Augmented memory hasbeen investigated fromthe point of view
of important psychological perspectives by DeVaul, Pentland, and Corey (2003) and
Czerwinski and Horvitz (2002). Context awareness(Clarkson & Pentland, 2000, 2001) and
themodeling of event structure, asin Ubi-UCAM (Jang & Woo, 2003), areal soimportant
issues. Ueoka, Hirota, and Hirose (2001) studied what kinds of sensors are necessary.
Murakami (2002) devel oped an editing system named the Memory Or gani zer that enables
users to refer to memory with a multi-directional viewpoint of interests using weak
information structures, asin CoMeMo (Maeda, Hirata, & Nishida, 1997). TheComicDiary
(Sumi, Sakamoto, Nakao, & Mase, 2002) automatically producesacomic stylediary of
the users’ individual experiences.

The rest of this chapter consists mainly of the following four sections. The first
sectionintroducesaframework design named SARA for wearabl e computational augmen-
tation of human memory. The second section explains one of the memory retrieval
modules of SARA, the Residual Memory. In addition, the third section discusses the
memory retrieval moduletermed, I'mHere! Thefourth section concludesthe Ubiquitous
Memoriesmodul e, whichisthebasemodulefor thememory retrieval, memory exchange,
and memory transportation of SARA.
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A FRAMEWORK FOR A
VIDEO-BASED AUGMENTED
MEMORY ALBUMING SYSTEM

I nthissection weintroduce aframework for acomputational memory aid useful in

everyday life. Theaim of thisresearch isto develop avideo-based albuming system for
augmenting human memory. We propose a framework for an augmented memory
albuming system named Sceneful Augmented Remembrance Album (SARA), used to
realize computational memory aid in everyday life (Kawamura, Kono, & Kidode, 2002;
Kono, Kawamura, Ueoka, Murata, & Kidode, 2003) inwhich:

A user’s viewpoint images are always observed.

The observed images along with the data observed by other wearable sensors are
analyzed to detect contexts.

Theobservedimagesarestored with the detected contextsastheuser’ saugmented
memories.

The stored data can be additionally annotated/indexed by the user for later
retrieval.

The user can recall his/her experiences by reviewing a stored video, which is
retrieved by consulting anindex, viaaHead-Mounted Display (HMD), that s, both

annotating and indexing dataautomatically stored and manually annotated infor-
mation.

SARA: A Sceneful Augmented Remembrance Album

Figure 1 illustrates the overall architecture of the proposed augmented memory

albuming system. We believe that the following four functions are essential to realize
SARA:

Memory Retrieval. A memory retrieval function providesauser with the ability
to retrieve appropriate multimedia data from a huge multimedia database termed
“video memory.” A human chooses his/her best remembrance strategy from
various remembrance strategies and appliesthis strategy to the context. We have
devel oped thefollowing two modulesfor Memory Retrieval: “ Residual Memory”
for supporting alocation-based user’ srecollection, and “1I’m Here!” for an object-
based one. “Ubiquitous Memories,” mentioned in Memory Transportation, also
works as an object-based memory retrieval module.

Memory Transportation. A memory transportation function providesauser with
theability to associate either the event he/sheisenacting or the augmented memory
retrieved by one of the memory retrieval modules, with other features. By using
such afunction, the user is able to rearrange his’/her memories for later retrieval.
Using UbiquitousMemories, theuser can associate augmented memorieswithreal
world objects. He/she can also hold and convey the memories to the associated
objects.
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Figure 1. Basic functions for operating augmented memories on SARA
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Memory Exchange. A user can augment his/her problem-solving ability by
referring to others' experience if that experience is properly associated with the
given problem. Ubiquitous Memories helpsits users exchange their experiences.
By accessing a real-world object, a user can view all the augmented memories
associated with the object if the owner of each memory has approved other users
viewing the object.

Memory Editing. A person remembers an event he/she has experienced with
conceptual/linguisticindexes. A memory-editing function providesauser withthe
ability to make annotationsto his/her memories by adding keywords or free-hand
comments, or by reordering his/her memoriesbased on his/her ownintentions. Our
research group has developed a vision interface, which is named a Wearable
Virtual Tablet (Ukita, Terabe, Kono, & Kidode, 2002), using only the user’'s
fingertips (Figure 2). In Figure 2 (right), the user wrote down “Nara” in Japanese.

Utilizing thesefunctions, theuser can reuse human experienceby remembering his/

her own augmented memories, or by viewing other users’ augmented memories rear-
rangedinareal worldobject. Inthischapter, weintroduce Residual Memory inthesection
on Location-Based Memory Retrieval. We also introduce I’'m Here! in the section on
Object-BaseMemory Retrieval. Lastly, weintroduce UbiquitousMemoriesinthesection
on How to Manage Video Memory in the Real World.
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Figure 2. A wearable virtual tablet for annotating and indexing

LOCATION-BASED

VIDEO MEMORY RETRIEVAL

We have developed a location-based video retrieval module named Residual
Memory (Kawamura, Kono, & Kidode, 2001; Kawamura, Ukita, Kono, & Kidode, 2002).
Residual Memory module assists a user in remembering an event that happened at a
particular location. The Residual Memory provides associable video retrieval in a
previous data set triggered by current video data that is captured from the wearable
camera. The modul e needs high speed and an appropriatelocation-based video retrieval
method for a user’ s on-demand request using his/her viewpoint image. Generally, the
usershead frequently moves, and moving objectsalso movein his/her view. Themodule
must divide captured information into moving information and location information. In
order to achieve these methods, the module has to track the user’s head movements,
detect moving objects in a scene, and remove these two motions from the video in the
user’s activities. The Residual Memory module operates the following three methods
(Figure3).

Motion information exclusion from video data is performed using the wearable
cameraby:

. tracking the yaw and pitch head movements with two mono-axis gyro sensors,
. tracking moving objects in a scene using a block matching method, and by
excluding motion information by masking moving areasin the scene.

Video scene segmentation from continuous input video data is changed by:

detecting scene changes continuously from current video dataand two gyro data,
and by

. indexing each scene for easy viewing.
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Figure 3. Overview of residual memory process flow
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Real-timevideo retrieval from large sequential video dataisretrieved by:

i dividing small segmentsfrom video datafor stableand high-speed videoretrieval,
and by
i retrieving an associabl e scene from a segment similar to the current video data.

Inour videoretrieval module, query imagesfrom the user’ sviewpoint are updated
with high frequency (the same frequency as the video input rate). By using a high-
frequency input, the modul e can quickly track the changes of the user’ srequest to refer
alocation-based associable video data. The user can always slightly change an image
with his/her own body control and input a query image to the modul e at the same time.
Themodule, however, must havethefunction of anon-the-fly adaptivevideo search. The
modul e prepares itself using a background processing module for a user’s unforeseen
choices of a scene in the huge video data set.

Image Matching Except for Motion Information

Tracking Head Movements

A user’s head motion prevents him/her from recognizing a moving object in a
captured video from the wearable camera. We have employed two mono-axis gyro
sensorsand placed these sensorsin the center of thewearablecameraasshownin Figure
4 (top). The two gyros can detect yaw-axis motion and pitch-axis motion (Figure 4
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Figure 4. A wearable camera, display, and two mono-axis gyro sensors

(bottom)). Figure 5 shows the amount relations of value transition, which occurred by
head motion between thegyro sensor and animageshift. Theseresultsallow ustoremove
head-motion information from the video data.

Tracking Moving Objects

We have employed aconventional block-matching method. The matching method
can detect motion areas, motion directions, and amountsof motion at thesametime. This
method divides an image into small blocks. Each block is an averaged and normalized
RGB-valuewith (I =r + g+ b, 1 =r/l, l,= g/l, 1 = bll). Our method is defined as the
followingformulae:
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Figureb5. Relations between the Gyro Sensor Value and the Image Shift Value (yaw and
pitch)
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Mri V) = D7 (1 1) =1+, j+)
Mbi,j(u,v)=§(lb(i,j)—lb(i+u,j+v»2, )
Mby ;) = (15 1) = 1p(+u, j+V)*

M ; (Upin s Vimin ) = Min{Mr; ; (u,v) + Mg; ; (u,v) + Mb; ; (U, )} 2

(U, Vi) Fepresents an estimated minimum motion vector value. The estimated
motion block is then redefined into five simple states (up, down, left, right, and not-
moving). If amotion vector isadequately small, this block is named, “not-moving.”

Excluding Motion Information

In order to calculate the similarity of the background as location information, the
process has to compare a current query image to a previous image except for motion
blocks (Figure 6). The current query image and previous image have eigen-motion
information. Inorder toremove mutual motion blocksin eachimagefromtarget searching
blocks, amotion block mask should be made. Thefirst step of the similarity estimation
compares the same address block in two images with blocksin the “not-moving” state.
The second step divides avalue, from which values are summed and cal culated by the
previous process, by the number of “not-moving” blocks.

Video Scene Segmentation Using Motion Information

In order to segment a scene from continuously recorded video data, we employed
a moving average method using two mono-axis gyro sensors. In the moving average
method, continuously input gyro sensor values are added from past values in the T

Figure 6. Similarity of background as location information
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frames prior to the current values and the added value is divided by T. This method
obtainsametatrend of captured data. Themoving averagemethod equationisasfollows:

t

> ()
MAT(t):iﬁ%- 3

Inthisstudy, four valuesare cal cul ated by the moving average method: two values
are cal culated with the yaw-axis value, and the other two values are cal culated with the
pitch-axis gyro value. The following three states are defined to detect scene changes:

i Stablestate: Both the moving average val ue of the short interval (e.g., T=30) and
that of the long one (e.g., T=300) are within under a certain range.

i Sidel state: Themoving average of theshort interval ishigher thanthat of thelong
one.

i Side2 state: Themoving average of thelonginterval ishigher than that of the short
one.

If the difference and the amount of the value transition of gyro sensors are large,
we choose apoint at which to divide the scene. Thisstep, however, doesnot make anew
scenewhen acolor difference between adjacent images showsunder acertainthreshol d.

Real-time Video Retrieval

Inthissection, weintroducethe HySIM algorithm. The HySIM algorithm consists
of two processes for high-speed video retrieval. One process includes the construction
process of hybrid space. The other process includes the process of a video scene
trackingintheHySIM (Figure7). Inthe construction of hybrid space, themodule makes
a scene-segmented, video data set and constructs hybrid space at the same time. In the
video scene tracking process, the module searchesfor avideo and then tracks a similar
video usingacurrent user’ sviewpoint guery imagefromthe scene-segmented video data
set.

An overview of ahybrid spaceisillustrated in Figure 8. The algorithm uses two
spaces. These spaces consist of representative images, each of which well represent all
imagesin asingleimage segment; continuously observed images are segmented so that
similar images are stored in the same segmented scene. One of the spacesis a time-
sequential space, whichisconstructed fromrepresentativeimages. We named thisspace
the C-space. The other space is afeature space that is also constructed from represen-
tative images. We named this discrete space the D-space.

Process of a Hybrid-space Construction
The construction process of hybrid space is shown in Figure 9:

1  Segmenting of avideo scene and representation of an image from a segmented
scene.
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Figure 7. Overview of the HySIM mechanism
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3 Categorizing and linking the sel ected representativeimageto the last categorized
image in the same space of D-space.

In the ith segmentation and representation process, there are n numbers of a
representativeimage candidatethat includeacurrent (tth) input/query image. A jthimage
in thei th segmentation processis shown R(j). A temporal representativeimage R, is
calculated by equation (4). Segmentation is performed when an error £__ (i), which is
evaluated from equation (5), is higher than a threshold Th.

R =n}in{mgx(lRi(i)—Ri(k)l)},(t—nS kst j#k)

8max(i)=mjax(|F§'— R (K}, (t-n<k<t)

(4)
(5)

After the selection of therepresentativeimage, ahybrid spaceisconstructed using
the representative image R. The C-space is reconstructed by linking representative
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Figure 9. Construction of a Hybrid-space
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Figure 10. Construction of Hybrid-space
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D-space, the down sampled Rd, is categorized in a feature space. The representative
imageisthenlinked to the past representativeimage and thelastimageinthelocal space
D,, of the D-space.

The Process of a HySIM Video Scene Tracking

A basic calculation method for a HySIM video scene tracking is shown in Figure
10. TheD-spacehas N dimensioninthispaper. A representativeimageisstoredinboth
spaces. Inthe C-space and D-space, thetracking at acertain moment isperformedwithin
adynamicrange (CR) and astaticrange (DR), respectively. A value of thestatictracking
range in the D-space is set in advance. D(m, ) represents a similarity between a
representativeimage j and acurrent query image in dimension m. D(m, j) isidentical to
C(j, j)- Let | denote the center frame of atracking range in C-space and D-space. C(l, i)
representsasimilarity between arepresentativeimagei and acurrent query imageinthe
frame I. Inthisstudy, all similaritieshave arangefrom 0.0to 1.0. In the tracking range
determined by I, values of the CM(l) and DM(m,l) are calculated by the following
equations:

CM (1) = max(C(1, 1)), (| + (CR+1)/ 2<i <1 ~(CR+1) /2). ©)

DM (m,1) = max(CM (i)). (| + (CR+1) / 2<i <1 —(CR+1)/2) @

The dynamic tracking range CR depends on an entrance point C(I,I) similar to
equation (8).

CR=a A+(1—a)-A-(1-C(l,1))2. (e, A: const) (8)

Here, A represents abasic range and o represents a flexibility rate.
The next tracking step can set a new center frame by using the evaluation of the
previous step and the following rule of a space transition of the tracking area.
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i 3{Cth=cM).1-(CR+ D25 <1+ (CR+Y /2.1 # ]}
“1i  3{CM(j)=DM(mI),| —(CR+1)/2< j<|+(CR+1)/2} (©)

Experiments and Results

I mage Matching Excluding Motion Information

Thisexperiment took placeoutdoors, inahall, andinaroom during thedaytime. The
experimental taskswererecorded four timesin each place. Thefirstimageframein the
recorded video datais defined astheretrieval query. The experimental task consists of
two parts. Onetask required the user to wave his/her hand several times. The other task
required the user to turn his/her head to theleft. A normal method that does not consider
motion information was performed to compare with our proposed method. Theresultis
showninFigure11. Inthisfigure, ahigher similarity correspondsto alower evaluation
value. Our proposed method clearly shows a higher similarity than the normal method
in the hand waving section. In comparison, eliminating noises caused by turning head
was less effective than that by moving a hand in our method.

Table 1illustratesthe precision and recall rates. The precision rate representsthe
rateof retrieved datafor all correct data. Therecall raterepresentstherate of correct data
forall retrieval data. Therefore, our proposed method iswell suited to retrieving similar
location-based imagesbecausetherel evancerate of the proposed method performed 1.3
times better than the normal method.

Figure 11. Evaluation and targeting of video similarity between base image
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Table 1. Precision and recall rate

Precison Recdl|
Proposed Normal Proposed Normd
Outdoor 90% 54% 98% 96%
Hall 97% 56% 92% 0%
Room 88% 57% 97% 96%
Totd 92% 56% 96% A%

Video Scene Segmentation Using Motion Information

Both image and gyro data, which consist of 5584 frames (191.36 seconds, 29.19
frame/second), wererecorded for eval uation. A subject walked around acertainroutetwo
timesinour laboratory (Figure 12). Weset interval sof themoving averageas T = 30 and
T=2300. Thisprocesslimitstheminimum scenelengthto 30frames. Thisremarkableresult
of the experiment is shown in Figure 13. The upper lines in the figure are the moving
average values. Thelower line showsthe detected scene changes. These scene changes
took place ninetimesinthefigure.

Thefollowingresults (5584 frames) were obtained: 41total sceneswereconstructed
from avideo data set in the experiment. The average length of the constructed scenes
was119.51frames (4.09 seconds). The minimum and the maximum length of these scene
were 31 frames(1.06 seconds) and 756 frames (25.90 seconds), respectively. Theminimum
scene was made when the subject wal ked quickly through anarrow path. The maximum
scene change was constructed on along, straight, and undiversified hallway. From this
experimental result, we conclude that the user’s motion information can be used to
construct scene changes on a wearable computer environment.

Figure 12. The walking route of the test subject
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Figure 13. Making scene changes using two mono-asix Gyro sensors
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Real-time Video Retrieval

Thefollowing experiments were conducted to evaluate the video retrieval perfor-
mance of theHySIM algorithm. I nthese experiments, the HySIM algorithmiscompared
with afull-search algorithm, which usesonly representativeimages. We have eval uated
retrieval speed and retrieval accuracy.

I nthese experiments, onetest subject wore awearable computer, and continuously
walked around for approximately an hour inabuilding with threehall sand two laboratory
rooms. Input query imageswere captured frame by frame. We used the sameimagesfor
the query data set as for the recorded data set. 100,000 images were captured for
approximately one hour. The parameter o isset at 50 in this experiment. The parameter
DRvalueisequal to 15 per trial.

Table2 showstheperformanceresult of these experiments, inwhichthedatacolumn
showsthenumber of images. The R-frameillustratestheamount of representativeimages

Table 2. A comparison between the full search and the HySIM search

Data R-frame Full HySIM Accurecy rate

(frame) (frame) (s0) (s0) (%)

10000 1257 .0106 .0021 69.48
20000 2254 0189 0022 69.90
30000 6235 0515 0031 34.07
40000 10138 .0835 .0035 35.73
50000 11142 0920 0033 34.70
60000 12568 1037 .0033 31.93
70000 13724 1138 .0031 34.69
80000 15313 1263 0031 4192
90000 16520 1374 .0030 3761
100000 21039 1744 0033 30.33

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of ldea Group Inc. is prohibited.



50 Kawamura, Ueoka, Kono, & Kidode

inatrial. Both full and HySIM methods show the video data processing times required
toretrieveasimilar imagewith aninput query image, respectively. Theaccuracy rateis
calculated by the number of frames that have a similarity over the threshold Th (set at
0.95intheexperiment) inthe scene segmentation, or asthebest similarity inall recorded
images.

The processing time of the full algorithm shows alinear increase. The processing
time of HySIM increases approximately 1.57 times when the data of 10,000 frames
increasesto 100,000 frames. Theprocessing time of HySIM is52.20timesasfast asthat
of thefull algorithm in the data of 100,000 frames.

Summary

We introduced three methods for supporting alocation-based user’ s recollection
in the Residual Memory module. First, we proposed the stable image matching method
involving head movement and amoving object in ascene. We employed two mono-axis
gyro sensors to track a two-axis user’s head movement. In addition, we proposed the
video scene segmentation method to create comprehensible video scenes for the user.
Weintroduced the moving average method by using two mono-axis gyro sensors. Last,
we proposed a real-time video retrieval method named HySIM. We introduced two
different types of feature spaces. atime-sequential space, and an image-feature space
withasimilar color featurevalue.

A further directionof thisstudy will beto devel op afaster, morestabilized, and more
efficient videoretrieval method. Additional typesand numbersof perceptual sensorswill
need to be attached to achieve this goal.

OBJECT-BASED
VIDEO MEMORY RETRIEVAL

A Brief Concept

This section discusses awearable module to support a user’ s ability to remember
where he/she placed an object used in everyday life. As depicted in Figure 14, the
proposed module named “I’m Here!” showsits user avideo recorded when he/she last
held atarget object. Viewing the video, the user can remember where and when he/she
placedtheobject. Ultimately, weexpect that themodulewill act asif the object itself sends
amessage such as“l’mHere!” to the user (Ueoka, Kawamura, Kono, & Kidode, 2003).

Also supporting auser’s ability to remember where objects are placed in the real
world (Shinnishi, Iga, & Higuchi, 1999) isastudy of aninterfacedevicecalled“Hideand
Seek,” aproposed modulewith small devicesattachedtoreal objects. When auser sends
a message to an object, the object reacts to the user by a variable frequency sound.
However, attaching devicesthat requireel ectric power toreal objectsisacritical problem
for everyday use.

The I’'m Here! module, however, is a stand-alone, wearable modul e without any
devices that need to be attached. Moreover, this module has achieved the simple
registration of both portable and rigid objectsin a user’s everyday circumstances. In
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Figure 14. The concept of ‘I'm Here’

addition, the module automatically associates video memory with the IDs of the
continuously observed objectsif they have already been registered. The user then can
view thevideo recorded when he/shelast held thetarget object by simply identifyingthe
object by its name.

Module Design

I’'m Here! continuously captures a user’s viewpoint video, and continuously
identifiesthe object held by the user. The modul e then constructs and recordsthe video
memory, which isvideo data of auser’sviewpoint along with theindex of the detected
objects. Using the video memory, the modul e can retrieve the latest video of the target
object sothat theuser canremember where he/shelast placed the object. To createavideo
memory, a dictionary, which includes the appearance-based image-features of the
preliminary registered objects, isregistered.

Themodulehardware consistsof awearable PC, aJog-dial interface, and awearable
display with acameradevicenamed “ ObjectCam.” Thevideo captured by the ObjectCam
isstored in the wearable PC.

As depicted in Figure 15, the module provides the user with the following three
operation phases:

. Object Registration. In this phase, the user registers target objects by simply
holding and gazing at the object with arotational operation to construct the object
dictionary. The dictionary consists of the name, the 1D, and appearance-based
image-features of each object.

. Object Observation. In this phase, the module automatically captures and
continuously recordsavideo of the user’ sviewpoint. The modul e simultaneously
identifies the object held by the user to construct the video memory, which isthe
video data with the index of the observed object’s IDs.

. Object VideoRetrieval. Intheobject videoretrieval phase, the user simply selects
thenameof the object he/shewantsto remember. Themodul e searchesfor thename
of the object in the video memory and retrievesthelast recorded video associated
by the object.
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Figure 15. Overview of operation phases
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Object Extraction from a User’s Viewpoint | mage

Theimage of auser’ sviewpoint includes the object region, the region of the hand
holding the object, and the background region. To construct an appearance-based
image-feature of the object, theregion of the object must be extracted from theimage by
eliminating both the hand region and the background region.

Many studiesof extracting atarget region by eliminating abackground region exist.
Thebackground subtraction method hasbeen used in many real -timevision systemswith
fairly goodresults(Horprasert, Harwood, & Davis, 1999). However, thismethod requires
astatic backgroundimagethat can rarely be obtained by awearable camera. Onthe other
hand, top-down knowl edge from object recognition that can be used for segmenting the
target regionfromexterior regionshasal so been discussed (L eibe& Schiele, 2003b). This
method is suitable for images with cluttered backgrounds and partial occlusions.
However, applying thismethod to real-timeapplicationsisdifficult becausethetemporal
loadsfrom preliminary learning of knowledgeanditerative processing arerequiredinthis
method.

ObjectCam
We have developed a new cameradevice named “ ObjectCam” to extract only the
object image from the user’s viewpoint image. This camera device enables low-cost
object image extraction regardless of background complications.
Figure16illustratesthearchitecture of the ObjectCam. Thecameradevice consists
of a color camera and an infrared camera clamped at the same posture across a beam
splitter. A frame of theimage captured by the ObjectCam consists of acolor fieldimage
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Figure 16. Wearable devices and the structure of ObjectCam
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andaninfra-red (IR) fieldimage. An IR fieldimage displaysthereflected IR luminance
caused by the IR radiator on the front of the device.

Object Extraction Using the ObjectCam

Figure 17 illustrates a blockgram of the object extraction process. First, a nearby
region mask ismade from an IR field image with aluminance threshold in abinarizing
process (Figure 17a). Second, by applying the mask to remove the background region
fromthecolor fieldimage (Figure 17b), themodul e createsanearby regionimage. Third,
the object region mask is created by removing the region of the hand holding the object
using the user’ s skin color (Figure 17c). Finally, by applying the object region mask to
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both color and IR fieldimage of theuser’ sviewpoint, themodul e createsan image of the
object (Figure 17d).

Object-feature and Similarity

Both object registration and recognition processes are necessary for retrieving the
last recorded video containing the target object from the video memory database. Many
object recognition methods have been proposed. The appearance matching of three-
dimensional objects using parametric eigenspace features, for instance, has been
estimated withgood results(Schiele& Crowely, 1996). However, alargel oad isnecessary
to compress large amounts of input images into the eigenspace features, and a strict
facility to register the eigenspace featuresis required. On the other hand, probabilistic
object recognition using thefeature of multidimensional histogramshasbeen appliedto
estimate the probabilistic presence of the registered objectsin the scene (Nayar, Nene,
& Murase, 1996). Because the experimental result mentions only the scale change and
image-plane rotation of the input image, the variety of appearances of the three-
dimensional object still remains aconsiderable problem.

Several problemsregarding the recognition of the object held by auser in everyday
circumstances still need to be considered; for example, (1) real-time registration and
recognition of theobject, (2) theability torecognize athree-dimensional objectin several
appearances, and (3) the problem of achieving good performance of object recognition
in the case of increasing the amount of registered objects. The study proposing an
appearance matching of three-dimensional objectsusing parametric eigenspacefeatures
hasthe disadvantage of (1), and the other study of probabilistic object recognition using
thefeature of multidimensional histogramsdoesnot clearly address. (2) Inthe develop-
ment of I’'mHere!, amulti-dimensional histogram feature extracted from object images
captured by ObjectCam, whichincludescolor and IR luminancedatais proposedto solve
problems (1) and (2), and the proposed feature is estimated from the perspective of (3)
in the section, Experiments and Result.

Constructing an Object Feature with Object Images

The object dictionary contains the appearance-based image features of the regis-
tered objects with their IDs. An object feature of a three-dimensional object is con-
structed from several images in representative appearances. To construct the object
feature, the module captures several images of the object, makes an image feature
representing each image, and integrates these image features into an object feature by
grouping and integrating similar image features.

Extracting an Image Feature

An object image featureisdenoted by a{H - Z - C} three-dimensional histogram.
This histogram consists of {H, Z, C} elements extracted from each pixel of the object
image. H and Z represent Hue and | R luminance value. C representsthe pixel group ID
divided by distance from the centroid of the silhouette of the object image. In addition
to the hue values asacolor feature, the{H - Z - C} histogram includes IR luminance as
adepth-likefeature and C as asilhouette-like feature. Due to each feature’ srobustness
for the rotation of the view axis and the low-cost processing of this histogram feature,
the{H - Z- C} histogram is expected to be agood image-feature in object recognition.
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Thehuevalueisbased on HSV color representation converted fromthe RGB values
of apixel. The module extracts hue value H using the expressions below:

V =max(R,G, B), (10)
W =min(R,G,B), (11)

V-Z
S—a(—v ) (12)

\Y

LS
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44—
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Srepresentsthesaturation value, and V and Wrepresent themaximal and minimal value
among the{ R,G,B} valuesof thepixel. Thesevaluesarelimitedas0<R,G,B,SV,W< aand
O<H<B.

Thehuevaluewithlow saturationissensitiveto sensor noise, however. According
tothesensor noise, the{ R,G,B} and{ H,S,V,W} color featuresoscillateontheir own order.
Furthermore, the hue value becomes uncertain as the saturation value decreases. This
creates a problem.

To avoid the influence of the sensor noise, we apply the probabilistic sensor noise
model to the hue value. The distribution of sensor noise is assumed to the Gaussian
distribution, as denoted below when the average of the distribution is u and the
dispersionisc

1 _(><—u2)2
K(X)zﬂde 2 (14)

Using equation 13, the dispersion of H is represented as:

0res(G.B), R
oy = URGB(B,R), G
ores (RG), B

(15)

Il
< < <

The element 6, in equation (15) isrepresented as below:
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Figure 18. Image-feature of an object as the {H - Z- C} three-dimensional histogram
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The dispersion of the { SV,W} value represented as {6, 6,, 6,,} can be directly
derived from the statistical observation of the { R,G,B} distribution.

Using equation (14), (15), and (16), the uncertainty of the hue value with low
saturation can be represented; in the case of zero saturation, the probabilistic hue
distribution becomesflat.

Animage feature of an object isthe integrated distribution of all the pixels of the
imagerepresented asthe{H - Z - C} histogram. Figure 18 representsthe construction of
the{H - Z- C} histogram from an object image when ith pixel of an object image hasthe
huevalueof H, , the IR luminance value of Z, the group ID of C,, and the distance from
the centroid of thesilhouette of theobjectimageof L,. Thevalueof C,isdenoted asbel ow:

L |n
C = [T' FO] (17)

L representsastandard distance. n equal sthe entireamount of all pixelsof theobject
image and n represents the normalized amount of pixels. Asdepicted in Figure 18, the
distribution hasahueaxis, an IR luminance axis, and an axis of the pixel group number.
Thevaluesof Zand Carelimitedas0<Z<Z and0<C<C__.Thedistributionvalue
in{H=j,Z=k,C= 1} isrepresented as below:

D(i,k,|)=zfH(i,i)'Zik'Cn, (18)
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1, k= Zi

Zik = 0, K = Zi , (19)
1 I=cC

Cn = {O, | = Ci . (20)

f,(i.j) representsaprobabilistic contribution of ith pixel for the | thbin of the hue
value represented as bel ow:

f(i, ) = %fh:jjil)KiH dx, {jlj= 1,2,....,%}. 21)

histhe breadth of the bin of the hue (Kawamura, Ueoka, Kiuchi, Kono, & Kidode,
2003).

Grouping Image-features for Object Registration

In the object registration phase, the module constructs an object feature from
several appearances of an object as a set of selected representative image features
(Figure 19). The selection of representative image features is based on a grouping of
similar image features of an object.

Themodulecapturesseveral imagesof theobject and cal cul atestheimagefeatures.
We canreducetheamount of the elementsof an object feature by grouping similarimage
featuresinto arepresentative image feature to avoid aredundant comparison in identi-
fying the object.

Thesimilarity of imagefeaturesD, and D, isbased onthe Sum of AbsoluteDifference
(SAD) of three-dimensional histograms, as denoted by SAD" (D, Dj) in the equations
below:

>oIDi(hz.c)= D, (M (24 2, (i) =z ()], O< (242, (1) =2 (1) < Zpw
SAD'(D,,D,) ={"*

>Ibi(h.zc)

h,z,c

(22)

) other.

When D (h,z,c,) is reintegrated into D () on the basis of IR luminance, z (x)
represents the centroid of D *(2). z (x) and D *(2) are denoted as follows:

2,(0=; 2.0} 2)

D?(z)=Y.D,(h zc) (23)
h,c
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Figure 19. From several appearances to an object-feature
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The SAD" isderived by aligning distributionswith their centroid onthebasisof IR
luminanceval ues, becausethereflected | R luminance valueisexperimentally observed
in linear relation to the distance from the object’ s surface.

Thefollowing equations define the clustered structure of theimages of the object:

AY={A| 1<i<N}
Ulz{Qi| 1SiSN1}'
AU(j+l):AUj_Qj.

(24)

AV representsthejth set of imagesof theobject. AY includesall images of theobject.
A, representstheithimageincluded in AY. N representsthe amount of imagesincluded
inAY, andisboundedin1<N <N.. Q representstheith cluster of similarimagesincluded
in AY, When R is the selected representative image of AY, R is denoted as follows:

R=A, (25)

Whentheimagefeature of A isD, and theimagefeature of arepresentativeimage
R is D1, the following equations defl nethe contents of Q with equation (22):

A;€Q;, SAD"(D,,D,)<th,

A, ZQ;, other. (26)

th ! representsthethresholdfor Q to contentimagessimilar to R. Theset of selected
representativeimages R, is defined asfollow:
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Figure 20. Overview of the comparison between features for object recognition
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image-feature
R={R| 1<i<Ng}. (27)

N, represents the amount of selected representative images of the object bounded
in1<N,<N.,.
R 1

Comparing Image-features for Object Recognition
In the object observation phase, the module tries to recognize an observed object
along with any of theregistered objects. Inthe recognition process, the observed object
featureiscompared with all registered object featuresintermsof similarity (Figure 20).
Wedefined the similarity between observed object o and aregistered object r using
equation (22) asbelow:

e =min{SAD'(D,,D,)| p=12......N,}, (28)

D, representstheimage feature of the observed object o, and D, representsthe pth
image feature of the registered object r. N, represents the amount of selected represen-
tative images of object r.

The result of object recognition is represented as bel ow:

r, minf{e, [r=212,...,M} < th,

Obj =
) 0, other. (29)

M represents the amount of registered objects, and thg the threshold of minimal
similarity. The result O shows that there are no registered objects matched with the
observed object.
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Video Retrieval with Video Memory

Through the object observation phase, themodul ecreatesthevideo memory, which
isthevideo datawith theindex of observed objects. Theindex is associated with every
frame of thevideo memory. If aframeof captured video containsaregistered object, the
index explicitly annotates to the frame with the ID of the object.

Inthe object video retrieval phase, the module hasto display the segmented video
using the video memory. To segment the recorded video, the modul e sets a start point
p, and an end point p_on the recorded video sequence on the condition that the last
observed point of thetarget objectisp_, and thetimelength of the segmented videoisU:

U

Ps = Po _31 (30)
U

P.= P+ (31)

Using the segmentation rule, the retrieved video includes both forward and
backward information from when the object was observed.

Experiments and Results

Since the object recognition performance affects the accuracy of retrieved video,
we have estimated the object recognition performance of the proposed method by afew
experiments. These experimentswere performed inanindoor environment with fluores-
cent light. The module is estimated in offline usage, by setting ObjectCam on its base
and by setting a target object on a turntable.

The sets of target objects are depicted in Figure 21. Set (a) consists of ten objects,
and Set (b) consists of twenty objectsincluding the objectsin (a) and an additional ten
objects. Each object isrigid, the appropriate size to hold, and used in everyday life.

In of f-line object registration, the modul e captures twenty images for each object
as input images for object registration. Each of the twenty images is in a different
configuration of distance and perspective. The modul e createsan object dictionary with
selected representative image features and an ID of each object.

Instead of the object observation phase, the modul e cal culates an object recogni-
tion rate with every registered image to be observed; that is, the object dictionary
consists of all the registered object features in these experiments. The module rejects
matching between different objects and allows matching between any configuration
patterns in the same object.

To demonstrate the advantage of the proposed method, we have compared the
{H-Z- C} histogram method with other methodsusing{H},{H-Z},and{ H - C} histogram
methodsin these experiments. The parameters are set asfollows: o= 256, =360, Z__,
=255,C,, =10,L=10,n,=1000and h=4. Table3displaystheresult of theexperiments.
We found that in the proposed {H - Z - C} histogram method, the recognition rate
decreases | ess than in other methods even when the amount of objectsin the target set
increases. In everyday useof I’mHere!, theamount of registered objectsincreases. The
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Figure 21. Sets of target objects

(b) 20 objects

Table 3. Experimental results

Object feeture value {H} {H-C} {H-Z} {H-z-C}
(@) 10 objects 99.2% 99.2% 91.7% 96.7%
(b) 20 objects 8L.7% 88.8% 87.5% 94.1%

experimental result demonstrates that the proposed method is useful for online object
recognitioninl’mHerel.

Summary

Wehaveproposed awearablemodulenamed 1’ mHere!” to support auser’ sability
to remember where he/she placed a target object using video memory. Automatic
construction of the video memory using the proposed {H - Z - C} histogram method
requires real-time and accurate recognition of the observed object. To estimate the
accuracy of the recognition method, off-line experiments have been performed. The
experimental results suggest that the proposed method is useful for object recognition
of the module.

Someissuesremain for achieving an online module of I’'mHerel:

. Speeding up therecognition process. Wedefinethegoal of the processing speed
as 15fps (a quarter of the video rate).

. Performingexperimentswith mor er egister ed obj ects. Ultimately, weexpect that
the module will be ableto identify 100 objects.

. Segmenting moreappropriateretrieved videofor auser. hisproblemisclosely
associated with the contentsof therecorded video. The solution requiresextensive
analyses of the contentsaswell asafield trial of the modul e using questionnaires.

. Producingapolishedinterfacefor object videoretrieval. Thecurrentinterfaceis
based onimmediatedirection tothenameof thetarget object. Related studieshave
shown that knowledge of object categorization is useful for estimating and
improving object recognition methods (Leibe & Schiele, 2003a). We expect that
knowledge of object categorization is also useful for supporting the selection of
the target object so that the user can select the category of the target object.
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HOW TO MANAGE VIDEO MEMORY
IN THE REAL WORLD

This section introduces the Ubiquitous Memories module to support Memory
Retrieval, Memory Transportation, and Memory Exchangefunctionsin SARA (Kawamura,
Kono, & Kidode, 2002; Kono et al,, 2003). The primary motivation of thestudy istoenable
wearers to manage everyday memories in the real world. In order to accomplish this
motivation, we have proposed the concept of Ubiquitous Memories and developed a
prototype module that can associate augmented memories with a physical object inthe
real world usinga“touching” operation (Kawamura, Fukuhara, Takeda, Kono, & Kidode,
2003).

Conceptual Design

We propose a conceptual design to ideally and naturally correspond augmented
memory to human memory. Conventionally, a person often perceives and understands
anew event occurringinthereal world by referring to his/her experiencesand knowledge,
and then storing the memory of the event into his/her brain. He/she then obtainsanovel
and natural actionfor theevent by anal ogically and metaphorically associating the event
with previously occurring events. We believe that the acquisition of natural actionsis
important for realizing augmented memory. This acquisition positively establishes a
“conceptual design” for seamless integration between human memory and augmented
memory. In addition, the “Hand” interface has the potential for integrating augmented
memory into objects.

Below we introduce the conceptual design of the Ubiquitous Memories module.
The following procedures illustrate the conceptual design:

1 A person perceives an event via his/her body.

2. The perceived event is stored into his/her brain as a memory.

3. Thehumanbody isused asmediafor propagating memories, i.e., thememory travels
all over his/her body like electricity, and the memory runs out of his/her hands.
(Imitating this feeling, he/she can transfer the memory from his’her body to a
physical object by “touching”).

4.  Thetransferred memory remainsin the object.

5. He/she transfers the memory from the object to his/her body when he/she is
interested in the object and touches it again.

6.  Finally, he/she can recall the event.

Inthischapter, wedefine“ Context” asinformation the human can senseinthereal
world, for example, atmosphere, the observer’ semaotional condition, and the biometric
states of the observer. Note that acontext isnot datalike avideo memory. The“Human
Body” and an“ Object” areimportant for our concept in realizing ubiquitous memories.
Both the “Human Body” and “Real-World Objects” are essential device/media for
augmenting human memory in Ubiquitous Memories; that is, the human body behaves
asadevice/mediathat associatesvideo memory with objects. Thetermsof the conceptual
actions shown in Figure 22 are defined as follows:
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Figure 22. Concept of Ubiquitous Memories
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. Enclosure action is shown by two steps of behavior: (1) a person implicitly/
explicitly gathers current context through his/her own body, and (2) he/she then
arranges contextsas ubiquitousaugmented memory with areal-world object using
atouching operation. The latter step is functionally similar to an operation that
recordsvideo datato aconventional storagemedia, for example, avideotape, aCD-
R/W, or aflash memory. Thetwo steps mentioned above are more exactly defined
as the following actions:

e Absorb: A person’sbody acquires contextsfrom an environment, his/her own
body, and his/her mind, as moisture penetrates into one’s skin. Such an
operation iscalled “Absorb” and is realized by employing real world sensing
devices, e.g., acamera, amicrophone, and athermometer.

¢ Runin: Whenapersontouchesareal-world object, an augmented memory flows
out from his/her hand and runs into the object. A “Run in” functionally
associ atesan augmented memory with an object. In order to actualizethisaction,
the module must recognize a contact between a person’ s hand and the object
and must identify the object.

. Accumulation denotes a situation in which video memories are enclosed in an
object. Functionally, this situation represents how the augmented memories are
stored in storages with links to the object.

. Disclosure action is a reproduction method where a person recalls the context
enclosed in an object. “Disclosure” has a meaning similar to that of replay (for
example, the way a DVD player runs a movie). This action is composed of the
following actions: “Run out” and “ Emit.”
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* Run out: In contrast to “Run in,” video memory runs out from an object and
travels into a person’s body. Computationally, the “Run out” identifies the
storage space where the augmented memories’ linked objects are stored, and
retrieves these memoriesfrom the Internet to auser’ swearable PC. In order to
achieve this action, the module needs contact and object identification func-
tions such as“Runin.” In addition, the module must have aretrieval function
to refer to augmented memories associated with an object.

* Emit: A wearer canrestorecontextsinan environment to his/her body, and mind.
Themodule should employ devices, for example, avideo display and aheadset
that can play back an augmented memory.

Enclosing an augmented memory in an object memory-seeking behavior directly
corresponds to an object-searching behavior where the object is associated with the
memory in somescene. Thiscorrespondencegivesawearer moreintuitive power to seek
for an augmented memory using the principle of human memory encoding (Tulving &
Thomson, 1973). For exampl e, supposethat apersonwonfirst prizeinthe 100-meter dash
at an athletic festival and then got a plaque. A person can easily recall the event when
he/she simply looks at the plaque because he/she has associated the event with the
plaque in his’her mind. This associative ability is called the Encoding Specificity
Principle. Two detailed characteristic traitsexist for the principle when expressedin an
object-seeking action. One characteristic trait isthe ability to recall an event or feeling
or emotion by simply looking at or thinking about an object. Thisassociativetrait allows
oneto decide quickly what object he/she should seek. Another trait isthe remembrance
of placed location of the object. This trait allows a person to remember where he/she
placed an object. These associativetraitsillustrate how we can easily recall an event by
seeking out an object related to that event.

A person’ s touching operation is employed not only for realizing metaphors that
a human hand implies (“Run in” and “Run out”), but also for naturally controlling an
augmented memory module. Nonethel ess, explicitly selecting an object for both human
and computational devices makes it easy to for the user to express his/her distinct
intentions by “touching.”

Har dware

Wear able Equipment for the Ubiquitous Memories Module

Figure 23 shows the equipment worn with Ubiquitous Memories. The user wears
aHead-mounted Display (HMD; SHIMADZU, DataGlass2) to view video memoriesand
awearablecamera(KURODA OPTRONICS, CCN-2712Y S) to capturevideo memory of
his/her viewpoint. Theuser alsowearsaRadio Frequency | dentification (RFID; OMRON,
Type-V 720) tag reader/writer on his/her wrist. Additionally, thewearer usesaVAIOjog
remotecontroller (SONY, PCGA-JRH1). Tocontrol themodul e, thewearer attachesRFID
operation tagsto the opposite side of wrist fromthe RFID tag reader/ writer. Thewearer
carries awearable computer on his’her hip. The RFID device can immediately read an
RFID tag data when the device comes close to the tag. The entire module connects to
the World Wide Web viaawireless LAN.
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Figure 23. Ubiquitous Memories equipment

Wearable camera

Real-World Object Attached to an RFID Tag

We currently assumethat an RFID tag is attached to/implanted in each real-world
object. Wehaveemployed ashort-rangetype RFID devicefor identifying each real-world
object, and for controlling the states of the module. The readable range of the RFID
strongly dependsontheRFID tagsize. A small sizetag of lessthan 1cm allowsthereader
to read the tag. Data can also be retrieved from alarge tag of about 3cm.

Figure 24 depictsasampleimage of an RFID tag attached to acup. The Ubiquitous
Memories modulereadsinformation froman | C of the RFID tag. Table4illustratesatag
dataprotocol to manage video memory. There are two facets of the RFID tag. Onefacet
concerns identifying a certain object by attaching an RFID tag. We have employed a
Serial Number (SRN) that is unique to each RFID tag before shipping as an object
identification number. Another facet of the RFID tag is the data needed to address a
server URL for storing and retrieving video memory by touching areal -world object, and
send a command to the module by touching one of operation tags.

Figure 24. RFID tag attached to a cup
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Table 4. RFID tag information

Purpose Object Identification Number Data
Addressfor sorage SRN URL
System Control SRN Operation Code
Module Design

A Module Configuration Diagram

Figure 25 shows the modul e configuration of Ubiquitous Memories. This module
iscomposed of aclient and multipleserversfor awearer. Inthissection, we havetermed
the server aUbiquitousMemories Server (UM S). Thewearable computer playstherole
of aclient. The core process is UM Control on the client. The Video Buffer Control
temporally manages a video memory beforeit is stored in a database. The Ring Buffer
enables the wearer to choose two types of an enclosure operation. As a basic strategy,
the wearer encloses a 10 second length video memory from the moment he/she wantsto
encloseit. On the other hand, the wearer can enclose a 10 second length video memory
to atime when he/she wantsto encloseit. This module hastwo types of databases. One
is aprivacy policy-oriented database that is placed in a wearable computer. We have
named that database the Ubiquitous Memories Client Database (UM CDB). Another
database is a public/group policy-oriented database. This database represents a server,
which is termed the Ubiquitous Memories Server Database (UMSDB), in order to
exchange video memory with other wearers.

We have employed a special protocol named the Ubiquitous Memories Transfer
Protocol (UMTP) to transport a video memory between aclient and a server. Table 5
illustratesthetypesof messageand dataused for UM TP. Table 6 showsan actual example
of the message and data. In the Ubiquitous Memories module, three types of data are
transported: Message, Video Memory, and List Data. In Table5, aparenthesisshowsthat
(Command), (Video Memory), or (List Data) are not needed in all processing. In the
Message Type, the module can distinguish three states: “ Only Message | nformation,”
“Attaching Video Memory,” and “ Attaching List Data.” OID means an object identifi-
cation number (SRN) recorded in an RFID tag. The UID isauser identification number.
The AT shows an attribute of publication to other users. This attribute of publication
isequal to a permission used to limit auser who is able to enclose video memory. The
GID is a group identification number used for sharing video memories with friends,
families, and co-workers. TIME isthetimewhenthewearer first enclosesavideo memory.
Command is equal to an operation code registered in an RFID tag. List Dataiswritten
downinformation (UID, AT, GID, TIME, and afilename of the video memory) of video
memories that are enclosed to the same objects (OID).
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Figure 25. Ubiquitous memories module configuration
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Table 5. Type of message and data transportation

Identification Part
M essage Part
Data Part

Message Type
OID, UID,AT, GID, TIME, (Command)
(Video Memory)/(List Data)

Table 6. An example of message and data transportation

| dentification Part
Messege Part
Data Part

DATA
0B8BE72400000009, 1000,1,9001, 20030909101231, OENC
Data.avi

Operations Using Operation Tags

67

The UbiquitousMemories modul e hassix operational modes: ENCLOSURE, DIS-
CLOSURE, DELETE,MOVE, COPY, and NONE. Notethat theNONE modemeansthat the
modul e reacts to a wearer’ s actions only when one of operation tagsistouched. There
are two basic operation tags and three additional operation tags for changing the mode.
The wearer can select one of the following types:

i ENCL OSURE: By touching the “Enclosure” tag and an object sequentially, the
wearer enclosesvideo memory to an object. Inthismode, thefunctionsof “ Absorb”
and “Run in” are sequentially operated.
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i DI SCL OSURE: Thewearer candiscloseavideo memory fromacertainreal-world
object. In this mode, the “Run out” function and the “Emit” function are sequen-
tially operated.

Using additional operation tags, the wearer can treat a video memory in the real
world like paper documents or data on a PC by using the following types of tag:

i DEL ETE: Thewearer candel eteavideo memory enclosed inacertain objectinthe
“DELETE” mode. This mode is used when he/she accidentally encloses an
incorrect video memory, or when he/she thinksthat acertain video memory isnot
needed anymore. (First, avideo memory isrun out from an object. He/shethen emits
contexts to the real world. Lastly, the video memory passes out of the object.)

i MOVE: Thismodeisuseful whenthewearer wantsto moveavideo memory from
acertain object to another object. For exampl e, thewearer enclosesavideo memory
to a notebook in advance when he/she is on a business trip. He/she rearranges
video memories to each appropriate object after he/she comes back to his/her
office. (First, avideo memory isrun out from an object. He/shethen emitscontexts
to the real world. Lastly, he/she runsin the video memory to another object.)

i COPY': Inthismodethewearer can copy avideo memory to other objects. Anevent
often hascontextual relationswith multiplereal-world objects. Thismodeenables
theuser to disperseavideo memory to appropriate objects. (First, avideo memory
isrunout fromanobject . The samevideo memory, however, remainsintheobject.
He/shethenemitscontext tothereal world. Lastly, he/sherunsinthevideo memory
to another object.)

Operations Using a Jog Remote Controller Interface

A wearer is allowed two ways to use a jog remote controller: one way is to set
permission for publication by referring video memories that are enclosed to an object,
the other way isto seek for an appropriate video memory from retrieved candidates.

Selecting Publication/Referencel evel:

A wearer must set apublicationlevel attributeto avideo memory tolimit thepeople
who canrefer to thevideo memory whenthe user enclosesit to an object. Thispublication
attributeisparticul arly important when awearer enclosesahighly privatevideo memory.
Additionally, the wearer can select the reference level indicating the type of candidate
video memories retrieved in a disclosure process. We have defined the following
attributes:

i Publication Level: A publication level is set when the wearer encloses a video
memory to an object. Figure 26 (top) showsan example; he/she selectstheattribute
“Public.” Threetypes of publication levels exist:

* Private: Only the wearer who enclosed the video memory can discloseiit.
* Group: Wearers who belong to a certain group can discloseit.
e Public: All users can discloseiit.
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i Reference L evel: Thislevel isselected when awearer discloses avideo memory
from an object. In order to retrieve adesired video memory, he/she can reduce the
video memoriesinto disclosurecandidatesthat are set at acertain publicationlevel.
Three types of reference levels exist:

* Personal: Thewearer can disclose his/her own video memories.

* Group: Thewearer can disclose his/her group’ svideo memories published by
the “Group.”

¢ Public: Thewearer candiscloseall video memoriesthat he/sheisallowedtorefer
to by permission of the owners.

Findingan AppropriateVideoM emory:

In the disclosure process awearer can easily find the desired video memory if the
number of memory candidates were enclosed in the touched object using the jog
controller. Asthenumber of enclosed memoriesincreases, however, it becomesmoreand
more difficult for the wearer to find the memory to be disclosed among the candidates
even if awearer islimited by selecting one of the reference levels. Figure 26 (bottom)
depictshow tofind avideo memory. Intheexample, thewearer viewsasnapshot of avideo
memory, which is activated by the controller, in the HMD. The wearer can change an
activated snapshot when he/sheturnsthedial of thecontroller around. Thewearer finally

Figure 26. Selecting publication level and the required video
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discloses a video memory by pushing down the controller when he/she finds a video
memory of interest.

Experiments and Results

We conducted an experiment to eval uate the effect of employing real world objects
as mediafor augmenting human memory.

Methods

This experiment was conducted at the Nara Institute of Science and Technology
(NAIST) in Nara, Japan, among graduate students of the Information Science Depart-
ment. Twenty test subjects were included in this experiment.

For materials, we used 10 physical objectsthat had no contextual relationto each
other. We also used 10 portraits of unfamiliar persons, and two sets of 10 playing cards
composed of the numbers 1 through 10. We conducted the experiment under laboratory
conditions. One experiment was composed of a memory test and a recall test. In the
memory test, the subject memorized 10 trials. In the recall test, the subject answered a
guestionnaire.

Inatrial of thememory test, the subject wasfirst shownapair consisting of an object
and a portrait. The subject then selected one of the corners of the portrait. Finally, the
subject was shown the predetermined pair of playing cards. The subject was allowed to
look at these numbersfor 30 seconds. The subject had to memorizethe object and portrait
pair, and the corner of the portrait and two card numbers as a real-world experience
including narrative contexts. The subject continuously tried to memorize all trials. All
subjects had to do two experiments within the following four conditions:

C1: Useonly human memory (learn by heart)

C2: Useonly facial characteristics (record with a paper and a pen)

C3: Refer to photo album type portraits that were used in the memory trial

C4: Use the Ubiquitous Memories module to refer to portraitsin the recall test

Test subjects were divided into four groups. Group 1 did two experiments using
conditionsC1 through C3. Group 2 experimented using conditions C3through C1. Group
3 experimented two timesusing conditions C2 through C4. Group4 did two experiments
in conditions C4 through C2.

In the recall test, a questionnaire contained 10 recall questions. The subject was
given oneobjectimagein each question. Therewerethreeempty boxes (portrait, corner,
and card numbers) inaquestion. Thesubject then selected aportrait D fromalist having
40 portraits, marked a corner (Left-Top, Left-Bottom, Right-Top, Right-Bottom), and
wrote down two card numbers. The subject wasthen given alist of 10 portraits used in
thememory test only in condition C3. All subjectsfilledin someor all answerswithin 10
minutes. The question sequencewaschanged fromthetrial sequenceinthememory test.
All subjects ware allowed to answer the questions in a random order.
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Table 7. Recall rate

C1 c2 c3 c4
N** 24.0% 3L0% 10.0% 20%
PB'F 11.0% 80% 19.0% 19.0%
PBF 12.0% 9.0% 5.0% 3.0%
PB'F 23.0% 20.0% 32.0% 3L0%
PB'F 8.0% 4.0% 3.0% 1.0%
PB'F 4.0% 9.0% 11.0% 19.0%
PBF 5.0% 1.0% 3.0% 0.0%
PBF 13.0% 18.0% 17.0% 25.0%
P 51.0% 55.0% 79.0% 94.0%
B 53.0% 48.0% 57.0% 59.0%
F 30.0% 32.0% 34.0% 45.0%

Results

The results were taken of the 20 questionnaires collected from the graduate
students of the Information Science Department in NAIST. Table 7 illustratestherecall
ratesfrom the 20 questionnaires. In thissection wedefined N, P, B, Fand ‘. N (whichis
a percentage of errors), as follows: no answers regarding a portrait, a card and card
numberswere correct answers on several questions. P showsthat the answer regarding
the portrait was correct. B shows that the answer of a corner was correct. F represents
the answers of card numbers that were correct. X' (X iseither P, B or F) representsthe
answer of a question X that was not correct.

InTable 7, N and P show asignificant difference among the four test conditions
(p< 0.001). Pby C4is, however, not 100% because of moduleerror. Inthesumof P'BF’,
P'B’F, and R’ BF, we can see the influence on the difference among the test conditions
(C1:25.0%, C2: 14.0%, C3: 11.0%, C4: 4.0%, p< 0.001). Thesumof PBF and PBF shows
thetransparency inthedifferent test conditions (C1: 36.0%, C2: 38.0%, C3: 49.0%, C4:
56.0%, p>0.1).

Discussion

We need to investigate which kind of memory aid strategy performed best. Table
7 showsthat our proposed modulewasthe most effective. Thedifferencesareespecially
clearintheresult of N and P. Intheresult of PBF (C1: 13.0%, C2: 18.0%, C3: 17.0%, C4:
25.0%), C4 showed therelationship of an object associated with aportrait. Additionally,
thesumof P BF’,P'B’'F,and R’ BF (C1: 25.0%, C2: 14.0%, C3: 11.0%, C4: 4.0%, p<0.001)
showsagood result for the UbiquitousMemoriesmodule. Thesum of PBF’ and PBF (CL1:
36.0%, C2: 38.0%, C3: 49.0%, C4: 56.0%, p > 0.1), however, represents a lack of
effectiveness for unrecorded events even if a person chose any of the memory-aid
strategies.

In the experiment, the modul e showed the following two significant results:

1  People tend to use a module similar to conventional externalized memory-aid
strategies, such as amemorandum (C2), and a photo album (C3).
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2 The result shows that “Enclosure” and “Disclosure” operations, which enable
wearerstodirectly record/refer to avideo memory into/from an object, haveenough
effectiveness to make ubiquitous memoriesin thereal world.

Webelievethat themoduleismoreuseful than conventional externalized memory-
aid strategies. Increasing the workload adds knowledge about how best to conduct
oneself in acertain situation or eventsin our increasing complicated lives. The former
result means that a wearer can make ubiquitous memories without special overloads
using our proposed module.

Summary

We introduced a Ubiquitous Memories module that enables wearers to make
ubiquitous video memories using real-world objects. A prototype of the Ubiquitous
Memoriesmodul e hasbeen devel oped on awearabl e camera, with an RFID tag reader and
anRFID tag attached to areal-world object. This module has enough basic operations
to directly enclose/disclose avideo memory into/from an object.

The shortcomings of this study include the necessity for retrieving aproper video
memory from a huge collection of enclosed video memories in an object. An object
selection problem also remains in both operations of “Enclosure” and “ Disclosure.” In
the case of object selection, awearer might worry about selecting an object to enclose
avideo memory. In order to resolve these problems, we should structuralize contextual
relations among persons, objects, and contexts (Michael, Hans, & Albrecht, 2001,
Michael, Tobias, & Christian, 2002), and investigate the similarity of enclosure and
disclosure patterns between similar objectsand between non-related objects. Lastly, we
believethat the* Memory Exchange” functionwill beanimportant issueinthenear future
because cooperative recall is superior to individual recall in the memory process
(Takatori, 1980).

CONCLUSIONS

Theresearch for augmented memory system has grown in recent years. However,
most augmented memory researchers have dedicated themsel vesto resolving problems
similar to previous problems using conventional techniques and have analyzed simpli-
fied human traits of memory activities. Recently, such research has been directed
primarily toward clearing upissuesrelated to wearable computing such as: investigating
relationships between video data and brain wave data and supporting memory activity
viaasubliminal effect. Exchanging experiencesisalso akey topicinrealizing augmented
memory system. Webelievethat the study of augmented memory isan excellent test bed
for integrating information spaces in such fields as psychology, sociology, and infor-
mation science and technology into the real world.

Thefuture research direction of the SARA framework includes connection-ability
problems among super-distributed augmented memory modules. One of the most
pressing problems for consideration is the ultimate realization of the operation of
“Association” (surfing on the augmented memory). In order to accomplish “ Associa-
tion,” the augmented memory system would require standard notation rules to connect
a huge amount of modules. Another difficult issue is the exchange of augmented
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memoriesamong various people. In order to exchange augmented memories, the system
hasto convertinformation from strongly personalized augmented memoriesintoapublic
domainfor all desired users. Most studiesfor augmented memories, however, considered
all human experiencein amore or less homogeneous context. Each person hasaunique
perspectiveevenif he/shesharesan experiencewith another person at the sametimeand
in the same place. We believe that exchanging useful augmented memories to realize
information conversion requires contributions of relations or associations between
multimedia data management strategies and human memory traits.
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Chapter |V

Adaptive Summarization
of Digital Video Data

Waleed E. Farag, Zagazig University, Egypt

Hussein Abdel-Wahab, Old Dominion University, USA

ABSTRACT

As multimedia applications are rapidly spreading at an ever-increasing rate, efficient
and effective methodologies for organizing and manipulating these data become a
necessity. One of the basic problems with such systems is finding efficient ways to
summarize the huge amount of data involved. In this chapter, we start by defining the
problem of key frames extraction, then review a number of proposed techniques to
accomplish that task, showing their prosand cons. After that, we describe two adaptive
algorithms proposed to effectively select key frames from segmented video shotswhere
both apply a two-level adaptation mechanism. These algorithms constitute the second
stage of a Video Content-based Retrieval (VCR) system that has been designed at Old
Dominion University. The first adaptation level is based on the size of the input video
file, while the second level is performed on a shot-by-shot basisto account for the fact
that different shots have different levels of activity. Experimental results show the
efficiency and robustness of the proposed algorithms in selecting the near-optimal set
of key frames required to represent each shot.
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INTRODUCTION

Asmultimediaapplicationsarerapidly spreading at an ever-increasing rate, novel
techniques for organizing and abstracting the data they produce become a necessity.
One of the basic problemswith such systemsisfinding efficient waysto summarize the
huge amount of datainvolved. To solve this problem, digital video streams need to be
analyzed by first dividing each stream into a set of meaningful and manageabl e units—
atask that was the focus of Video Shot Boundary Detection chapter. After dividing a
video sequenceinto anumber of shots, each shot still containsalarge number of frames.
Asaresult, the second stage in any video analysis system isthe process of Key Frames
(KFs) selection (Rui, Huang, & Mehrotra, 1998) that aimsto abstract thewhol e shot using
oneframeor more. Thisprocessisknown also asvideo summarization. Ideally, we need
to select theminimal set of KFsthat can faithfully represent each shot. K Fsare the most
important frames in a shot since they may be used to represent the shot in the browsing
system as well as be used as access points. Moreover, one advantage of representing
each shot by a set of framesisthe reduction in the computation burden required by any
content analysis system to perform similarity matching on aframe-by-frame basis.

In the segmentation chapter, we have explained how an input MPEG stream is
processed by first extractingthe DC sequence (Y eo & Liu, 1995a) fromit. Subsequently,
that sequenceisused asaninput to aneural network moduleto performthe segmentation,
shot boundary detection, task. The output of the segmentation stage is a group of
distinct shots with clear marks to the beginning and end of each segment. This output
isthenfedto our KFsselectionmodule (Farag & Abdel-Wahab, 2002a, 2002b), whichis
the focus of this chapter.

We start by introducing a fairly simple and efficient algorithm that uses the
accumul ated summation of DC framesluminancedifferencesin order to select KFsfrom
segmented video shots. Once the accumulated summation exceeds a certain threshold,
the current frame is added to the representative set in addition to the first frame (which
is chosen by default), then the algorithm proceeds. To improve the basic algorithm
introduced above, we propose afirst-level adaptation mechanism that isbased upon the
dimension of theinput videofile. After that, asecond | evel of adaptation based on ashot
activity criterion isintroduced to further improve the performance and accuracy of the
selection module. At the end, another algorithm is proposed that uses adirect compari-
son between the summation of theluminance channel DC terms of the current frameand
the corresponding summation of the last chosen key frame. The algorithm then selects
the current frameinto the representative set if the absolute differenceisaboveacertain
threshold. Thisalgorithm uses afirst-level adaptation policy similar to that used by the
first group, but it employs a statistical criterion for the shot-by-shot adaptation level.
Analyzingtheresultsproduced by both algorithms showed their efficiency and accuracy
in selecting the near- optimal set of key framesrequired to represent each shotinavideo
stream. Wethen concludethe chapter by comparing the performance of both algorithms.

Thischapter isorganized asfollows. Inthenext section, wereview briefly anumber
of related approaches for selecting KFs. The first proposed set of algorithms is then
introduced, starting with the most straightforward one and going towards the more
effective ones. After that, we introduce the second proposed algorithm along with its
criteria for the adaptation processes. Performance comparisons of the two proposed
mechanisms are given next, followed by the Conclusion at the end of the chapter.
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RELATED WORK

Key frames extraction is one of the active areas of research in visual information
retrieval (Bimbo, 1999; Lew, 2001). A review of the major approaches that have been
proposed by different researchersin the field to tackle this problem is given below.

A shot boundary-based approach was proposed in Nagasaka and Tanaka (1991)
that uses the nth frame in each shot as the key frame. The main disadvantage to this
method isthat it usesonly one key frame that may not be stable and may not capturethe
major visual content of the shot. Zhang, Kankanhalli, Smoliar, and Tan (1993) proposed
avisual content-based approach where the first frame is used as a key frame, but in
addition to it other frames could be selected as additional key frames if they have
significant content change compared to the first one. Motion-based criteria are also
considered in this method. Another approach that is based on motion analysis was
proposedinWolf (1996). That techniquecal culatestheoptical flow (Singh, 1991) for each
frame, then computes amotion metric. It finally analyzesthat metric and selects KFsat
thelocal minimaof motion.

A clustering algorithm has been proposed in Zhuang, Rui, Huang, and Mehrotra
(1998). The algorithm assumes that there are N frames within a shot divided into M
clusters. The similarity between frames is performed using color histograms, and the
algorithmworksasfollows:

i Thefirst frameis considered as the centriod of the first cluster, then subsequent
frames are compared with existing clusters centriods (if any).

i If themaximum similarity valueislessthan athreshold (d), thecurrent frameisput
intoanew cluster, otherwiseit isputinto the cluster withthe maximum similarity.

i Finally, the algorithm adjusts the clusters centriods.

i After the process of clusters formation described above, the algorithm chooses
KFsfrom representative clusters (those having the number of frames greater than
N/M). The frame that is closest to the cluster centriod is chosen as a key frame.

InYeungandLiu(1995), temporal sampling— thesel ection of representativeframes
— isachieved by using anonlinear sampling processinwhich every frameiscompared
with the last chosen representative frame. If the differenceisabove a certain threshold,
that frame is added to the set of representative frames for that particular shot. An
alternativemethodisgiveninYeoandLiu (1995b), whereaset of KFsisusedtorepresent
ashot and the first frame in that shot is always selected as a KF. A different approach
to represent the shot is proposed in Chen, Taskiran, Albiol, Delp, and Bouman (1999),
whereframesin theshot are organized in atree structurein such away that theroot node
isthemost representative framein the shot. Asone progressesdown thetree, framesare
organized into representative groups. This tree representation is obtained through
agglomerative (bottom-up) clustering, wherecolor, texture, and edge histogramsarethe
components of the feature vector and L1 norm is used to measure the feature distance.

Tonomura, Akutsu, Otsuji, and Sadakata (1993) proposed asystem that represents
video sequenceshby using evenly spaced key frameswhileignoring shot boundaries. The
major problem with thissystemisthat it selects more than the necessary number of key
framesespecially inlonginactiveshots. In Girgensohn and Boreczky (1999), atechnique
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isintroduced to detect key framesto represent the whole video without also doing any
shot boundary detection. The general ideaisto use aclustering algorithm to divide the
framesinto anumber of clusters, each with similar frames, then chooseaframefromeach
cluster. The algorithm works asfollows:

i At first, candidate frames are selected then the clusters are formed.

i Clusters that have small numbers of frames are filtered out (by using a time
constraint condition).

i Then another time constraint is used to guide the process of selecting key frames
fromclusters.

i Attheend, someclassesof imagesare emphasized askey frames, for exampleclose-
ups on people are preferred over long shots.

Anilluminationinvariant approachisproposedin Drew and Au (2000) to select key
frames. Thetechnique startswith an off-line processing stage that usesatraining video
set. It then normalizesthe color channels, cal culatesthe spherical chromaticity, applies
the wavel et compression to the histogram produced by the previous step, and then uses
the DCT transform to produce 21 DC coefficients. Finally, it employs singular-value
decomposition to produce 12 basis vectors. For any new video, the following online
processing steps are performed:

i Each frame is processed as described in the off-line processing stage to produce
21 DCT coefficientsthat areused with the 12 basisvectorsto provide 12-coefficient
features vectors for that frame.

i Hierarchical clusteringisthenfollowed.

i Frames closest to clusters centriods are selected as key frames.

A hierarchical color and motion segmentation scheme that is based on a multi-
resolution implementation of the recursive shortest spanning tree is proposed in
Avrithis, Doulamis, Doulamis, and Kollias (1999). All segment featuresproduced by that
hierarchical segmentation are then collected together using a fussy multidimensional
histogram to reduce putting similar segments into different classes. Afterwards, the
extraction of key frames is performed for each shot in a content-based rate-sampling
approach.

ACCUMULATED FRAMES
SUMMATION ALGORITHMS

The produced shots from the shot boundary detection module designed in the
segmentation chapter need to be summarized by extracting KFs from them. Although a
number of KFsextractiontechniqueswere proposed intheliterature, asdiscussedinthe
previous section, they have the following shortcomings:
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i Some of the proposed methodologies for KFs extraction use only one frame to
represent a shot. In many cases, one frame is not sufficient to semantically
represent the shot, especially if the shot is complex or contains alot of motion.

i A different group employsalgorithmsthat are oversimplified so that they cannot
adapt to different changing situations; for instance, various input frame sizes and
various activity levels within shots.

i Other techniques use mechanismsthat cal cul ate the optical flow or other complex
modelsto select KFs. Although they may give more accurate results than simpler
approaches, they are computationally expensive that renders them unsuitable for
online processing.

To avoid these shortcomings, we propose mechanisms that attempt to take a
balanced approach between the two extremes. They are not oversimplified like some of
the surveyed techniques, yet they attempt to be moreaccurateaswell ascomputational ly
efficient. Asmentioned before, the use of one key frameis, in general, not sufficient to
represent a shot unless that shot is a completely still one. As aresult of this fact, our
proposed approaches use a set of frames to represent each shot. This set may contain
only one frameif that frameis capable of representing the salient characteristics of the
shot.

In this section, we present a group of algorithms to select KFs that uses the
Accumulated Frames Summation (AFS) of DC terms. We start by explaining the first
version of the proposed algorithm, illustrating its performance and commenting on its
shortcomings. Subsequently, two enhancements to the basic algorithm are introduced
along withthe experimental results obtai ned by i mplementing each enhancement. All the
proposed algorithms in this section and in the next one work on the DC terms of the
luminance channel of DC frames extracted by the shot boundary detection module.

Using Accumulated Summation Without any Adaptation
The first developed algorithm to select KFs could be described as follows:

i Initialize the representative set to be empty and select the first frame as the first
element in that set.
i Initialize sum = 0 and flashindex to the last detected flash position plus one.

i For j=0 To N-2 do {
if (j = flashArray[flashindex] ) /* onlyif ((j-1) >= 0) */

sum= sum+ diffArray[j-1]
elseif (j = (flashArray[flashindex]+1) )

sum= sum+ diffArray[j-2]
flashindex = flashindex+ 1

else

sum= sum+ diffArray[j]
if (sum> 4, )

sum= 0
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Add j to the set of selected KFs
Increment the number of selected KFs

}
Where

diffArray] j] = Z|DCi(j)—DCi(j +1) )

N: The number of framesin a shot.

flashArray[]: An array containing indexes to flashlight positions.
6: Aninitial threshold that determines the frequency of sampling.
DC.: The DC of the luminance channel at locationii.

M: The number of DC termsinaDC frame.

It isimportant to note that the occurrences of flashlights within shots are detected
by the shot segmentation algorithm, and those points are passed to the key frames
selectionmoduleintoflashArray[]. The KFssel ection module employsthisinformation
to avoid the inclusion of these pseudo peaks (see the Segmentation chapter) into the
calculation of the accumulated summation used by the above algorithm. Instead, the
algorithm substitutes each of these high-valued peaks by the last considered frame
differencevalue(if any) asan approximation. Inthat way, theal gorithm robustly excludes
the effect of lighting changes that occurred as results of flashlights.

Inorder to eval uatethe performance of theaboveal gorithm, anumber of videofiles
were used during the tests. These files were segmented as previously described.
Moreover, in our choice of these clips, we attempted to select varioustypes of contents,
amount of activities, and sizes of the captured video that would prove the applicability
of the proposed algorithms over arange of various circumstances. The next important
issue that needs to be addressed for the above algorithm to be effective isthe choice of
the threshold value (5) that givesthe best resultsfor all these clips. While choosing the
appropriatevalueof thethreshold and in evaluating the proposed al gorithms, we depend
upon human opinion in comparing the selected KFswith those that should be generated
(groundtruth). To achievethese goals, westart by trying variousval ues of thethreshold
with almost all of those clipsand investigate whichthreshold val ue givesthe best results
intermsof theminimal expressiveset of key frames. Table1 and Table 2 show thenumbers
of selected KFs, their averages per shot, and thetotal average asafunction of threshold
value for those 11 clips.

Therelation between threshold val ue and the percentage of selected key framesto
thetotal number of framesisplottedin Figure1for threeclips. Thegeneral andintuitive
trend is the decrease in the number of selected key frames with the increase of the
threshold values. Thisbehavior is obviousfor all three curvesin Figure 1 and also can
be observed by investigating Table 1 and Table 2. Our objectiveisto select the minimal
number of key framesthat isableto accurately describe and summarize thewholevideo
stream. Selecting avery largethreshold will certainly reducethe number of selected KFs
but, at the sametime, will discard many necessary framesthat are supposed to be selected
inorder to properly summarizethevideo data. On the other hand, small threshold values
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Table1. Number of selected KFsasafunction of threshold values (25000< = § <= 100000)

Video name & = 25000 & = 50000 & = 100000
#of KFs Ave/shot # of KFs Avel shot # of KFs Avel shot

soccer 56 18.7 31 10.3 18 6.0
racing-boats 37 6.2 22 37 14 23
action-movie 20 6.7 11 37 6 2.0
carton 50 5.6 29 3.2 18 2.0
celebration 42 21.0 23 115 15 75
comedy 46 9.2 25 5.0 13 2.6
ads 79 7.2 44 4.0 24 22
class 27 39 14 20 10 14
news-cast 71 31 43 1.9 27 1.2
conf-discussion 93 4.7 52 2.6 31 1.6
tv-show 167 23 107 15 81 1.1
Total Average 8.03 4.48 272

Table 2. Number of selected KFs as a function of threshold values
(150000<=§,<=250000)

Video name &= 150000 & = 200000 & = 250000
#of KFs Ave/ shot # of KFs Ave/ shot # of KFs Ave/ shot

soccer 13 4.3 10 3.3 8 2.7
racing-boats 9 15 8 1.3 8 1.3
action-movie 5 1.7 4 1.3 3 1.0
carton 15 1.7 12 1.3 11 1.2
celebration 8 4.0 7 35 6 3.0
comedy 10 2.0 8 1.6 7 14
ads 19 1.7 15 1.4 14 13
class 8 1.1 8 11 7 1.0
news-cast 25 1.1 24 1.0 23 1.0
conf-discussion 26 1.3 24 1.2 23 1.2
tv-show 75 1.0 74 1.0 73 1.0
Total Average 1.95 1.65 1.64

will produce many redundant key frames and render the similarity matching operation
very inefficient. Bearing in mind that trade-off, we attempt to sel ect amoderate val ue of
the threshold that gives us the best results in terms of representation accuracy and the
number of selected KFs. Theval uethat balancesthiscompromiseis150,000, and for that
reason we will use thisvalue in any further experimentation.

After selecting the value of the threshold that gives the best results, let us study
indetail thebehavior of theal gorithm when applied to arepresentative subset of theclips
under investigation. KFs selection results for the action-movieclip are shownin Table
3. Shots 0 and 1 are more active than shot 2 (Figure 2), and thus the algorithm chooses
more KFs to represent these shots, although the last shot has more frames than either
of the other two. The basic factor to determine how many KFs are needed to abstract a
shot isthe amount of activity in that shot, but the shot length is another factor induced
by the way the algorithm functions. It isimportant to note that if the algorithm chooses
three KFsfor shot 0, they would abstract that shot better than only two frames, as shown
inFigure3.
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Figure 1. Percentage of selected KFs as a function of the threshold value
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Table 3. KFs selection for the action-movie clip using 6 =150,000 without any
adaptation

Shot index Range # of frames #of KFs | Index of selected KFs
0 0-51 52 2 0, 40

1 52-104 53 2 52, 96

2 105-177 73 1 105

For the carton clip, the moderate activity of Shots 1 and 2 in Table 4 allows the
algorithm to select two KFs for each one of them. Shot 3 has a considerable amount of
activity that can be noticed by investigating Figure 4, but the algorithm chooses only
oneKFtorepresentit. One moreremark — the algorithm choosesthe largest number of
KFsfor Shot 4, the most active shot in this clip, but regardless of that fact, thereis still
aneed for more KFs to properly represent that shot due to its high activity.

GenerallyinTABLE 5, theresult for thecomedy clip whoseframedifferencegraph
isgivenin Figure5. One KF is selected every about 115 frames for low-activity shots
like Shot 1 (asin the case between 49 and 163). This can change dueto alocal increase
in the activity and reach about 60 frames (163-226) because of the entrance of a new
character intothe scene (seethesecond picturein Figure6). Ideally, threeK Fsareneeded
toproperly describe Shot 1: one should containsthetwo charactersin the scene, another
KF should reflect the entrance of athird character, and the last one should feature the
presence of only one character at the end of that shot (see Figure 6). The algorithm
chooses 4 KFsfor Shot 1 asaresult of itslength. In Shot 3, the selection of Frame 581
asaKFinadditionto Frame 501 isjustified by the entrance of anew character into the
scene. The low-activity nature of Shots 0 and 4 can be noticed in Figure 5, thus the
selection of one KF is proper. The choice for Shot 2 is also appropriate.

A closeinvestigation to the algorithm’ s results for the class clip listed in Table 6
shows that alot of needed KFs were not selected. This problem isthe result of using a
largethreshold valuewith respect to the size of thisMPEG clip. For instance, Shot 0 has
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Figure 2. Frame difference graph for the action-movie video
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Figure 3. Three key frames better abstract the first shot of the movie clip than the use
of two KFs because of the various positions the character takes

Table 4. KFs selection for the carton clip using 6, =150,000 without any adaptation

Shot index Range # of frames #of KFs [ Index of selected KFs
0 0-48 49 1 0

1 49-83 35 2 49, 80

2 84-133 50 2 84, 127

3 134-151 18 1 134

4 152-234 83 5 152, 164, 182, 203, 220
5 235-244 10 1 235

6 245-254 10 1 245

7 255-266 12 1 255

8 267-330 64 1 267

camera panning at its end that necessitates the use of two to three KFs to faithfully
represent the shot; this need can be noticed by investigating the clip frames difference
in Figure 7. Reducing the value of the threshold is not asolution because thiswill affect
the number of chosen key frames for large-dimension clips.

We can observe the main problem with the above-described algorithm through a
study of itsresults, especially for small-dimension clips (176x120 and |less). The source
of the problem isthe use of afixed threshold value for all the clip sizes. Our criterionto
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Figure 4. Frame difference graph for the carton video
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Table 5. KFs selection for the comedy clip using 6, =150,000 without any adaptation

Shot index | Range # of frames #of KFs | Index of selected KFs
0 0-48 49 1 0

1 49-364 316 4 49, 163, 226, 331

2 365-500 136 2 365, 448

3 501-614 114 2 501, 581

4 615-654 40 1 615

Figure 5. Frame difference graph for the comedy video

80000

700004+ - | - - - - - oo oo oo
60000 & |- - - - - - - - - o
500004+ - |- - - - - - - - - - oo oo oo oo
400004+ - |- - - - - - - - - - -
300004+ | - - - - - - - - - -

Difference vd ue

200004+ - |- - - - - - - - - - -
000014 -} - - - - - -

0 100 200 300 400 500 600

Frame difference index

determineif anew framecan be added to therepresentative set istheaccumul ated frames
differences, and this value is afunction of the video dimension. The chosen threshold
workswell for large-dimension clips(320x240 and larger), but it performsbadly for small
ones. In ageneral-purpose video retrieval database, we cannot assume any control over
thedimension of input video streams. To be general and flexibleenough, any new stream
should be accepted, and the chosen threshold has to be adapted according to the input
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Figure 6. Three key frames are ideally needed to abstract Shot 1 in the comedy clip

Table 6. KFs selection for the class clip using 6 =150,000 without any adaptation

Shot index Range # of frames # of KFs Index of selected KFs
0 0-442 443 1 0
1 443-804 362 1 443
2 805-1452 648 2 805, 1214
3 1453-1866 | 414 1 1453
4 1867-2306 | 440 1 1867
5 2307-2641 | 335 1 2307
6 2642-2792 | 151 1 2642
Figure 7. Frame difference graph for the class video
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video dimension. Thisenhancement to the basic algorithm presented aboveisthetopic
of the next section.

Using the First Level of Threshold Adaptation

As was shown in the previous section, there is a shortcoming in the proposed
algorithmthat can be stated asfollows— using asinglethresholdfor all input videofiles
is not appropriate in all cases. The selection algorithm depends upon the accumul ated
differencesbetween DC frames, and thedifferenceitself isfunction of thesizeof theDC
frame. So different sizes need different thresholds in order to reliably select the most
appropriate and minimal set of representative frames. This problem motivates us to
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Table 7. Number of selected KFs as a function of threshold values with first-level
adaptation

Video name & = 50000 & = 150000 & = 250000 & = 350000
#of KFs Ave/ #of KFs Ave/ #of KFs Ave/ #of KFs Ave/
shot shot shot shot
soccer 31 10.3 13 4.3 8 2.7 7 2.3
racing-boats 29 4.8 14 2.3 8 1.3 8 1.3
action-movie 13 4.3 5 1.7 4 1.3 3 1.0
carton 40 4.4 18 20 14 1.6 11 12
celebration 29 14.5 11 55 7 35 5 25
comedy 29 5.8 11 22 8 1.6 6 1.2
ads 51 4.6 22 20 15 14 12 11
class 61 8.7 24 34 14 20 12 17
news-cast 148 6.4 63 2.7 42 1.8 32 14
conf-discussion 193 9.7 71 3.6 47 24 38 19
tv-show 353 4.8 142 19 106 15 92 1.3
Total Average 7.14 2.88 1.91 1.54

propose an enhancement to the basi ¢ algorithminwhich the threshold used to determine
the selection frequency (how many KFs are selected) becomes a function of the input
videoframesize. Thealgorithm getsthe sizeinformation from the segmentation module
and usesit to adapt the chosen threshol d so that adifferent threshold isused for different
framesizes.

The proposed enhanced algorithm chooses the new threshold using a linear
function of the size of the input file. This enhancement wasimplemented and a similar
set of experiments was performed to judge the effectiveness of that approach. As
mentioned in the previous section, threshold choice is the first step and hence we list,
in Table 7, the overall results in terms of the total number of selected KFs. Again a
threshold value equal to 150,000 seems to be a good choice, so we use that value as an
initial threshold value (6). Then, the algorithm chooses an adapted threshold value, 6,
for each clip in accordance with its dimension.

One important observation that comes from comparing Table 7 with Table 1 and
Table 2 isthat the total averages of the number of selected key frames per shot (taken
over all thellclips) arelargerinTable7 thantheir corresponding valuesintheother two
tables. The above observation is proof of the success of the proposed first-level
adaptation algorithm in selecting more key frames (especially in the case of small-
dimension clips) to better represent thevideo data. Toillustratethe outcomeof applying
thismodification, aset of tables similar to those given in the last section ispresented in
this section reporting the selection results for each individual clip.

Table 8. KFs selection for the action-movie clip using 6,, =125,000 with first-level
adaptation

Shot index Range | # of frames #of KFs | Index of selected KFs
0 0-51 52 2 0, 36

1 52-104 | 53 2 52, 86

2 105177 | 73 1 105
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Table 9. KFsselection for the carton clip using 6,, =100,757 with first-level adaptation

Shot Range #of frames | #of KFs Index of selected KFs
index

0 0-48 49 1 0

1 49-83 35 2 49, 76

2 84-133 50 2 84,97

3 134-151 18 2 134, 149

4 152-234 83 7 152, 156, 172, 182, 197, 209, 222
5 235-244 10 1 235

6 245-254 10 1 245

7 255-266 12 1 255

8 267-330 64 1 267

Table 10. KFs selection for the comedy clip using 6,, =125,000 with first-level
adaptation

Shot index Range | #of frames | #of KFs Index of selected KFs
0 0-48 49 1 0

1 49-364 | 316 4 49, 146, 206, 285

2 365-500 | 136 3 365, 441, 482

3 501-614 | 114 2 501, 570

4 615-654 | 40 1 615

The size of the soccer clip is taken as areference size in which all other adapted
thresholds are cal culated with respect to it. For Table 8 through Table 10, the algorithm
detects the relatively small size of these clips and hence reduces the threshold value,
which leads to a general increase in the number of selected KFs (compared with
corresponding numbersinthelast section). Thisistrue particularly for active shotssuch
asShot 4in Table9.

KFsselectionresultsfor theclasscliparegivenin Table 11 wherethetotal number
of selected KFsis 24, comparedto only 8in TABLE 6. This confirmsthe effectiveness
of the proposed first-level adaptation algorithm which avoids skipping required KFsfor
small sizeclipslikethisone. More commentsareworth noting. Shot 0 has some camera
work that calls for more than one KF, but the length of that shot isthe main factor that
causesthechoiceof five KFs. Itisobviousfrom the frame differencediagram, Figure 7,
that thereissome activity in Shot 2 that requires more than one KF, but again thelength
of that shot biases the algorithm to choose many key frames (nine) for such amedium-
activity shot. Thesameanalysisappliesto Shots 3, 4, and 5. Shots 1 and 6 are compl etely
still sothechoiceof oneKFfor eachistheright one, and thealgorithm succeedsin making
this choice, although Shot 1 isarelatively long one.

In the last section, many of the necessary KFs have been skipped, especially for
small-dimension clips, but thisis not the case when applying the first-level adaptation
algorithm. In a nutshell, the use of the first-level adaptation mechanism solves the
problem of theinput size, but there are other problemsthat are still unsolved. Thetopic
of the next section is to address the problems with the first-level adaptation algorithm
and propose an effective and efficient strategy to overcome these shortcomings.
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Table 11. KFs selection for the class clip using 6,, =29,166 with first-level adaptation

Shot index Range # of frames # of Index of selected KFs
KFs
0 0-442 443 5 0, 171, 305, 364, 388
1 443-804 362 1 443
2 805-1452 | 648 9 805, 870, 990, 1028, 1093, 1204, 1325, 1384, 1439
3 1453- 414 2 1453, 1814
1866
4 1867- 440 2 1867, 2280
2306
5 2307- 335 4 2307, 2399, 2494, 2622
2641
6 2642- 151 1 2642
2792

Using the Second Level of Threshold Adaptation

As discussed in the previous section, although the use of one-level adaptation
solvestheproblemwithvariousinput filesizes, thealgorithm still hastwo main problems:

i It tends to choose more key frames in cases of shots that have alarge number of
frames, even if they areinactive.
i It sometimes fails to select the required number of KFs in order to faithfully

represent very active shots.

Totackle the above problems, we propose a second enhancement to the algorithm
introduced in the last section by introducing a second level of adaptation. This second
level is ashot-by-shot adaptation strategy that changes each shot threshold on the fly.
That istosay, each shotinacertainvideo stream will get athreshold valuein proportion
toits activity level. So active shots get lower threshold values in order to increase the
selection pressure, thus choosing more KFs to represent them. On the other side, low-
activity shots get higher threshold values to reduce the sampling rate and prevent
selecting too many redundant key frames. We first measure the shot activity before
invoking the sel ection algorithm, then an adaptation heuristic is used to adapt each shot
threshold based on the amount of activitiesfound inthat shot. Aswill beillustrated, the
results of applying thistechnique are very good, and it solves the problemswith the use
of only one level of adaptation.

Againthreshold selectionisthefirst step and some of theresultsarelistedin Table
12. Weselect 6, = 150,000 and the algorithm is allowed to adapt it to avalue called &,,.

Toillustrate the effectiveness of the two-level adaptation mechanism, we start by
discussing thedifferencesbetween Table 12 and Table7. For thefirst four clipsand using
6,=150,000, thetwo-level adaptation algorithm choosesmore K Fs(for each of theseclips)
than the corresponding numbersin Table 7. Theal gorithm detectsthe amount of activity
in each shot and hence adjusts the selection frequency on a shot-by-shot basis. Each
of the last five clips got total numbers of KFs in Table 7 that are larger than the
corresponding valuesobtained in Table 12 that usesthetwo-|evel adaptation algorithm.
Most of thelast fiveclipsarelow-activity onesand thedecision of thealgorithmtoreduce
the selection frequency isquiteappropriate. Thetotal averageof Table12is2.7, smaller
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Table 12. Number of selected KFs as a function of threshold values with second-level
adaptation

Video name & = 150000 & = 250000
#of KFs | Avelshot | #of KFs | Avelshot

soccer 16 53 10 33
racing-boats 15 25 10 17
action-movie 6 2.0 4 13
carton 22 2.4 16 1.8
celebration 11 55 7 35
comedy 7 14 6 1.2
ads 19 17 14 1.3
class 14 2.0 10 14
news-cast 51 22 37 1.6
conf-discussion 49 25 33 17
tv-show 121 1.7 93 1.3
Total Average 2.66 1.82

thanthetotal averagewegotin Table7 (2.9) that usesonly onelevel of adaptation. Thus,
the two-level adaptation solvesthe two shortcomings of thefirst level while producing
at the sametimeanear optimal set of representativeframes. Consequently, thetwo-level
adaptation algorithm balances the trade-off and manages to select the minimal number
of key frames capable of accurately representing the whole video stream.

To study the behavior of thealgorithm for each clip, aset of tables similar to those
giveninthelast two sectionsispresented here. For all the considered clips, thefirst-level
threshold (9,,) will bethe sameasin the previous section and the second-level threshold
(6,,) will becomputed for each shot based onitslevel of activity. Moreover, inthesetables
we include another parameter, the Activity Index (Al) of each shot. This parameter is
equal tothesummation of framedifferencesall over aspecific shot divided by thenumber
of frame differencesin that shot. Flashlights are discarded as explained before.

The heuristic used in the second-level adaptation process categorizes a shot into
oneof three categoriesaccordingtoitsactivity index. These categoriesarelow activity,
medium activity, and high activity. Through alarge number of experiments and obser-
vations of the video clips and their frame difference graphs, we define the value of two
thresholds. Any shot withnormalized activity index (normalized with respect toitssize)
lessthanthefirst thresholdiscategorized asalow-activity one. A shot withanormalized
activity index between the two thresholdsis considered amedium-activity shot. Other-
wise, the shot is considered a high-activity one. The difference between the activity
levels of two shots of the carton clip is shown in Figure 8.

Table 13. KFsselection for the action-movie clip using J,, = 125,000 with second-level
adaptation

Shot Range #of frames | #of KFs Index of selected KFs Al O
index

0 0-51 52 3 0,31,45 4621 93750
1 52-104 53 2 52, 86 3204 125000
2 105-177 | 73 1 105 1261 250000
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Figure 8. Activity diagram for Shots 0 and 4 of the carton clip
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Table 14. KFs selection for the carton clip using 6,, =100,757 with second-level
adaptation

Shot Range #of frames | #of KFs Index of selected KFs Al O
index
0 0-48 49 1 0 916 201514
1 49-83 35 3 49, 73, 80 5826 75567
2 84-133 50 3 84,91, 128 3523 75567
3 134-151 | 18 2 134, 147 6425 75567
4 152-234 | 83 9 152, 155, 165, 177, 184, 196, 205, | 8157 75567
212,223
5 235-244 | 10 1 235 3996 75567
6 245-254 | 10 1 245 681 201514
7 255-266 | 12 1 255 996 201514
8 267-330 | 64 1 267 1286 201514

The relative high activity of Shot 0 in Table 13 causes a reduction in that shot
threshold and an increase in the number of selected KFs compared to the same shot in
Table 8. For thelast shot, the algorithm increases its threshold upon the detection of its
low-activity nature but the number of selected KFsremainsthe same becauseit isonly
oneframe (theminimum).

In Table 14, theremarkableincrease in the activity of Shots1, 2, and 4 causesthe
algorithmtoincreasethe number of select K Fsfor each one of them compared to the same
shotsin Table 9 obtained by using thesinglelevel of adaptation. Other shotsgot the same
number of KFsastheir counterpartsin Table 9. Thedifferencein activity isremarkable
from investigating the activity diagram in Figure 8, where the curve representing Shot
4 hasamuch higher monotonic rate than that of Shot 0. The activity diagram showsthis
activity gap between the two shots; thus, supporting the decision made by the algorithm
to increase the sampling frequency for higher-activity shots.

The efficiency of the proposed shot-by-shot adaptation mechanism is evident in
Table 15, inwhichtheal gorithm decreasesthe sampling frequency for low-activity shots
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Table 15. KFs selection for the comedy clip using 6,, =125,000 with second-level
adaptation

Shot index Range | #of frames [ #of KFs Index of selected KFs | Al O

0 0-48 49 1 0 1418 | 250000

1 49-364 | 316 2 49, 206 1557 | 250000

2 365 136 2 365, 481 2077 | 250000
500

3 501- 114 1 501 1730 | 250000
614

4 615 40 1 615 2966 | 125000
654

Table 16. KFsselectionfor theclassclip using 6,, = 29,166 with second-l evel adaptation

Shot index | Range # of frames #of KFs | Index of selected KFs Al O

0 0-442 443 3 0, 304, 386 297 58332
1 443-804 362 1 443 79 58332
2 805-1452 648 5 805, 990, 1092, 1323, 1435 367 58332
3 1453-1866 | 414 1 1453 80 58332
4 1867-2306 | 440 1 1867 72 58332
5 2307-2641 | 335 2 2307, 2493 279 58332
6 2642-2792 151 1 2642 102 58332

and hence reduces the number of KFs selected for them. For instance, the number of
chosen KFsfor Shot 2 isreduced from 3 (Table 10) to 2. Thetotal KFs selected for this
clipis7 comparedto 11 without using the second level of adaptationthat givesusatotal
reduction of about 45%. Thiswas achieved while keeping the sufficient number of KFs
required to properly representing each shot.

Thereduction of thetotal number of selected KFsfrom24inTable11to14inTABLE
16 isobvious proof of the success of the proposed shot-by-shot adaptation policy. Take
Shot 2 asan exampl e, thealgorithm selectsonly 5 KFscomparedto 9in Table 11, which
isabout a45% reduction for that specific shot whilethetotal reductionfor thewholeclip
isabout 42%. Thisreductionismainly duetotheadaptivenatureof thealgorithminwhich
it increases the selection frequency upon the detection of high activity and reduces it
in cases of low-activity shots such as most of the shots in this clip.

USING LUMINANCE DIFFERENCES
OF SUCCESSIVE FRAMES

Inthissection, another algorithm to select key framesfrom segmented video shots
isintroduced. The input video stream is segmented using the methodology described
before, thenthealgorithmisapplied to choose key framesthat are ableto represent each
shot. The algorithm could be described using the following steps:
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i Initialize the representative set to be empty and select the first frame as the first
element in that set.
i Initialize i = 0 and flashindex to the last detected flash position plus one.

i For j=1 To N-1 do {

if (j = (flashArray[flashindex]+1) )
flashindex = flashindex+1

continue

if (Diff(i,j)>6,)
=]
Add j to the set of selected KFs
Increment the number of selected KFs

}
Where
. .. Nt . = H
Diff (i, j) =| >, DCk(i) - Y, DC«(j) 2
k=0 k=0

N: The number of framesin a shot.

flashArray[]: An array containing indexes to flashlight positions.
6. Aninitial threshold that determines the frequency of sampling.
DC.: The DC of the luminance channel at locationii.

M: The number of DCtermsinaDC frame.

This algorithm bears some similarity to the algorithm proposed previously but it
usesdirect framedifferencesinstead of the accumulated frame differences, thuswecall
itthe Absolute LuminanceDifference (ALD) algorithm. ALD hasbeenimplemented and
based on the previous experience from implementing the AFS set of algorithms so that
the samefirst level of adaptation wasincluded. The second level of adaptationin ALD
uses a different criterion to adapt the threshold on a shot-by-shot basis. In the first
algorithm, we used the shot activity in the second level of adaptation, but here we use
aframeVarianceIndex (VI), the shot standard deviation, instead. The decision of using
aframe variance comesfrom the nature of the selection method used. We use the direct
difference between two consecutiveframesand sel ect another frameasakey frameif that
differenceislarger than a certain threshold. The problem hereisthat we cannot use the
same value of that threshold all over the whole video stream because different shots
exhibit different lighting conditions and amounts of activity. In an attempt to avoid the
effect of these different conditions on the accuracy of the selection algorithm, we
calculatethe standard deviation of theshot (wecall it thevarianceindex) whilediscarding
flashlight values as done before. The variance index isthen used to categorize the shot
intoanumber of categories; e.g., very high-variance and very low-variance shots. Then,
the shot threshold is adapted according to the category to which each shot belongs. For
instance, the shot thresholdisreduced in case of low variancein order to select moreKFs
to properly represent the shot and to account for the fact that there are small differences
between DC frames of that shot.
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Table 17. Number of selected KFswith § = 15,000 using the ALD algorithm

Video name & = 150000
# of KFs Ave/ shot

soccer 7 23
racing-boats 18 3.0
action-movie 5 17
carton 16 18
celebration 9 4.5
comedy 5 1.0
ads 19 17
class 13 19
news-cast 66 29
conf-discussion 57 29
tv-show 97 13
Total Average 2.3

Table 18. KFs selection for the action-movie clip with 6., =12,500 using the ALD
Algorithm

Shotindex | Range #of frames [ #of KFs | Index of selected KFs | VI S

0 0-51 52 2 0,50 539 10000
1 52-104 53 2 52, 85 829 10000
2 105-177 | 73 1 105 111 10000

Table 19. KFs selection for the carton clip with 6., =10,075 using the ALD algorithm

Shot index | Range # of frames # of KFs Index of selected KFs \'i O

0 0-48 49 1 0 182 8060
1 49-83 35 1 49 583 8060
2 84-133 50 2 84, 129 794 8060
3 134-151 18 2 134,151 1049 8060
4 152-234 83 5 152, 153, 156, 178, 183 1156 10075
5 235-244 10 1 235 1277 10075
6 245-254 10 1 245 338 8060
7 255-266 12 1 255 124 8060
8 267-330 64 2 267, 286 578 8060

We start by performing similar experiments to those in the previous sections to
determinethebest valuesfor thethreshold. Thenwe usethe best val ue obtained (15,000)
and apply the two-level adaptation algorithm to the 11 clips used before. The overall
resultsare shownin Table 17 asthe total number of selected KFsfor the best threshold
value. Detailed results for each clip are given the same way they were presented in the
last section.

Table 18 and Table 19 report comparable results to their counterparts in the last
section. Wecan noticethegeneral tendency of thisal gorithm towards sel ecting fewer KFs
in which their distribution may not be uniform over the length of the shot, asin Shot 4 of
Table19.

All shotsin Table 20 were categorized as slightly low-variance shots, and hence
their respective shot thresholds were reduced in order to capture more KFs into
representative sets. Nevertheless, the algorithm selects only one KF to represent each
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Table 20. KFs selection for the comedy clip with &, =12,500 using the ALD algorithm

Shot index | Range # of frames #of KFs | Index of selected KFs Vi O

0 0-48 49 1 0 202 10000
1 49-364 316 1 49 156 10000
2 365-500 136 1 365 178 10000
3 501-614 114 1 501 279 10000
4 615-654 40 1 615 307 10000

Figure 9. Value of the DC luminance frames in the comedy clip
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shot, and these results render the performance of the algorithm bad in this clip. For
instance, Shot 1 required 3 KFsto beproperly represented (Figure 6). Thelow- variance
nature (small variation around the average) of all the shots in the comedy clip can be
depicted from investigating Figure 9.

In Table 21, the algorithm chooses three KFs to represent Shot O which is a good
choice as can be observed from Figure 10. Moreover, theresultsin Table 21 are almost
similar tothosein TABLE 16 except that the number of KFsselected for Shot 2 isjust 4
instead of 5. The decision to select only 4 KFsto represent Shot 2 isan appropriate one

Table 21. KFs selection for the class clip with 6,, =2,916 using the ALD algorithm

Shot index | Range #of frames | #of KFs Index of selected KFs \i O

0 0-442 443 3 0, 362, 377 513 2332
1 443-804 362 1 443 32 1458
2 805-1452 648 4 805, 810, 1369, 1420 176 2332
3 1453-1866 | 414 1 1453 24 1458
4 1867-2306 | 440 1 1867 19 1458
5 2307-2641 | 335 2 2307, 2484 84 1749
6 2642-2792 | 151 1 2642 57 1458
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Figure 10. Three KFs selected by ALD to represent Shot 0 of the class video

because of theintermediate activity of that shot, but the distribution of the selected KFs
is not uniform all over the length of the shot.

PERFORMANCE COMPARISONS

We have proposed two sets of algorithms in this chapter, the AFS and the ALD
algorithms, and in this section we will attempt to give the pros and cons of each one,
focusing on the last algorithm of each set that uses two-level adaptation.

. The AFSisgenerally biased towards selecting more KFs as the length of the shot
increases. Weintroducethe second | evel of adaptationto effectively alleviatethis
natural bias. On the other hand this biasis not exhibited by the ALD.

. Ingeneral, ALD hasatendency to select lesskey frames per shot compared tothose
selected by the AFS. Thisis obvious from investigating Table 12 and Table 17.
Figure 11 shows the number of selected KFsfor each shot of the carton clip using
both AFSand ALD.

. The ALD ismore sensitiveto lighting changes than the AFS. An investigation of
the results for the ads clip supports that conclusion.

Figure 11. Number of selected KFsfor each shot of the carton clip using AFSand ALD

Number of selected KFs

o B N W
T R

Shot index (first shot is1)
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i The distribution of KFs selected by the ALD may not be uniform over the length
of the shot.

i We can concludethat the performance of the AFS, measured intermsof the number
of selected KFs, isslightly better than that of the ALD asit capturesthe notion of
activity in each shot in abetter way. Therefore, the AFS makes more appropriate
decisionsin sel ecting each shot threshol d and hencein determining the frequency
of sampling for each individual shot. Those decisions have adirect impact on its
effectiveness and applicability.

CONCLUSION

In this chapter, we have introduced two algorithms to effectively and efficiently
select Key Frames (KFs) from segmented videos, an essential task in fully content
analysis systems. At first, we present the basic form of the AFS algorithm followed by
two enhancements that overcome its original shortcomings. The first one adjusts the
value of the clip threshold based on its dimension. The second enhancement measures
the amount of activity in each shot then adapts the threshold for each shot on the fly
based on its activity level. The application of these enhancements gives us atwo-level
adaptation algorithm that can accurately perform the task of KFs selection and improve
the results of the basic form by about 40% in most clips. Moreover, the two-level
adaptation algorithm producesanear-optimal set of representative frames, compared to
the ground truth, that can be used to summarize the video data or as access points.

Thesecond algorithm, ALD, appliesasimilar first-level adaptation strategy to the
one used by the AFS. The second-level adaptation policy in that algorithm uses a
statistical criterionto adapt thethreshold on ashot-by-shot basis. Performance compari-
sonsof both algorithmswere given, and we concludethe superiority of the AFSover the
ALD algorithm. From our experimentation, the proposed algorithms proved insensitive
to lighting changes, an evidence of robustness. Moreover, managing to select a near-
optimal set of KFsfrom aclip with 6139 framesin lessthan 2 secondswhilerunning on
a SPARC Ultra 60 machineis evidence of the efficiency of the proposed algorithms.

It is worth noting at this point that the dependency upon the format of the input
compressed video (MPEG videosinour case) isisolated into the shot-detection modul e.
This means that the proposed KFs selection module can work with any type of
compressed video formats provided that the same information is passed to it from the
shot-detection stage.

Using the techniques developed in this chapter and the segmentation chapter, we
managed to design andimplement an effective and efficient system for analyzing MPEG
compressed video data (Farag & Abdel-Wahab, 2002b).

REFERENCES

Avrithis, Y., Doulamis, A., Doulamis, N., & Kollias, S. (1999). A stochasticframework for
optimal key frame extraction from MPEG video databases. Journal of Computer
Vision and Image Under standing, 75(1), 3-24.

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of Idea Group Inc. is prohibited.



Adaptive Summarization of Digital Video Data 99

Bimbo, A. (1999). Visual information retrieval. San Francisco: Morgan Kaufmann
Publishers.

Chen, J., Taskiran, C., Albiol, A., Delp, E., & Bouman, C. (1999). ViBE: A videoindexing
and browsing environment. Proceedings of SPIE/I S& T Conf. Multimedia Storage
and Archiving Systems |V, 3846, (pp. 148-164).

Drew, M., & Au, J. (2000). Video key frame production by efficient clustering of
compressed chromaticity signatures. Proceedings of ACM International Confer-
ence on Multimedia, (pp. 365-367).

Farag, W., & Abdel-Wahab, H. (2002a). Adaptive key frames selection algorithms for
summarizing video data. Proceedings of the 61" Joint Conference on Information
Sciences, (pp. 1017-1020).

Farag, W., & Abdel-Wahab, H. (2002b). A new paradigm for analysis of MPEG com-
pressed videos. Journal of Network and Computer Applications, 25(2), 109-127.

Girgensohn, A., & Boreczky, J. (1999). Time-constrai ned key frame sel ectiontechnique.
Proceedings of |EEE International Conference on Multimedia Computing and
Systems, (pp. 756-761).

Lew, M. (ed.) (2001). Principles of visual information retrieval. New Y ork: Springer-
Verlag.

Nagasaka, A., & Tanaka, Y. (1991). Automatic video indexing and full-video search for
object appearance. Proceedings of Visual Database Systems 2, (pp. 113-127).

Rui, Y., Huang, T., & Mehrotra, S. (1998). Browsing and retrieving video content in a
unified framework. Proceedingsof | EEE Workshop on Multimedia Signal Process-
ing, 9-14.

Singh, A. (1991). Optical flow computation: A unified perspective. New York: |EEE
Computer Society Press.

Tonomura, Y., Akutsu, A., Otsuji, K., & Sadakata, T. (1993). VideoMap and
VideoSpacelcon: Tools for anatomizing video content. Proceedings of ACM
INTERCHI, (pp. 131-141).

Wolf, W. (1996). K ey frame sel ection by motion analysis. Proceedingsof | EEE I nterna-
tional Conferenceon Acoustic, Speech, and Signal Processing, 2, (pp. 1228-1231).

Yeo,B-L.,& Liu, B.(1995a). Ontheextraction of DC sequencefrom M PEG compressed
video. Proceedings of IEEE International Conference on Image Processing, 2,
(pp. 260-263).

Yeo, B-L., & Liu, B. (1995b). Rapid scene analysis on compressed video. |EEE Trans.
Circuitsand Systems for Video Technology, 5(6), 533-544.

Yeung, M., & Liu, B. (1995). Efficient matching and clustering of video shots. Proceed-
ings of IEEE International Conference on Image Processing, 1, (pp. 338-341).

Zhang, H-J.,Kankanhalli, A., Smoliar, S., & Tan, S. (1993). Automatically partitioning of
full-motionvideo. Multimedia Systems, 1(1), 10-28.

Zhuang, Y .,Rui,Y.,Huang, T.,& Mehrotra, S. (1998). Adaptivekey frameextractionusing
unsupervised clustering. Proceedings of IEEE International Conference on
Image Processing, (pp. 866-870).

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of ldea Group Inc. is prohibited.



100 Paul, Murshed, & Dooley

Chapter V

Very Low Bit-rate
Video Coding
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ABSTRACT

This chapter presents a contemporary review of the various different strategies
available to facilitate Very Low Bit-Rate (VLBR) coding for video communications
over mobile and fixed transmission channels as well as the Internet. VLBR media is
typically classified as having a bit rate between 8 and 64 Kbps. Techniques that are
analyzed include Vector Quantization, variousparametric model -based repr esentations,
the Discrete Wavel et and Cosine Transforms, and fixed and arbitrary shaped pattern-
based coding. In addition to discussing the underlying theoretical principles and
relevant features of each approach, the chapter also examines their benefits and
disadvantages, together with some of the major challenges that remain to be solved.
The chapter concludes by providing some judgments on the likely focus of future
research in the VLBR coding field.

INTRODUCTION

Inexpensive and evermore powerful processors coupled with faster network ac-
cess, the ever-burgeoning Internet, and a significant impetus in both research and
standardization have all contributed to the infrastructure of modern video coding
technology. Thistechnology has supported and continuesto enable araft of multimedia
applications as diverse as home video, video-on-demand, videoconferencing, cellular
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videophones, remote sensing, telemedicine, i nteractive multimediadatabases, multime-
diavideotex, computer games, and multimediaannotation, communication aidsfor deaf
people, video production, video surveillance and streaming I nternet video. | n many of
these applications, the available bandwidthissufficient, but with theincreasing focus
upon offering applications for wireless and mobile environments and new pervasive
computing devices such as Personal Digital Assistants (PDA) and smart telephones,
the demandsin terms of bit rates are becoming evermore stringent, fostering consid-
erableimpetustowardsvery low bit-rate (VLBR) coding techniques, in particul ar below
64K bps.

Over the last decade, a number of popular video compression standards have
evolved. Thefirst was devel oped by the I nternational Organization for Standardization
(1SO) Moving Picture Expert Group and wasknownasMPEG-1 (1SO/IEC, 1993). Thiswas
designated to provide video and audio compression for CD-ROM storage by operating
at typical bit rates of 1.5 Mbps. It also targeted transmission over communication
channelsincluding integrated-servicesdigital networks(ISDN) and local areanetworks
(LAN). Thenext MPEG family member wasM PEG-2 (1SO/IEC, 1995), which operated at
typical bit rates of 10 Mbps and specifically focused upon compression of higher
resolution video signals enhancing the scope of applications for high-quality digital
television (DTV) and video, including Standard Definition TV (SDTV), Digital Versatile
Disk (DVD) andHigh-Definition TV (HDTV). Themost recent coding standardisM PEG-
4 (1SO/IEC, 1998), which hasthe explicit aim of extending the capabilitiesof theearlier
standards, particularly in low bit-rate video coding applications, tool-kit and content-
based coding. Oneefficient strategy used by MPEG-4 invol ves spritetechnol ogy, which
enables high-quality video distribution viathe Internet and mobile networks. A sprite
isastill image (usually much larger than the display) representing a background scene
that existsfor many frames; itiscompressed and transmitted just once and then only the
camera movement parameters and foreground video objects need to be coded and
transmitted. Sprite coding typically requires up to 50% fewer bits to achieve the same
subjective quality than conventional coding, though the coding performance is very
dependent on the type of video sequence being processed and the ready identification
or existence of a sprite.

While ISO MPEG video/audio standards focused upon generic coding applica-
tions, namely, the storage and asymmetric distribution of media, the International
Telecommunication Union (ITU) series of video coding standards H.26X (including
H.261, H.263 and H.264) targeted fully symmetric, real-time, point-to-point or multi-point
communications. The first ITU Telecommunications Standardization Sector (ITU-T)
standard, H.261 (ITU-T Recommendation, n.d.), focused upon | SDN videoconferencing
applications, withaminimumbit rate of 64 K bps, and theninteger multiplesthereof (px64)
Kbps. Improvements in computing performance, advances in video coding research
coupledwiththeemergence of anal ogue modemsand packet-based I nternet Protocol (1P)
networksasviable channels, led to the devel opment of H.261’ s successor, H.263 (I TU-
T Recommendation, 1996). Threevariants of the H.263 standard (I TU-T Recommenda-
tion, 1996; ITU-T Recommendation, 1998; I TU-T Recommendation, 2000) have been
proposed to accommodate significantly improved compression performance together
withgreater flexibility and error resilienceascomparedto H.261, at theinevitable expense
of increased compl exity.
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Recently, thel TU-T Video Coding Expert Group (V CEG) and expertsfrom MPEG
have collaborated to developtheH.26L standard for low bit-ratevisual communications.
This standard known as Advanced Video Coding (AV C)/ISO MPEG-4 Part 10/H.26L/
ITU-T H.264 (ITU-T Rec., n.d.) is now embedded in the MPEG-4 video compression
standard. H.264/AV C affordsanumber of advancesin coding efficiency enhancement
by employing animproved motion-prediction capability, asmaller block-sized integer-
based transform, a special deblocking filter, and content-based entropy coding, which
collectively provide a50% bit-rate savingsfor equivalent perceptual quality relativeto
the performanceof earlier standards(especially in higher-latency applications) (Wiegand,
Sullivan, Bjontegaard, & Luthra, 2003).

Sowhat exactly isVLBR coding?Whilevery much agenericterm, itsorigins date
back to the early 1980s and attempts at compressing video for transmitting videophone
signals over analog telephone lines. Today, VLBR broadly encompasses video coding
that mandates atemporal frequency of 10 frames per second (fps) or less, and bit rates
between 8 and 64Kbps to facilitate video communications over mobile and fixed
telephone channel transmissions aswell asthe Internet. The challenge has always been
that an uncompressed video sequencefor VLBR applicationsrequiresabit rate of up to
10Mbps(Egger, Reusen, Ebrahimi, & Kunt, n.d.), though extensiveresearch now means
that the coding technology is now able to achieve the requisite compression ratio level
necessary to meet this objective.

VLBR coding schemescan bebroadly classifiedintotwo categories(Figurel), pixel
and non-pixel based techniques. Theformer issubdividedinto pel-recursiveand optical
flow equation based techniques, while the latter is divided into five groups: Vector
Quantization (VQ), Model-based coding (MBC), Discrete Wavelet Transform (DWT),
Discrete Cosine Transform (DCT), and Pattern-based coding (PBC).

The basic video coding process is illustrated in Figure 2 and comprises motion
estimation (ME), motion compensation (MC), transform, and entropy coding. ME
involves identifying the translational displacement vectors (popularly called motion
vectors) of objects based on the changes between two successive frames in a video

Figure 1. Block diagram of various VLBR coding approaches
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Figure 2. Motion vector calculation (Schmidt, 1999)

L ) - /
o _f, b //",,-
Ly by
i 4
’——"/ i f
o S
o
'././
o
(a) Framen

Fog motion vectar

(c) Motion estimation

sequence, usually the current n and reference n+ 1 frames. The motion vector in Figure
2(c) is calculated from the translational displacement between the macroblock in
framen of Figure 2(a) and its best matched block in frame n+ 1 of Figure 2(b).

Having obtained the motion vector, MC involvescal culating thedifferential signal
(residual error) between the intensity value of the pixelsin the moving areas and their
counterparts in the reference frame, translated by the estimated motion vector. A
practical hardware or software transform implementation, such asthe DCT, then com-
presses the spatial image data, such that the total energy in the image becomes
concentrated into a relatively small number of components; that is, the pixel datais
decorrelated, so compression can be achieved.

An exampleillustrating the various steps involved in residual error processing is
shown in Figure 3. In gray scale images, the range of possible pixel intensity valuesis
from0to 255, sotheminimumresidual erroris-255. Sincethe DCT requirespositiveinput
values, 255 isadded to each error value before applying the DCT. For compression, the
DCT coefficientsarequantized by either ascal ar or vector quantization matrix Figure 3(d).
A vector quantization matrix typically hassmall valuesintop-|eft elementsof thematrix
and larger values in the bottom-right, so retaining low frequency information at the
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Figure 3. Residual error processing for the Carphone video sequence

(a) Frame 69 (b) Frame 70 (c) Frame
difference (d) Quantization matrix
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252 252 252 253 255 256 256 258 2-1 2 2-2 2-1 1

252 253 254 255 255 256 257 257 0-8-5 2 0 0-1 0
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expense of higher frequencies. Vector quantization however is very computationally
expensive. H.26X conversely recommendsscal ar quantizationfor inter frameprocessing
inorder toreducethe computational time. Thezig-zag ordering Figure3(h) and Zerorun
length coding (RLC) Figure 3(i) isthen applied, beforeentropy coding mapstheresulting
RLC symbols into a compressed data stream by exploiting latent redundancy by
representing the most frequently occurring symbols by asmall number of bitsand vice
versa.
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Popular Video Formats and Implications on Bit Rate

In coding applications, videoisoften converted to one of anumber of ‘intermediate
formats’ prior to compression and transmission. The Consultative Committee for
I nter national Radio communications(CCIR) defined aunified standard for digital video
and TV picturesknown asRecommendation CCIR-601, which stipulatesan uncompressed
video datarate of 166Mbps for both NTSC and PAL TV signals. A number of variants
of this standard have subsequently been defined for usein applicationsincluding DTV
broadcasting, videoconferencing and video telephony. They all exploit the perceptually
lower sensitivity of thehuman eyeto col or information by sub-sampling (al so popularly
known as decimation) both chrominance (colour) signalsto alower resolution relative
to that of the luminance (gray-scale) signal Halsall, F. (2001) This leads to the 4:2:0
sampling nomenclature, which meansthat 2:1 sub-sampling is applied to both chromi-
nance components in the horizontal and vertical directions. A set of popular picture
resol utionsis based upon the common inter mediate format (CIF), where each frame has
aspatial resolution of 352 x 288 pixelsfor theluminance component and 176 x 144 pixels
for the chrominance components. Themost recent video coding standard (MPEG-4[1 SO/
I1EC, 1998],H.264[I TU-T, 203]) supportsvariousrectangular video formatsbased on CIF
as shown in Table | from 16CIF down to Sub-QCIF. The choice of frame resolution
depends on the application and available storage or transmission capacity. Among all
thevariousvideoformats, Quarter-CIF (QCIF) and Sub-QCIFareprimarily usedfor VLBR
applications.

Besidessub-sampling the spatial resol ution of animage, temporal sub-sampling can
also be used to reduce the bit rate for transmitting video through limited bandwidth
channels. Temporal sub-sampling meansdropping certainintermediateframesinavideo
sequencesofor VLBR applications, instead of 30 framesper second (fps), 15, 10, or 7.5fps
may beused. For example, at 15fpsalternativeframes of theoriginal 30fpssequenceare
dropped, whilefor 10fps, two consecutiveframesaredropped after processing oneframe.
Reducing the temporal frequency by two however does not halve the bit rate, because
temporal decimationintroduces|onger motion vectorsand higher residual errorsand as
a consequence, the bit requirement increases.

Standard Video Sequence

Dueto the highly subjective nature of video, the broader coding research commu-
nity has come to accept, almost be default, a series of standard test video sequences for
evaluation and analysis of their results. For VLBR video coding, smooth motion video

Table 1. Video frame formats

Format L uminance pixel Raw bit rate Typical applications
resolution (Mbps) 4:2.0 @
30fps
Sub-QCIF 128 x 96 4.2 Mobile multimedia.
QCIF 176 x 144 8.7 Videoconference and mobile multimedia.
CIF 352 x 288 34.8 Videoconferencing.
ACIF 704 x 576 139 SDTV and DVD-video.
16CIF 1408 x 1152 560 HDTV and DVD-video.
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Figure 4. Standard QCIF video sequences with their motion type

Miss America Suzie (Hand and Head Mother and Daughter
(“ Talking Heads” movements) (Two head movements)
motion)

Carphone (Fast Foreman (Object Salesman (Head-

object motion with translation and shoulder-hand
part of background) panning) movements)

MPEG4

WORLD
Claire (“ Talking News (“ Talking head”
head” motion) with moving

background motion)

such as the talking head (head-shoulder) type sequences are used for performance
comparison. Popular smooth motion sequences, which are usually inthe QCIF format,
include Miss America, Suzie, Mother and Daughter, Carphone, Foreman, Salesman,
Claire and News (Figure 4). While they are all broadly classified as smooth motion
sequences, some exhibit different types of motion, so for example Carphone possesses
relatively high background object motion compared with either MissAmericaor Claire.
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Frame Types

Eachframein avideo sequenceisencoded to produce coded frames of which there
arethreemain typesnamely; Intracoded (I-frames), Predicted (Pframes), and Bidirec-
tional predicted (B-frames). | framesareencoded without any motion-compensation and
areused asareferencefor future predicted P- and B-typeframes. |-frameshowever require
arelatively largenumber of bitsfor encoding. P-framesare encoded using M C prediction
from areference frameswhich can be either an| or Pframe. P frames are more efficient
in terms of the number of bitsrequired compared to |-frames, but still require more bits
than B-frames. B-frames are encoded using M C prediction from two reference frames,
the P- and/or |I-frames before and after the current B-frame. They require the lowest
number of bits compared to both |- and P-frames but incur both a computational and
storage overhead. Thus, for VLBR applications in mobile and handheld devices for
instance, for fast operations B frames are often not considered. All these frames are
normally processed in agroup, consisting of an | frame followed by a series of P- and
B-framesto form the so-called Group of Pictures (GOP) arrangement used in MPEG-2.
For general applications, the GOPlengthisusually relatively small (£12) thoughfor VLBR
applicationsthisislarge.

Video Coder

While most video encoders comprise the basic functionality of prediction, trans-
formation, quantization, and entropy encoding, there still exists considerable variation
in the structure of the Coder/Decoder (CODEC) arrangement. The basic encoder struc-
tureshowninFigure5 (Richardson, 2004) includestwo dataflow paths. Theforward path
(lefttoright), and areconstruction path (right toleft), whilethe corresponding datafl ow
path for the Decoder is shown in Figure 6 (Richardson, 2004). This illustrates the
symbiosis that exists between the coding and decoding processes. An arbitrary input
frame F isfirstly sub-divided into Macroblocks (MB), which generally correspond to
agroup of 16 x 16 non-overlapping pixelsintheoriginal image. Each MB isthen coded
in either intra or inter mode. In both cases, a prediction MB P is formed based on a

Figure 5. Encoder structure
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Figure 6. Decoder structure
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reconstructed frame. Intheintra-mode, P isformed from samplesin the current framen
that have earlier been encoded, decoded and used to reconstruct the unfiltered sample
uF’ . Ininter mode, Pisformed by MC predictionfromoneor morereferenceframesF’
,» however, the prediction for each MB may beformed from oneor two previousor forward
frames(intimeorder) that have al ready been encoded and reconstructed. Theprediction
P is subtracted from the current MB to produce aresidual error MB D which is then
transformed using a block transform (T) and quantized (Q) to give aset of coefficients
X which are re-ordered (Zigzag scanned) and entropy encoded, using any efficient
variablelength coding algorithm. The entropy-encoded coefficients, together with side
information required to decode the M B (such asthe M B prediction mode, motion vector
and quantization step size) form the compressed bit stream, which is passed to the
Network Abstraction Layer (NAL) for transmission or storage.

The decoder path uses the quantized MB coefficients X in order to reconstruct a
frame for encoding further MBs. The coefficient X are re-scaled (Q') and inverse
transformed (T*) to produceadifferential MB D’ , whichisadistorted versionof D . At
the decoder, theincoming compressed bit stream i s disassembl ed and the data elements
are entropy decoded and reordered to produce the quantized coefficients X. These are
rescaled andinversetransformedtoformD’ . Thedecoder then createsaprediction MB
P, identical totheoriginal prediction P formedintheencoder. PisaddedtoD’  toproduce
uF’  which is subsequently filtered to create the decoded MB F’ .

This represents the general structure of a modern video CODEC and while some
functional elementsare modified or additional blocksincluded for special applications,
the basic structure remains the same. Example of some of these componentsinclude a
pre-processing filter — to reduce the noise introduced in capturing images from low-
quality sources, or camerashake; and apost-processing filter —toreducetheblocking
and/or ringing effects, and pattern prediction mode for pattern-based coding. These
enhance performance in certain cases, though they also increase the hardware com-
plexity.

PIXEL-BASED CODING

In pixel-based coding, motion vectorsare cal cul ated for each pixel inanimage, with
pel-recursive and optical flow being the two most popular methods. Thesewill now be
reviewed.

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of Idea Group Inc. is prohibited.



Very Low Bit-rate Video Coding 109

Pel-recursive Technique

Definition

Inthepel-recursive method, the motion vector of apixel isestimated by recursively
minimizing anonlinear function of thedissimilarity between two certainregionslocated
in two consecutive frames, with the term region referring to either asingle or group of
pixels. Netravali and Robbins (1979) published the original pel-recursive algorithm to
estimate motion vectorsfor motion-compensated inter-framevideo coding. They defined
thedisplacement framedifference (DFD) as:

DFD(X! y;dx’dy)= fn(X! y)_ fnfl(X_dx’y_dy) (1)

where the subscripts n and n-1 indicate two successive frames upon which motion
vectors are to be estimated; x, y are coordinates in image planes, and d,, d, are the two
displacement vector components. Netravali and Robbins converted this nonlinear
displacement estimation function into aminimization problem, which can be solved by
various gradient descent techniques. The steepest descent method is actually used by
Netravali and Robbinsbecause of itssimplicity and the existence of satisfactory analysis,
and it is often used as the reference for comparing and evaluating new methods. The
algorithm can be applied to a pixel either once or iteratively applied several times for
displacement estimation. The current displacement vector estimationisused astheinitial
estimate for the next pixel, and the recursion can be performed horizontally, vertically,
or temporally, which meansthe estimated vector is passed to the spatially bit-wise pixel
in neighboring frames.

Features
The main features of the pel-recursive technique are that it is:

. very suitablefor VLBR applications;

. better performing in video coding compared to block-based methods;

. noise sensitive;

. computationally very expensive; and

. prone to errors in the gradient estimation process due to the small noise

Evolution of Pel-recursive Technique

Bergmann (1982) modified theNetravali and Robin’ s(1979) algorithm by using the
Newton-Raphson method of minimization that converges faster than the steepest
descent method. Cafforio and Rocca (1983) introduced a new steepest descent method
that wasmoreeffectivefor uniformregions, wherethegradientisvery small. Walker and
Rao (1984) and Tekalp (1995) proposed an adaptive step size, using asmall step size at
edges or in non-homogenous regions and large step sizes in smoother areas. This
variable step size approach substantially improved both the convergence rate and
motion vector accuracy.
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Biemond, L ooijenga, Boekee, and Plompen (1987) proposed aWei ner-based motion
estimation using a Taylor series, which had the advantages of: (1) generating a dense
motionfieldthat yielded amotion vector at every pixel; (2) asmoothmotionfieldinside
moving objects; and (3) sub-pixel accuracy. These benefits were counterbalanced,
however, by the technique not being sufficiently robust to handle large motion vectors
and providing slow convergence at the boundaries of moving objects and images. To
overcome these problems, different scanning orders were used for ME (Csillag &
Boroczky, 1999). A pel-recursive algorithm based upon recursive least-squares (L S)
estimation, which minimized the mean square prediction error, was proposed by Gharavi
and Reza-Alikhani (2001). Thisreduced the prediction error compared with the steepest
descent method, particularly inregionswheremotion activity wasrelatively high. A fast
ME algorithm that combined the advantages of both the block matching and pel-
recursive methods using L S on awhole block was proposed by Deshpande and Hwang
(1998). Thisexhibited superior speed performance but degraded picturequality. Usually
scalar quantizationisused on DFD; however, scalar quantization of DFD severely limits
the rate-distortion performance of pel-recursive video coding systems. Shen and Chan
(2001) used V ector Quantization to codethe DFD. Although this method is suitable for
VLBR applications, it hashigh computational complexity.

Summary

From apurely performance perspective, pel-recursive M E techniques are superior
for video coding, but they are also computationally very expensive and noise sensitive,
and, therefore, unsuitable for real time applications.

Optical Flow Equation Based Technique

Definition

This approach provides much greater accuracy in displacement estimation com-
pared to both the pel-recursive and popular block-based M E techniques, because of the
very high number of motion vectors (one vector per pixel) involved. Optical flow isthe
2-D distribution of apparent velocities of movements of intensity patternsin an image
plane (Horn & Schunk, 1981). It isimportant to highlight that, in certain cases, optical
flow and 2-D motion are not the same. Horn and Schunk used the example of auniform
sphere rotating at a constant speed in a scene. Assuming the luminance and all other
conditionsremainthe same, whentheimagewas captured, thereisno changeinintensity
pattern for this image sequence, though there is clearly a change in 2-D motion.
Conversely, inastationary scene, all objectsin 3-D spacearefixed, andif theluminance
changes when the picture is captured in such away that there is movement of intensity
patterns (by theeffect of different lighting imposing), although thereiszero motion, the
optical flow will clearly beisobviously non-zero.

Features
The main features of the optical flow equation based technique are that it is:
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i not appropriate for high motion sequences;
i appropriate for computer vision;

. noise sensitive;

i known for aperture problems;

i not appropriatefor VL BR dueto being computationally very expensiveanditshigh
bit overhead;
i undesirable because of its effect of smoothness constraint; and

i proneto errorsin gradient estimation.

Evolution of Optical Flow Based Techniques

The high bit overhead and computational complexity in optical flow ME prevents
it from being of practical usein video coding. Shu, Shi, and Zhang (1997) proposed an
efficient compression algorithm for VLBR coding applications using optical ME, DCT
coding of the optical motion vectors, and region-adaptive thresholding. The pre-
processing requirement, accurate M E dueto thethreshol ds, and computational compl ex-
ity militate agai nst thismethod being appliedtoreal-timeVLBR coding applications. Liu,
Chellappa, and Rosenfeld (2003) recently proposed an adaptive optical flow estimation
algorithm by combining the 3-D structuretensor with aparametric flow model toimprove
the ME accuracy. Ku, Chiu, Chen, and Lee (1996) modified the existing optical flow
algorithm by incorporating an edge- preserving constraint and pyramid approach to
generate a more accurate motion field and reduce the probability of becoming trapped
inlocal minimum.

Summary

Themain drawback of optical flow MEisthat, whileitisavery effectivetechnique
inthefield of computer vision, theadditional sideinformation that must beencoded and
transmitted, coupled with the noise sensitivity, aperture problems, and computational
expense, mean that it isnot appropriatefor real-timeVLBR coding.

NON-PIXEL BASED CODING

Non-pixel based coding generically refers to those techniques where motion
vectors(MV) are calcul ated based on agrouping of pixelsrather thanjust asinglepixel.
Using a MV for each pixel is much more accurate but incurs a substantial encoding
overhead, whichiswhy itisunsuitablefor real-timeVLBR applications. Thereareamyriad
of different ways that the grouping can be defined. In vector quantization (VQ), for
example, itisdefined asapredefined template, whilein object-based coding, anarbitrary
shape that covers an entire object is defined. In block-based techniques, pixels are
collected into rectangularly shaped, block combinations (usually referred to as
macroblocks) such as 16 x 16, 8 x 8 and 4 x 4 pixels. In this section, we will review the
various features, advantages, and disadvantages of these approaches.
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Vector Quantization

Definition

Vector Quantization (VQ) is a non-standard video coding technique but is very
effectivefor datacompression because, unlike scalar quantization, it seeksto exploit the
correlation between components within a vector. Optimum coding efficiency can be
achievableif thevector dimensionisinfinite, sothe correlation between all components
isexploited. Thedesign of anoptimal VQfromempirical datawasoriginally proposed and
investigated by Linde, Buzo, and Gray (1980), intheir LBG clustering algorithm, whilea
good overview of VQ-related research was presented by Nasrabadi and King (1988).

A vector quantizer isdefined asamapping Q of K-dimensional Euclidean space R
into afinite subset Y of RX. Thus

Q:R" Y 2

where Y =(X;;i =12,---,N) isthe set of reproduction vectors frominput vector x and

N the number of vectorsin Y. The set Y is called the Codebook and each element X; is
called a codeword.

Features
Themain featuresof VQ arethat it:

. can be used for VLBR coding of image sequences;

. exploits the correlation between components within the vector;

. decodes the image sequences simply by using a look-up table;

. increasesthe complexity exponentially with dimensionthat limitsreal-time appli-
cations;

Figure 7. Vector Quantization CODEC
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i isdifficult to select an appropriate training set for codebook generation;

i isavery challenging task to generate a universal codebook that isimage depen-
dent; and

i isintractable to scale the codebook for better coding efficiency.

BasicProcedure

Figure 7 showsthe functional block diagram of abasic VQ codec. It comprises (1)
vector formation; (2) training set generation; (3) codebook generation, and (4) quanti-
zation. Each of these constituent blocksis now briefly examined:

1  Vector formation isthe decomposition of imagesinto a set of 2-D vectors. These
vectorsareusually not formed directly from the spatial imagedata, but rather from
thetransform domain (transform coefficients). Thisensuresthat the vector sizeis
compressed with acorresponding reductioninthe computational complexity of VQ
coding.

2. Achieving optimal VQ is highly dependent on choosing the best training set,
which isselected from either theimage or statistically similar images.

3. Codebook generationisthemostimportant processinVQ, sincecoding efficiency
will be optimal when the interrel ations between the codewordsin acodebook are
minimized and, concomitantly, theintra-rel ations between codewordsin separate
codebooksismaximized. In Gersho (1982), for example, themean squareerror (M SE)
criterionisapplied such that theinput vector sourceisclassified into apredefined
number of regions by the minimum distancerule between intracodewordsand the
maximum distance rule between inter codewords.

4. Quantization selects the most appropriate codeword in the codebook for each
input vector using some prescribed metric such as MSE or absolute error. An
exhaustive search processover the entire codebook providesthe optimal result but
is time consuming. There are alternative search algorithms such as tree-search,
which though sub-optimal, are much faster.

Evolution of VQ

Researchintotryingtoimprovethepotential of VQfor VLBR applicationsincludes
Baker and Gray’ s (1983) design of a mean/shape vector quantizer (M/SV Q) where the
vector meanisscalar quantized whiletheresulting error vector, obtained by subtracting
the sample mean from theinput vector, isvector quantized. Baker (1983) extended their
work tomean/residual VQ (RV Q) and subsequently mean/reflected residual VQ (Barnes,
Rizvi, & Nasrabadi, 1996). An advantage of the latter approach isthe relatively small
number of bitsrequired dueto the reduced codebook size. A small codebook, however,
does not reproduce edges very well, particularly in VLBR coding applications because
of thediversity of edgetypesthat resultsin perceptible edge degradation in many cases.
Ramamurthi and Gersho (1986) proposed aClassified VQ (CV Q) algorithmthat organized
eachimagevector into several classesto addressthisedge degradation problem. V ectors
with distinct perceptual features, such as edges, are generated from different sub-
sources, belonging to different classes. Theclassifier then determinesthe classfor each
vector so each is appropriately coded with a quantizer specifically designed for that
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particular class, thus providing an overall better perceptual quality than classical VQ.
Chang and Chen (1996) used an edge-based, site-matched finite-state CVQ that only
transmitted moving blocks (vector) inanimage, while Y ong and Tseng (2001) proposed
asmooth side-match CV Q that combines CV Q and avariable block-size segmentation,
which outperforms CV Q when fixed size blocks are used.

Codebook replenishment andinter-frameV Q (Goldberg & Sun,1989; Karayiannis&
Li, 2002) reduce the number of bits because of the adaptability in transmitting a small
codebook that matchesthelocal statisticsof theimagebeing coded. TransformVQ(TVQ)
converts statistically dependent (correlated) pixels into uncorrelated coefficients by
transforming data from the spatial to the frequency domain. Due to the computational
complexity, theimageisusually divided into manageabl e sub-images and thetransform
performed on each of these. Thetransform coefficientsarethen non-uniformly quantized
using ascalar quantizer. The quantization levels are defined by abit assignment matrix
in which certain high-frequency coefficients are discarded. This matrix isused at both
the coding and decoding. Exploitation of the correlation of adjacent pictureelementsand
significant codebook size reduction are the main advantages of TVQ, though thisis
counterbalanced by blocking artifacts — which can be removed though the classified
Lapped orthogonal transform (V enkatraman, Nam, & Rao, 1995).

Future Trends of VQ

Vector quantization is a non-standard video coding strategy; however, many
researchers are engaged in trying to exploit its potential (Kwon, Venkatraman, &
Nasrabadi, 1997; Man, Queiroz, & Smith, 2002; Pan, Lu, & Sun, 2003; Shen, Zeng, & Liou,
2003; Terada, Takeuchi, Kobayashi, & Tamaru, 1998), thoughreal-timeV Qislimited by
the high computational overhead that often necessitates a parallel implementation. A
real-timemulti-stage hierarchical VQ hasbeen proposed by Teradaet al. (1998) using a
functional memory- type parallel, SingleInstruction, Multiple Data (SIMD) processor.
Wireless or mobile video communications through anoisy or noiseless environment is
feasiblewith V Q using three-dimensional sub-band coding (Manetal., 2002). Usingthe
sum and variance characteristics, an efficient encoding V Q algorithmisproposed by Pan
et al. (2003), where each vector is separated into two sub-vectors: one composed of the
first half of vector components, and the second consisting of the remainder. Three
inequalities based on the sum and variance of a vector and its two sub-vectors
components are then used to reject those codewords that are not possible to be the
nearest codeword. This results in considerable computational time savings, and also
does not introduce any additional distortion compared to the conventional full-search
algorithm. Shen et al. (2003) described asophisticated codebook-updating schemewhere
the operational codebook isupdated using not only the current input vector but also the
codewords at all positions within a selected neighborhood (defined as locality), while
the operational codebook is organized in a cache manner. This algorithm memories
information concerning previously coded vectorsin quantizing the current input vector
while updating the operational codebook.

Summary
To achieve high video data compression, quantization isthe pivotal elementinthe
CODEC process. VQ performsbetter than scalar quantization asit exploitstheintrinsic
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spatial and temporal correlation of adjacent pixelsin the video data. Anidealistic VQ
approach based on a combination of variable vector size, classified lapped transform,
multi-stage, dynamic codebook updating using locality, parallel computing structures,
together with a small codebook size could theoretically be avery strong competitor to
any contemporary digital video coding standard. Pragmatically, however, itinfeasibleto
incorporateall the af orementioned properties, because many haveindividual trade-offs.
Onemajor problemwithVQisthat it doesnot reconstruct edge vectorsefficiently asthe
codebook is unableto reproduce all possible patterns. VQ with adynamically updated
codebook based upon locality provides a good approximation of sub-image but often
requires alarge number of bits due to the high codebook transmission frequency to the
decoder. Generally, aV Q coding system requirespre-processing for vector and codebook
formation, aswell asthe codebook transmission overhead. The codebook searchingtime
alsotakesasignificant amount of time, and theselimitationsultimately restrict therange
of applicationsof VQ.

Model-based Coding

Object-based coding for VLBR isafundamental component of the MPEG-4 video-
coding standard, although the concept is not exactly brand new. Model-Based Coding
(MBC), for example, wasfirstintroducedin 1981 by Wallis, Pratt, and Plotkin (1981) and
represents aspecial kind of object-based coding. Applicationsof MBC, however, have
tended to bebeenrestricted to video tel ephony and conferencing, where only one or two
objects are considered and some a priori knowledge about a scene’s content exists. In
contrast, MPEG-4 is able to handle any number of arbitrary-shaped objects (though
practical limitations usual constrain the number) without a priori information being
required about the scene contents.

Definition

In contrast to the conventional digital video coding standards, which are based on
eliminating spatial andtemporal redundanciesin asequenceby wave-transforming, MBC
treats the images as two-dimensional (2-D) projections of a 3-D world with a priori
knowledge concerning thescenecontents(Li & Chen, 1998). Oneor moremoving objects
inavideo sequenceisanalyzed using computer vision techniquesto create aparametric
model incorporating key information concerning the size, location, and motion of these
objects. At the decoder, the model synthesizes each object by using computer-graphical
methods, with automatic tracking techniques enabling themodel to mimictherespective
object’s movements. The parameters needed to animate the model are then coded and
transmitted tothereceiver, whichreconstructsthemodel (Pearson, 1995). For low-quality
images, the animation data are sufficient to give a good approximation to the original
image sequence, but for higher quality an additional residual pixel signal isrequired that
typically comprisesthecoded framedifferencesbetween theoriginal video sequenceand
the animated model. As with parametric models in other media forms, such as Linear
Predictive Coding (L PC) in speech synthesis, the bit-rate performance of MBC isvery
good because only themodel parametersaretransmitted, and thishasattracted attention
asit provideshigh-quality imagesat very low bit rates. Asaconsequence, the MBC has
been viewed as a potential competitor for MPEG-4 and H.263, though major practical
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problemsremain to be solved, namely, the difficulty in modelling unknown objectsand
the inevitable presence of analysis errors.

Features
The main features of Model-Based Coding include:

i the encoder and decoder use exactly the same parametric model for each object in
a scene;

i a priori knowledge of a scene’s contents is required before coding;

i automatic computation of thekey model parametersisanintractable problem; and

i it isonly suitable for VLBR real-time video coding applications such as video
telephony and conferencing.

BasicProcedure

A typical MBC video coding functional diagramisshownin Figure8. A 2-D or 3-D
parametric model representation for the video sequence isfirst constructed. Each input
imageisanalyzed and aset of model parameterscal cul ated and transmitted to thedecoder.
The reconstructed image is then synthesi zed using these parameters using an identical
model tothat at theencoder. Theimage modelling, analysis, and synthesisprocessesare
thethree kernel elementsof MBC. Inimage modelling, ageometric wireframemodel is
used for image structure description (Figure 9). The generality and flexibility of the
wireframemodel may becomedisadvantageous, for example, if anobjectimplieshidden
or implicit structure or motion constraints (Buck & Diehl, 1993). The geometric models
are classified into a surface-based description and volume-based description. The
surface descriptioniseasily converted into asurfacerepresentation that can be encoded
and transmitted. In these models, the surface shapeisrepresented by aset of pointsthat
represent the vertices of triangle meshes. Any surface variation can be represented by
adjusting thesizeof thepatches; that is, for more complicated areas, moretriangle meshes
are used to approximate the surface, while for smooth areas, the mesh can be expanded
and fewer verticesused to represent the surface. Thevolume-based descriptionisausual

Figure 8. Basic schematic diagram of model-based image coding
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Figure9. Wire-frame model of theface: (a) front view, (b) profile, and synthesi zed face
image assuming simple surface and one light source (Platt & Badler, 1981; Parke,
1982)

approach for modelling most solid-world objects (Shi & Shun, 1999) asitisinsensitive
to scene and object complexity.

Image analysis techniques are employed to automatically extract the key model
parametersat theencoder, such asthe position of thefacial features, motioninformation,
and depth. The position of thefacial featuresisthe most important step in being ableto
automatically fit a generic wireframe to a specific face, which in turn impacts on the
motion. Image synthesis reconstructs a natural-looking facial image using the facial-
image model and encoded parameters.

Imageanalysisextractsvital parametersrequired by the coding, such astheposition
of thefacial features, motion parameters, and depth. The motion of thehead and changes
of facial expression areused to extract the parameters, which aretransmitted for anumber
of feature points. The position of the facial features is the most important step for
automatically fitting ageneric wireframeto aspecificface. ME isal so dependent onrthis.
Image synthesisinvolvesreconstructing anatural-looking facial image using animage
model that incorporates the transmitted parameters.

Evolution of MBC

MBC analysis-synthesisimage coding (Pearson, 1989) has been successfully used
inlow bit-ratevideotelephone (Welsh, 1988) applications. At theencoder, input images
are processed by a 3-D analysismodel and represented by aset of extracted parameters,
which are then transmitted to the decoder, which, using exactly the same 3-D model as
the encoder, synthesizes the image.

Thefollowing stepscomprises MBC:

i Human face modelling: A predefined coarse 3-D wireframe model is manually
adjusted to the input image and the deformed wireframe face model representing
the shape of the transmitted human face is registered.
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i Encoder parameter extraction: The motion of the head and changes to facial
expressionisused in extracting the parameters, which aretransmitted for anumber
of feature points.

i Receiver image synthesis: The decoder modifiesthe 3-D wireframe face model
using thetransmitted parametersand texture mapsan original 2-D faceimage onto
the model to create the decoded image.

The ME method of model-based coding can be categorized in two stages. Thefirst
identifies the features located on the object and tracks these between framesto form a
2-D correspondence between consecutive frames, and the 3-D motion parameters are
estimated between corresponding pairs. Welsh (1991) established the correspondence
for the moving feature points by template matching from a generated codebook, which
werethen used to estimatethe best fitting val ues of global motion parameters. Fukuhara,
Asai, and Murakami (1993) used template matching to also establish these correspon-
dences, but applied a neural network to estimate the head motion parameters.

Nakaya, Chuah, and Harashima (1991) proposed a model-based/M C-DCT hybrid
coding system by combining the advantages of MBC and waveform MC-DCT to
overcomethelimitationsof MBC. Itincorporateswaveform codingintothe MBC, which
can codethose objectsnot covered by the basic model and cancel analysiserrorssowhen
thefirstfails, thelatterisstill abletoimprovecoding efficiency. Inthishybrid model, the
faceregion of theimagesisapproximately coded by aMBC using thefacial model, while
the shoulder region is assumed to be arigid object, and thus motion is compensated as
asinglelarge block before being processed by the MC-DCT coder. The background is
coded using only MC-DCT. Overall, thishybrid approachis especially notable at very
low transmission rates, that is, at 16Kbps, though its performance depends on the
efficiency of the image analysis and synthesis technologies used. Better performance
can be achieved by establishing an image assessment strategy so that model and
waveform-based coding are kept from interfering with each other.

Future Trends of MBC

The effective modelling of objectsisthekey issuein MBC. The performance and
complexity of image analysis/synthesis depends on the model adopted. In a conven-
tional MBC scheme, predefined static models are generally used, though these can
neither be adapted to fit the real features of the object nor updated dynamically in the
applications. Moreover, avery specific model is necessary for aparticular object, so a
generic model cannot be used to generate models for similar objects, thereby saving
memory space (Sui, Chan, & Siu, 2001). Certain methodsgeneratethe object model with
stereo graphics (Chen & Lin, 1997) and laser scanning. Though laser scanning can
provide avery accurate model of an object, the size and cost of the equipment are high.
Conversely, stereo graphics are used in specific views. A gradually generated and
dynamically modified model using scanned video frames is an alternative for real
applications (Sui et al., 2001). It has some advantages over conventional methods, such
asno specificview with known orientation of the objectisrequired, extracted information
is used to update the generic model, and the feature extraction processes for different
viewscan beperformedinparallel. Object analysislargely dependsupon extracting key
features including eyes, eyebrows, ears, mouth, and nostrils. Among these, eyes,
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eyebrows, and mouth are non-rigid objects, while the ears and nostrils can become
occluded. The effects of photometric changes, occlusions, and shear effects make the
selection of pointsfor tracking ill-defined for all but afew points (Bozdagi, Tekalp, &
Onural, 1994). In block tracking for 3-D ME solution, some of blocks may encompass
distinct features, which are easily tracked and contribute favorably, whereas others
introduce errors. The removal of the large motion vectors that exhibit disagreement
between the 2-D translational field and a projection of the estimated 3-D rotation can
improvethe ME (Woods, 2001).

Summary

Exi sting block-based coding standards, such asH.263, do not consider thearbitrary
shape of moving objectsand, asaresult, their prediction efficiency iscompromised. To
reducethe prediction error for arbitrary-shaped objects, switching between awaveform
coder and M BC sometimes can exhibit superior performanceat low bit-rates. Thegeneral
working principle of aswitching coder isto change on the basis of the required number
of bitsand image quality for enhancing theoverall coding performance. AlthoughMBC
opens the possibility of very low bit-rate image transmission, the following problems
inhibit its acceptance:

1  Generality: The main assumption that the input images always consists of a
moving face and shoulder is not appropriate for practical use. To enhance its
applicationin general cases, precise 3-D structure of the scenefrom 2-D imagesis
necessary but using existing technology thisis very difficult.

2 Analysiserrors: Thiscan sometimes affect the decoded images seriously, such
asalaughing face being transmitted asacrying face or an upside-down face at the
decoder. Theface animation has been adopted for the MPEG-4 visual coding. The
body animationisunder consideration for version 2 of the MPEG-4 visual coding.

Wavelet-Based Video Coding

Definition

In the context of low bit-rate video coding, wavelet theory has demonstrated an
ability tonot only providehigh coding efficiency, but al so spatial and quality scalability
features. Grossman and Morlet (1984) first introduced thewavel et transformin 1984 by
mapping atime or spatial function into atwo-dimensional functionasaandt, wherea
correspondsto the amount of time scaling or dilation and t representsthetime shift. The
wavelet transform is defined asfollows. Let f(t) be any squareintegrable function, i.e.,
it satisfies

[T ) dlt <oe. 3)

The continuous-timewavel et transform of with respect to awavel et isdefined (Shi
& Shun, 1999) as:
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w(ar)=[" f(t)ﬁw*(%)dt @

whereaand rarereal variablesand* denotescomplex conjugation. Thewavel et function
is then expressed as:

where y(t) isknown asthe mother wavelet, whichis stretched when a>1 and contracted
or dilated when O<a<1. This function integrates to zero (must have zero mean) and be
square integrable (possessfinite energy). Thefollowing Haar wavel et is an exampl e of
asimplewavelet function.

1 0<t<1/2
v(t)=4-1 1/2<t<1
0 otherwise

(6)

For digital image compression, f(t) is represented as a discrete superposition
rather than anintegral, so dilation and translational parameterstakethe dyadic values
of a=2%and 7 =24, wherebothk and | areintegers. y_(t) then becomes

W, (t) =2y (27t -1) (7)

and the corresponding DWT can be written as:

w(k=3 @ty ) @®

with the inverse DWT being

4oc  Hoc

fR)=Y Y dkh2?y (2% 1) ©)

|=—oc |=—oc
The wavelet transform at the discrete values of a and t are represented by

d(k,1)=W(k,1)/C (10)
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where Cisanintegral constant. Thed(k,l) coefficientsarereferredto asthe DWT of the
functionf(t) (Daubechies, 1992; Vetterli & Kovacevic, 1995). Thewavel et transform of
f(t) still has the discretization in its two parameters, but d(k,l) is a continuous time
function. Tomakeit discrete, lett=mT, wheremisaninteger and Tisthesamplinginterval.
Note, to ensurethereisno information loss, the value of T must be chosen according to
the Nyquist sampling theorem.

Features
Themainfeaturesof theDWT inalow bit-ratevideo coding context areasfollows:

i DWT has high decorrelation and energy compaction efficiency.

i The wavelet basis functions match well with the Human Visual System (HVS)
characteristics.

i Blocking artifactsand perceptual distortionarefar lessvisibleinwavelet filtersdue
to the spatially global decomposition, resulting in subjectively better recon-
structed images.

i TheDWT allowsmultipleresolution analysis(MRA) that supportshigh scalability
since wavelet coefficient data structures are spatially self-similar across sub-
bands.

i The number of image pixels and DWT coefficients are the same, so there is no
informationislost.

i DWT requires more memory and processing time because global decomposition
requires the whole image to be considered as alarge size block.

i Computational complexity isrelatively high comparedto DCT.

i Duetothelargeblock size, efficient codingisoftenimpossible, especialyinVLBR,
because it cannot differentiate active from static regions.

BasicProcedure

Themain part of video coding istransforming spatial image datainto afrequency
representation. The DWT, unlike the DCT, decomposes a complete image or a large
rectangular region of theimage, in contrast to small block sizes (8x8, 4x4) usedfor DCT
implementations. A single-stage DWT consistsof afiltering operation that decomposes
animageintofour frequency bandsasshowninFigure10: “LL"” —istheoriginal image,
low-passfiltered and sub-sampled by afactor of 2inthehorizontal and vertical directions.
Thissub-sampling may beappliedrepetitively; “HL"—ishigh-passfilteredinthevertical
direction and contains residual vertical frequencies (i.e., the vertical component of the
differencebbetweenthesub-sampled“LL"” imageandtheoriginal image); “LH"—ishigh-
pass filtered in the horizontal direction and contains residual horizontal frequencies,
“HH”— is high-pass filtered in both horizontal and vertical directions and contains
residual diagonal frequencies. This DWT decomposition has a number of important
properties:

i Thenumber of DWT coefficientsisthe sameasthenumber of pixelsintheoriginal
image so nothing is added or removed.
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Figure 10. First frame of Miss America after one level decomposition by DWT

i Many of the high-frequency coefficients(“HH,” “LH,” and“LH") at each stageare
insignificant. This reflects the fact that low frequencies carry important image
information, whichimpliesthat discarding themoreinsignificant higher-frequency
coefficients while preserving the significant ones, compresses the image effi-
ciently.

i The DWT coefficient data structure is spatially self-similar across sub-bands
(Figure 10) which leads to the important characteristic of spatial scalability.

A block diagram of the basic wavel et-based video codecisshowninFigure11. The
input images of a video sequence are used as the DWT input and the same number of
wavelet coefficientsisgenerated. To select the most significant coefficients, quantiza-
tion is applied and insignificant information removed. Several algorithms have been
developed to code this information in efficient way so that by sending minimum
information, better image quality will be achieved at the decoder.

Evolution of DWT

DWT multilevel decomposition of animage hasthe property that thelowest levels
correspond to the highest-frequency sub-band and finest spatial resolution, and the
highest levels correspond to the lowest-frequency sub-band and the coarsest spatial
resolution. Arranging thefrequency sub-bandsfrom lower- to higher-normal expectation
istheenergy reduction. Moreover, if thetransform coefficientsat aparticular level have
alower energy, then coefficientsat thelower level sor high-frequency sub-bands, which
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Figure 11. Block diagram of video coder and decoder using wavelet
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correspond to the same spatial location, would have lower energy. This self-similarity
across sub-bands of wavel et coefficient datastructureisavital property inthe efficient
embedded-bitstream coding point of view. The advantage of embedded coding schemes
isthat they allow the encoding process to terminate at any point so that atarget bit rate
or distortion metric can bemet exactly. Dueto the some constraintsin embedded coding,
non-embedded coding for agiven target bit rate or distortion requirement is sometimes
preferable. TheEmbedded Zero-tree Wavel et (EZW) (Shapiro, 1993) and Set Partitioning
inHierarchical Trees(SPIHT) (Said & Pearlman, 1996) are two examples of embedded
coding algorithms.

To exploit the properties of the wavelet transformation, a data structure called a
Zerotreeisused in embedded coding system. A zerotreeisaquad-treeof which all nodes
are equal to or smaller than theroot. A coefficient in alow sub-band can be assumed as
having four descendantsin the next higher sub-band and the four descendants each al so
have four descendants in the next higher sub-band, i.e., every root has four leaves
(Figure12). Thetreeiscoded with asingle symbol and reconstructed by the decoder as
a quad-tree filled with zeroes. It is assumed that the root has to be smaller than the
threshol d against which thewavel et coefficientsare currently being measured. Thus, the
wholetree can be coded with asingle zerotree symbol. If theimageisnow scannedin a
predefined order, fromahightoalow scale, implicitly many positionsare coded through
the use of zerotree symbols. Of course, sometimes the zerotree ruleisviolated, but, in
practice, the probability of thisisvery low. The priceistheaddition of the zerotree symbol
to the code alphabet (Valens, 1999).

Said and Pearlman (1996) offered an alternativeinterpretationtothe EZW algorithm
to better highlight the reasons for its excellent performance. They identified three key
conceptsin EZW: (1) partial ordering by magnitude of thetransformed coefficientswith
aset partitioning sorting algorithm, (2) ordered bit-planetransmission of refinement bits,
and (3) exploitation of the self-similarity of thewavel et transform acrossdifferent scales
of animage. In addition, they presented anew and more effectiveimplementation of the
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Figure 12. Relations between wavel et coefficients in different subbands as quad-trees
(Valens, 1999)

level 3

% %I level 2
% %I level 1

modified EZW algorithm based on Set Partitioning in Hierarchical Trees(SPIHT). They
also proposed a scheme for progressive transmission of the coefficient values that
incorporate the concepts of ordering the coefficients by magnitude and transmitting the
most significant bits first. A uniform scalar quantizer is used, with the claim that the
ordering informati on madethissimplequantization method moreefficient than expected.
An efficient way to code the ordering information is also proposed that results in the
SPIHT coding, in most cases, surpassing the performance obtained by the EZW
algorithm (Saha, 2000).

VLBR uses embedded coding in another application, namely image browsing
(Shapiro, 1993). A user istypically connected to an image database through alow bit-
rate channel and findsa potentially interesting picture, but must wait to determineif the
desired features are present. With a fully embedded bit stream, the same code can
accommodate both theintelligibility objectiverequired for arejection decision and the
higher-quality objectivefor anacceptancedecision. A MCwavel et transformisgenerally
believed to be a better approach than a non-motion compensated approach for VLBR
video coding. Usually theM Cisblock-based using afull search, whichissimpleand easy
toimplement in hardware but isal so computationally complex and produces noticeabl e
blocking artifacts. It also has artificial discontinuities due to the noisy motion causing
undesirable high-frequency sub-band coefficients, as well as an increase of side
information to transmit the entropy-coded motion vectors. An adaptive multi-grid block
matching with different resolutions, rather than a multi-resolution pyramid and amesh
refinement techniquefor variableblock sizetoreducetheblocking artefactsisdescribed
by Ebrahimi and Dufaux (1993). It measuresthetrue motion moreaccurately and provides
near optimal solutionsinminimizingtheenergy of thepredictionerror. It al so decreases
the sideinformation while keeping the same accuracy for the motion fields by adopting
avariableblock size. The conventional multi-layer approach of embedded bitstream can
only supply a discrete number of bitstream layers. To improve the performance, the
number of layers and the quality/bit-rate level associated with each layer has to be
determined at encoding time. The varying bandwidth limitations for video streaming
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cannot be satisfied in thismanner. SNR scalability coding technique has been standard-
ized in MPEG-4 for providing fine granularity scalability (FGS), though this added
functionality isachieved with asubstantial ossin compression performance (Hsiang &
Woods, 2001). An embedded coding system based on 3-D sub-band filter banks
combining set partitioning and context modelling is described by Hsiang and Woods
(2001) thatiserror resilient, better than M PEG-2, and freefrom DCT-blocking artefacts.

Themain drawback of DWT-based codingisitscomputational overhead. For real-
timeapplications, there have been variousattemptsat improving the computational time,
includinganinteger-based DWT (Lin, Zhang, & Zheng, 2000; Zeng & Cumming, 1998).
A leaky bucket-approach for real-time applications has also been proposed by Balster
and Zheng (2001) to control the bit rate through unpredictable transmission channels
usinga3-D DWT compression system. Thismaintainsmaximum and equal frameratefor
both the server and receiver, which isafundamental requirement for real-time systems.

Toexploittheintra- andinter-band correlationinthewavel et domain, EZW, SPIHT
used zerotrees to implicitly classify wavelet coefficient. Zerotrees are a subset of a
spatial-frequency treeconsisting entirely of insignificant wavel et coefficients, wherethe
spatial-frequency tree naturally comesfromthe spatial and frequency relationshipinthe
hierarchical pyramid, asshowninFigure12. Withtheidentification of mostinsignificant
coefficientsusing zerotree coding, the uncertainty of significant coefficientsisreduced
and coding efficiency isimproved. Naturally, significant pixel sforming from the edge of
thepart of theimageformirregular clusters. Consequently, theinsignificant partswithin
sub-bandsarealsoirregular. Boththeirregular significant andinsignificant partscannot
beeffectively exploited by theregular structured zerotree, which limitsthe performance
of zerotree methods.

Conversely, amorphological representation of wavel et data(Servetto, Ramchandran,
& Orchard, 1999), Significant-Linked connected component analysis (Chai, Vass, &
Zhung, 1999), triesto exploit theintra-band correlation by forming the within-sub band
irregular-shaped clusters based on the known significant coefficient. The coding result
proves that irregular clusters can effectively capture the significant pixels within sub-
bands. The Embedded block coding with optimized truncation (EBCOT) algorithm
(Tauman, 2000) exploitsonly theintra-band correl ation, being based ontheindependent
coding and optimization of code-blockswithin sub-bands. Theoutstanding performance
of EBCOT demonstrates that strong intra-band correlation provides high-coding effi-
ciency and is effectively achieved by explicitly classifying coefficients based on their
sign and magnitude redundancy (Peng & Kieffer, 2002).

Shaped adaptive DWT (SA-DWT) isatechniquefor efficient coding of arbitrary-
shaped visual objectsthat isimportant in object-oriented multimediaapplications. The
mainfeaturesof SA-DWT are: (1) the number of coefficientsafter SA-DWT isidentical
tothenumber of pixelsintheoriginal object, (2) thespatial correlation, locality properties
of wavelet transforms, and self-similarity across sub-bands are well preserved, and (3)
for arectangular region, SA-DWT isidentical totheconventional DWT (Li & Li, 2000).

Future Trends

As all images are different in wavel et-based coding, the wavelet filter should be
chosen adaptively, depending on the statistical nature of the image being coded.
Wavelet filters are highly image-dependent with no single wavelet filter consistently
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performing better than others on all images. Similar results have also been observed in
the context of |0ssless compression using variousinteger-to-integer wavel et transforms
(Saha & Vemuri, 1999). This adaptive filter selection is important because, when the
performance of thewavelet filter isinitially poor, use of sophisticated quantization and
context modelling of transform coefficientsmay not alwaysprovidesignificant compen-
sationfor this. Dynamically determining the most appropriatewavelet filter based onthe
type and statistical nature of theinput image to be coded may well proveto be afruitful
research topic.

Summary

The main advantages of DWT- over DCT-based video coding are the absence of
blocking artefacts and greater compatibility with the human visual system. However, it
suffers from relatively high computational complexity and poor VLBR video coding
efficiency inthebitsdistribution for active and non-activeregions. 3-D wavelet coding
may well be an alternative to DCT-based coding.

DCT Manipulation-Based Coding

Definition

The DCT plays an extremely important role in most image and video coding
standards. It was established by Ahmed, Nararajan, and Rao (1974) as avariant of the
Discrete Fourier Transform (DFT). The basic idea behind these transformationsis that
any periodic function can be decomposed into a finite number of sine and cosine
functions with frequencies being multiples of the datawindow length N. The DCT of a
discrete function f(x,y), X, y=0,1,...,N-1 isdefined as

F(u,v) =
2 (2x+Yur (2x+Yhvr
— Kk, k f(x,y)cod ~—— 7 [xcod —— " | uv=01...,N-1
(N}UVZZ(y) { N ) { N L
(11)

where

1
K,k :E foru,v=0
=1 foru,v=1,2...N-1.

The DCT transformsthe discrete block (usually 8x8) of spatial imageto producea
block of transform coefficients. The performance of ablock-based transform for image
compression depends on how well it decorrelates the information in each block. In the
example in Figure 13, the original 88 block has its energy distributed across all 256
samples, whilethe DCT representation ismuch more compacted (closely correlated). In
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Figure 13. Original block of image (a) (i.e., Frame #1 block 5,5 of Miss America) and
(b) corresponding DCT

41|39|54|100 | 126 | 122 | 125 | 131 768 |-263-19(33|39(0|-13| O
441 41|54 | 97| 124|122 | 128 | 134 ;31| -39|-43| 0/14/0| 0| O
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43|42 |53 | 90| 118|124 | 134 | 139 0 0| 0| 0] 0|0 OO
56|54 |59 90| 114|123 | 134 | 138 0 0f 0| 0] 0jO0| OO
79| 72168| 89 110|120 | 134|139 0 0| 0| 0] OjO0| Of-1
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(a) (b)

the DCT coefficient block, the energy isconcentrated into afew significant coefficients
(topleft of thearray), which arethelow-frequency components, representing the gradual
changes of brightness (luminance) in the original block (Figure 13). The bottom-right
portion of the array comprises high-frequency components, and these represent rapid
changes in brightness. The coefficients are, therefore, decorrelated, so smaller-valued
coefficients may be discarded (for example, by quantization and thresholding) without
significantly affecting the quality of the reconstructed image block at the decoder. This
makes the DCT a powerful tool for image and video compression.

Features of DCT
The main features of the DCT are asfollows:

i DCT has ahigh decorrelation capability and energy-compaction efficiency.

i DCT isrelatively simple for hardware implementation and less computationally
expensive than DWT.

i DCT can be applied to any block size.

i Thistransformation is very well established and is the basis for many of today’s
digital video coding standardsincluding MPEG-X and H.26X.

i With the exception of the optimal Karhunen Loéve Transform (KLT) that isdata-
dependent, the DCT issuperior to other transformsincluding the DiscreteHadamard
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Transform(DHT), DWT, and DFT intermsof mean-squareerror, energy compac-
tion and bit rate vs. distortion performance in the reconstructed image.

Evolution of DCT

For VLBR coding, especially videophone applications, it can be common for the
coefficients of a block to be zero after motion estimation/compensation, DCT, and
guantization. A method that detects all-zero DCT coefficient blocks before DCT and
guantization would greatly improve the coding speed (Xuan, Zhenghua, & Songyu,
1998). InH.263, N=8,s0(11) gives

Fuv|<>3 Sabs(f(x,y) (12)

1
4 x=0y=0
Thecondition for all-zero DCT coefficientsis
|F(u,v)|<2Q (13)

where u,v=0,1,..., 7, and Q denotes the quantization level. Thus

3 3 abs(f (x,y)) <8Q ”

x=0y=0

Thisinequality providesthe conditionsunder which all DCT coefficientsare zero.
Using (14), ~40% of blocksinthe Miss Americaand Claire sequencescan beso classified
and, since the technique uses a Sum of Absolute Difference (SAD) as a criterion, no
additional computation is involved. Moreover, the threshold can be adapted with the
guantization level. Simulation results also reveal that 16Q provides a good trade-off
between image distortion and computational overhead.

Themain problem of thistechniqueisthat someall-zero blocksmay not bedetected.
Thisiscommon when using thistechniquein H.263 coding of head-shoulder sequences
(Jun & Yu, 2001), though it does not affect the video quality, just the coding speed. A

modification was proposed by Jun and Yu (2001). \F(u,v)
necessary condition for the early detection of all-zero DCT blocks, and isequivalent to

< 2Qis a sufficient and

maxﬂF(u, V)|). An alternative detection was also proposed by Jun and Yu as follows:

7 7 o T
goygolf(x, y)|<[NQseC (Nﬂ (15)

Thisinequality may not limit theefficiency either, but withtheefficiency guideline,
itimprovedtheefficiency of theapproach of Xuanetal. (1998). Thispaper also proposed
another detection criterion, which does not impact on video quality:
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Emilfq (x, y* J < [%} (16)

x=0y=0

max[“z’l“ﬂfpu, )

x=0y=0

where

fo(yY)e{f(xy)>0 f (xy)=f(xy); f(xy)<0 f,(xy)=0
fax ) e{f(xy) <0 f(xy)=f(xy); f(xy)>0 f(x y)=0

2 2l
o =—COS™| —
N 2N

Experimental results showed that the ratio of correct detection (Budge & Baker,
1985; Cafforio & Rocca, 1983) increased by ~1-2% and ~10-20% respectively. Using this
technique, ~60% of blocks in the Miss America and Claire sequences are correctly
determined as all-zero DCT coefficient blocks, which improves the coding speed
significantlyinaVLBR coding context.

The Position-Dependent Encoding (PDE) approaches (Apostolopoulos & Lim,
1992; Apostolopoulos, Pfajfer, Jung, & Lim, 1994; Pfajfer, 1994; Reed & Lim, 1998) for
coding DCT coefficients can be applied in any transform/sub-band filtering schemefor
image or video compression. Intheconventional approach, theamplitudevaluesand run-
lengths can be coded with separate codebooks or they can be jointly coded withasingle
codebook. With joint encoding, each (run-length, amplitude) pair is coded as asingle
event. Inthisway the coder exploitsthe correlation that existsbetween short run-lengths
and small amplitudes. I n separate codebooks, the coding approach exploitsthe different
phenomenawithdifferent statistics. Traditionally, DCT coefficientsareorderedin some
manner (typically through zigzag scanning), but this does not exploit how the statistics
of the run-length depend upon the starting position of the run. For example, runs
beginning in the low-frequency region are typically shorter than runs beginning in the
mid- to high-frequency regions. Moreover, thetraditional way doesnot exploit how the
statistics of the coefficient amplitude depend on the particular coefficients to be
encoded. For example, in anintra-block, the low-frequency coefficientstypically have
larger amplitude than mid- or high-frequency coefficients. On the other hand, for inter-
blocks, the statistics are usually more uniformly spread.

Thisidea was further extended by Apostolopouls et al. (1994) by using multiple
codebooks for inter- and intra-encoded regions of avideo signal. The PDE approach
exploited thedifferencein statisticsand range of the statisticsby using different Huffman
codebooks depending on the starting position of the run-lengths and statistics of the
amplitudes. A total of 94 codebooks were used for run-length coding: 31 for intra-
luminance components(Y) run-lengths, 15for intra-chrominance components (UV) run-
lengths, 32 for inter-Y run-lengths, and 16 for inter-UV run-lengths. A total of 14
codebookswere used for amplitudes coding: 3for eachintra-Y and intra-UV amplitude
coding, 3for eachintra-Y and intra-UV amplitude, and 4 for each inter-Y and inter-UVv
amplitude. The Huffman codebooks were trained based on a weighted sum of the
collected data.
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Figure 14. Visual quantization matrix for QCIF image

1.000 | 0.9962 | 0.9850 | 0.9668 | 0.9423 | 0.9122 | 0.8775 | 0.8393

0.9944 | 0.9906 | 0.9795 | 0.9615 | 0.9372 | 0.9073 | 0.8730 | 0.8351

0.9778 | 0.9741 | 0.9633 | 0.9458 | 0.9221 | 0.8931 | 0.8596 | 0.8227

0.9511 | 0.9476 | 0.9373 | 0.9206 | 0.8979 | 0.8701 | 0.8381 | 0.8026

0.9158 | 0.9125 | 0.9028 | 0.8871 | 0.8658 | 0.8396 | 0.8094 | 0.7759

0.8734 | 0.8704 | 0.8615 | 0.8469 | 0.8272 | 0.8029 | 0.7748 | 0.7437

0.8260 | 0.8232 | 0.8151 | 0.8018 | 0.7837 | 0.7615 | 0.7358 | 0.7072

0.7752 | 0.7727 | 0.7654 | 0.7534 | 0.7371 | 0.7171 | 0.6937 | 0.6678

Theresultsrevealed an average reduction of 6.1% in therequired bit rate for PDE
compared to the single-codebook approach. In comparing PDE with MPEG’s joint
encoding, thetestsshowed that PDE performed approximately 5.8% better; however, an
accurate comparison between PDE and joint encoding cannot be made for two reasons:
(1) the PDE scheme was optimized for encoding certain sequences, while the joint
encoding schemewasnot, and (2) escape codeswerenot implemented inthe PDE scheme,
whilethey were part of thejoint scheme. Escape codesareimportant because, asidefrom
reducing theimplementation complexity, they also havethebeneficial effect of increas-
ing the robustness of an entropy-coding system. In addition, the joint codebooks were
designed by MPEGfor |, P, and B frames, whilethisapproach performed testsonly with
| and P frames.

Reed and Lim (1998) overcametheselimitationsby using Joint PDE. They observed
that the range of possible run-lengths varies with the starting position of the run. More
clearly, the range of the run-lengths decreases as the starting position of a non-zero
guantized DCT coefficientsincreaseswithinablock. Since M PEG-2 uses8x8 bl ock si zes,
therun- length range starting at position (0, 0) withinablock (DC) isOto 63, so 6 bitsare
needed to represent all run-length possibilities. However, traversing the block starting
at DC and following some specified scanning pattern, the number of coefficients
remainingintheblock decreases, thusdecreasing therun-lengthrange. Therefore, using
6 bitsto represent the run- lengths for non-zero mid- and high-frequency coefficientsis
unnecessary. Reed and Lim compared results with MPEG-2 by considering I, P, and B
frames, as well as escape codes. The Joint PDE decreases bits by 7.6% on average
compared with MPEG-2 by considering 31 2-D Huffman codebooks. Its performanceis
also better than the PDE, which only achieved a bit-reduction of about 5.8%. In VLBR
coding, computing the motion vectors occupies a large percentage of the bit rate and,
therefore, the overall performance of the PDE and Joint PDE will diminish.
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Any block-based video coding standard such as MPEG-X, H.26X suffers from
blocking effectswhen operating at very low bit rates. Toimprovethe subjective quality
of thecoded images, the DCT coefficientsareweighted using avisual quantization matrix
(Figure 14) beforequantization whichincreasesthe PSNR and moreimportantly reduces
annoying blocking effectsin the perceived visual quality (Ngan, Chai, & Millin, 1996).

Bothvisual and normal quantizationisappliedin DCT coefficientstoreducethebit
rate of video transmission or storage. Another way to reduce the bit rateis DCT-Zone
coding (Ngamwitthayanon, Ratanasanya, & Amornraksa, 2002). Normally, azigzag scan
order is used to code the DCT coefficients from top-left to bottom-right because the
human eyeisleast sensitive to the changesin mid-high frequency regions. Some DCT
coefficients within these regions will be omitted for the entropy-coding schemes for
VLBR coding using visual and normal quantization. However, the absence of high-
frequency DCT coefficients directly affects the sharpness of the resultant images. An
investigation by Ngamwitthayanon et al. showed that omitting mid frequencies results
in significant improvementsin term of output bit rate while only slightly degrading the
quality of resultantimage, which isfar less perceptual ly noticeabl e by the human visual
system.

Blocking artefactsare the main concernin block-based video coding and to reduce
such artefacts, post filtering processesarerecommended inthe new H.264 standard (I TU-
T, 2003). Therearesomesimpleal gorithms(Chou, Crouse, & Ramchandran, 1998; Meier,
Ngan, & Crebbin, 1998), while L uo and Ward (2003) used original pixel level, correlation
between neighboring blocks, and an edge-preserving, smoothing filter to reduce the
artefacts.

Traditional M C techniques exploit only two frames of temporal redundanciesin a
video sequence, but 3-D DCT-based coding offersgreater potential (Chan & Siu, 1997;
Lai & Guan, 2002; Tai, Wu, & Lin, 2000). Variabletemporal length 3-D DCT codingis
particularly suitable for complex video scenes.

Future Trends and Summary

TheDCT ispresently the most widely used transform inimage and video compres-
sion algorithms based on MPEG-X and H.26X standards. Its popularity depends on its
data-compaction performance closeto theoptimal KLT and itsrelatively low computa-
tional complexity. In addition, unlike the KL T, the DCT is not data dependent and its
transform matrix exhibits symmetries that can be exploited to obtain very efficient
hardwareand softwareimplementations(Rao & Yip, 1990). Computingthe DCT andthe
subsequent quantization of the transform coefficients are the most demanding steps of
any DCT-based video encoder after ME. Docef. Kossentini, Nguuyen-Phi, and | smaeil
(2002) reduced the computational time significantly by embedding the quantization in
DCT andintroducing amultiplier-lessinteger implementation of the quantized DCT with
early termination at zero values. A multiplier-lessinteger DCT isusedinthenew H.264
standard, which also enablesvariable-sized DCT blockssuch as4x4 instead of the usual
8x8. Blocking artefactsremainamajor concern of DCT-based coding. Much research has
been doneinan attempt toreduceor eliminateitseffects, but thereisstill scopefor further
research.
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Pattern-Based Coding (PBC)

Definition

Reducing the transmission bit-rate while concomitantly retaining image quality
continues to be the major challenge for efficient very low bit-rate video compression
standards, suchasH.26X, MPEG-X. However, these standardsare still unableto encode
moving objectswithinal6 x 16 pixel macroblock (MB) during ME, resultingin all 256
residual error values being transmitted for M C, regardless of whether there are moving
objects or not. Pattern-based coding (PBC) has the ability to code avideo sequencein
very low bit rate. L et Ck(x,y) and Rk(x,y) denote the kth M B of the current and reference
frames, each of size W pixelsx H lines, respectively of avideo sequence, where 0 < x,y
<15and0<k< W/16x H/16. ThemovingregionM,(x,y) of thekthMB inthecurrent frame
is obtained as follows:

M (% y) =T(Cc(xy) e B-R(xy)*B) (17)

whereBisa3x3unit matrix for themorphol ogical closing operation e (Gonzalez & Woods,
1992), whichisappliedto reduce noise, and thethresholding function T(v) = 1if v>2and
0 otherwise. On the basis of total number ‘1" inM, , all MBsare classified into several
MB classes. An MB containing a moderate number of ‘1’ is a partial-motion MB. A
number of templates (i.e., predefined or extracted patterns) are used to code partial-
motion M Bsand the full-motion M Bsand no-or-little- motion MBsaretreated asin the
H.26X standard. The partial-motion MB can then be coded using thempixels(typically
u={64,128, 192}) of that pattern with the remaining 256-u pixel sbeing skipped asstatic
background. Therefore, successful pattern matching can theoretically have amaximum
compression ratio of 4:1 for any MB. The actual achievable compression ratio will be
lower, dueto the computing overheadsfor handling an additional MB type, the pattern-
identification numbering, and pattern-matching errors.

Features of PBC
The main features of pattern-based video coding are as follows:

. PBC uses predefined or extracted patterns for the coding of partial-motion MBs.

. Patternsizeislessthanthesizeof an M B, sothe M E computational timerequirement
islessthan that of H.26X.

. Duetothe better management of amotion area, the coding performance of PBCin
VLBRisbetter thanH.26X.

. PBCisasimplified form of object-based coding.

. PBC can codeupto 20% lesshit ratein sameimage quality and improvetheimage
quality by up to 2dB for compatible bit rates when compared to H.263 standard.

. PBC is suitable for smooth but not high-motion video sequences.
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Evolution of PBC

Fukuharaet al. (1997) first introduced the pattern concept in ME and M C by using
four M B-partitioning patterns, each comprising 128-pixels. ME and MC wereappliedto
all eight possible 128-pixel partitions of an MB, and the pattern with the smallest
prediction error selected. Having only four patterns, however, meant it wasinsufficient
to represent moving objects. With asufficient number of blocks, the shape of amoving
object can be more accurately represented, but this carries a higher processing expen-
diture(Wong, Lam, & Siu, 2001).

The MPEG-4 (ISO/IEC, 1998) video standard introduced the concept of content-
based coding by dividing video framesinto separate segments comprising abackground
and one or more moving objects. To address the limitations of the above approach
(Fukuharaetal., 1997), Wonget al. (2001), intheir Fixed-8 algorithm, exploited theidea
of partitioning the MBs via a simplified segmentation process that again avoided
handling the exact shape of moving objects, so that popular M B-based motion estimation
techniques could be applied. Wong et al. classified each MB into three distinct
categories: (1) Static MB (SMB): MBs that contain little or no motion; (2) Active MB
(AMB): M Bsthat contain moving object(s) withlittle static background; and (3) Active-
Region MB (RMB): MBs that contain both static background and part(s) of moving
object(s). SMBsand AMBs are treated in exactly the same way asin H.263. For RMB
coding, Wong et al. assumed that the moving parts of an object may be represented by
oneof the eight predefined patterns, P.—P in Figure 15. An MB isclassified asRMB if,
by using some similarity measure, the part of amoving object of an MB iswell covered
by a particular pattern. The RMB can then be coded using the 64 pixels of that pattern
withtheremaining 192 pixel s being skipped asstatic background. Therefore, successful
pattern matching (e.g., pattern size 64) can theoretically have a maximum compression
ratio of 4:1for any MB. Theactual achievablecompressionratiowill belower duetothe

Figure 15. Pattern codebook of 32 regular-shaped, 64-pixel patterns, defined in 16x16
blocks, wherethe whiteregion represents 1 (motion) and black region represents0 (no
motion)
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computing overheads for handling an additional MB type, the pattern-identification
numbering, and pattern-matching errors. Overall, this affords superior prediction and
compression efficiency and reduces the encoding time compared to H.263 by between
8% and 53% for smooth-motion sequences.

In implementing the above categories, a MB is considered as a candidate RMB
(CRMB) if at | east one of the four 8x8 quadrants does not possess moving pixels (Wong
et al., 2001). Thisclassification may, in certain instances, reduce the number of RMBs
by misclassifying apossible CRMB asan AMB, whereonly afew moving pixelsexistin
another quadrant. Conversely, it may also increase the computational complexity by
misclassifyingan AMB asaCRM B whereall but one quadrant has many moving pixels.
Ultimately, aCRMB isclassified asan RM B depending onasimilarity measurewiththe
patternsin the codebook. Paul, Murshed and Dooley (2002) introduced a new efficient
parametric (0 € {64,96,128} ) MB classification definition, whered isthetotal number of
moving pixelsin aMB, without regard to any 8x8 quadrant. The pattern-based coding
exhibitsthe best performance when & =128 using half-pel accuracy.

Usingonly eight patternsfor all video typesresultsin potentially many RMBsbeing
neglected, as moving regions vary widely between sequences. If the codebook sizeis
extended, the number of RMBswill increase so that for aFixed-A algorithm, the image
quality improves as the residual error is reduced, though there will be a corresponding
increase in the number of pattern-identification bits for each RMB. The rationale for
extending the PC size and then selecting a subset of patterns based on video content is
that inthealgorithm (Wong et al., 2001), it was observed that the coding efficiency with
eight patterns (Fixed-8 algorithm) was superior to using only thefirst four patterns. Paul
etal. (2002 ) observed asimilar trend, but with diminishing returnswhenthe PCisextended
to 32 patterns (Figure 15).

To counter the diminishing improvement in coding efficiency caused by the
increased number of bitstoidentify each of the 32-patterns, only the A (< 32) best-matched
patterns are used. The pattern-set selection process is, however, not straightforward,
since in locating the best A pattern set, it is not sufficient to simply select the patterns
with the highest frequencies. All the RMBsthat wereinitially matched against apattern
and subsequently discarded need to be considered again for matching. Some of these
patterns may no longer be classified as RMBs, and the frequencies of the patterns may
alsochange. In certain cases, thischangewill lead to adifferent rankinginthebest pattern
set. InPaul etal. (2002a), anew variabl e pattern selection (V PS) algorithmwas devel oped
to select the A best-matched pattern set using a preferential selection approach

Figure 16. 64-pixel 8 small patterns (SP), 128-pixel 4 medium patterns (MP), and 192-
pixel 2 large patterns (LP) are extracted using ASPS-3 algorithm from Miss America,
where the white region represents 1 (motion) and black region represents 0 (no
motion)
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analogoustothe Australian Preferential V oting System (Australian Government, 2000)
where the pattern with the lowest frequency is eliminated and its preferences redistrib-
uted to the remainder. A second preferential selection algorithm called extended VPS
(EVPS) (Paul et al., 2002b) was presented that afforded significant processing speed
improvements, reducing the computational complexity by afactor as great as 9, while
maintaining similar quality and compression efficiency to VPS. An optimal subset
selection from alarge number of patternsisaNP-compl ete problem (Paul et al., 2003b).
A near-optimal pattern set selection algorithm was proposed in Paul et al. (2003b) that
achieved the optimum result with a probability of 0.99. All these various algorithms
performed better than H.263 but required pre-processing steps to select the best subset
of patterns.

Measuring the similarity between a CRM B and all the patternsin the codebook on
apiecewise-pixel basisisvery computationally expensive, especially when the codebook
sizeislarge, whichisalwaysdesirablefor better coding efficiency. However, it can easily
beobserved that not all patternsarerelevant for consideration when using thesimilarity
measure (Paul et al., 2003a). Paul et al. (2003a) proposed aReal -Time Pattern Selection
(RTPS) algorithm without any pre-processing steps. The RTPS is a proximity-based
pattern relevance measure to dynamically create a smaller-sized customized pattern
codebook (CPC) for each CRMB, by eliminating irrelevant patterns from the original
codebook by considering gravitational centre. The RTPS algorithm uses a novel
mechanism to control the size of the CPC within predefined bounds to adapt the
computational complexity of the pattern selection process, so ensuring real-time opera-
tion. RTPS is thus able to process arbitrary-sized codebooks while this real-time
constraintisupheld. Furthermore, the computational overhead of thesimilarity metricis
reduced significantly by performing the processing on a quadrant-by-quadrant basis
withthe optiontoterminatewhenever the measure exceedsapredefined threshold val ue.

All these various pattern-matching algorithms (Fukuharaet al., 1997; Paul et al.,
2002a, 2002b, 2002c¢, 200343, 2003b; Wong et al ., 2001) assumed theactual moving regions
of aRMB weresimilar to one or more of the patternsinthe codebook (Figure 15). Itisthus
an approximation of the actual shape of an object. Another problem of these algorithms
is that they failed to capture a large number of active-region macroblocks (RMB),
especially when the object-moving regionisrelatively larger in avideo sequence. The
other problem of using predefined patterns is deciding exactly how many patterns are

Table 2. Percentage of different MB types generated by the RTPS(4) algorithm (Paul
et al., 2003a)

Video sequences  SMB(%) RMB(%) AMB(%)

Miss America 63 20 18
Suzie 30 24 47
Mother & Daughter 46 24 30
Carphone 21 28 51
Foreman 13 26 61
Claire 78 14 9
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Table 3. Percentage of bit-rate reduction for same PSNR values using the ASPS-3,
EASPS, ASPS, and Fixed-8 compare to H.263 for six standard sequences

Bit Rate (Kbps
PSNR (Kbps)

Video sequences (dB) ASPS-3 EASPS ASPS Fixed-8
(88) (89) (87  (129)
Miss America 355 20.8 18.8 15.2 6.3
Suzie 295 189 141 7.3 12
Mother & Daughter 29.0 21.8 18.2 14.4 5.6
Car phone 29.5 12.6 9.4 7.8 12
Foreman 26.0 16.5 133 6.6 22
Claire 335 143 134 104 3.0

optimum for coding. A large number of codebook patterns can better approximate the
moving region of RMB, but requires more bits for pattern identification, so thereisan
inevitable compromisewhen choosing the codebook size. Intuitively, asmall codebook
sizewith lower inter-pattern relationsisadesirable choice for better coding efficiency.
However an arbitrarily shaped region-based MC algorithm may be a better choice to
addressthese problems. Y okoyama, Miyamoto, and Ohta(2001) applied image-segmen-
tation techniquesto acquire arbitrarily shaped regions, though its performance was not
guaranteed because it used a large number of thresholds.

Thefirstissue canbesolvedif thecoding system usesthe pattern set extracted from
the content of avideo sequence. Table 1 shows the percentage of MB types generated
by the RTPS(4) algorithm. While SMBs contribute nothing to the bit rate, RMBs
contribute nearly 25% and AMBs 75% of the overall bit rate, so any attempt to reduce
the number of AMBs |eads to better compression. So alarger size pattern set, together
with conventional size, will solve the second issue. Thethird problem may be solved if
inter-relations between extracted patterns are exploited. Three algorithms based on
Arbitrary-Shaped Pattern (Paul et al., 2003c, 2003d, 2003e) were proposed that solved
the above problems by first extracting dynamically different-size pattern setsfrom the
actual video content without assuming any pre-defined shape. Subsequently, these
extracted pattern setsare used to represent the different types of RMB using asimilarity
measureasinall other pattern-matching algorithms. InFigure 16, different-sizeextracted
pattern sets are shown. They are almost similar to the predefined pattern set. Paul et al.
(20044, 2004b) al so proposed anew similarity metric for pattern-based video coding that
improved the computational coding efficiency up to 58% when compared to the H.263
digital video coding standard.

Table2 showsthebit-ratereduction of four PBC algorithmsascompared withH.263
for comparableimagequality. A maximum 22% bit reductionisachievablewhen thebest
PBC algorithmisusedfor VLBRvideo coding. Therate-distortion curvesfor thestandard
video test sequencesareshownin Figure17. Fromthecurves, itisclear that PBC isbest
suited for relatively low bit-rate applications, since at higher bit rates, the performance
of the H.263 standard is consistently better.
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Figure 17. Coding performance comparisons for standard test video sequences
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H.264 Standard and PBC

The advanced video coding standard H.264, an integrated part of MPEG-4, was
finalized in June 2003, and represents anew and exciting technical solution appropriate
for a broad range of applications (Richardson, 2002), including broadcast over cable,
satellite, cablemodem, Digital Subscriber Lines(DSL), terrestrial, interactiveor storage,
conversational servicesover ISDN, Ethernet, LAN, wirelessand mobilenetworks, video-
on-demand, and multimediamessaging. A summary of the main features of H.264 are:

. Variableblock-sizeME and MCwith4x4sizeDCT.

. Quarter-pel accuracy motion estimationisavailable.

. Multiple reference frames can be used.

. I nteger transform approximation of the DCT.

. Two special switching frame types for supporting multiple bitstreams.
. Directional spatial prediction (16-mode) for intra-coding.

. In-the-loop deblockingfilter.

. Arithmetic and context-adaptive entropy coding.

. Flexible M B ordering and arbitrary sliceordering.

. Data partitioning.
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Table 4. Comparison of different H.26X digital video coding standards

Features H.261 H.263 H.264

1) Bit-rate px64K bps where Support from 20  Support < 20K bps.
p=1...30. Typically 64 Kbpsto2 Mbps.
to 384Kbps. No lower
than 64 Kbps.

2) Block size 16x16 (DCT 8x8). One 16x16(DCT Various sizes including 16x16,
motion vector per MB.  8x8). Up to 4 16x8, 8x16, 16x4, 4x4 and. (DCT
motion  vectors  4x4).

per MB.
3) Loop filter Yes Yes Yes, format is different
4) Frame size QCIF, CIF Sub-QCIF, Sub-QCIF, QCIF, CIF, A4CIF,
QCIF, CIF, 16CIF.
4CIF, 16CIF.
5)Performance 2 4 5
ranking
6)Motion Integer pel Half & integer Quarter, half & integer pel
compensation pel
7) Coding mode No flexibility 19 mode more
8) Pictures 1,P 1,P,B I, B, Pand extra SP and SI mode for
switching between encoded streams.
9) Coding method VLC from fixed look Arithmetic CABAC (Context-based adaptive
up table arithmetic coding)

Sofar, PBC hasnot been considered as part of the H.264 standard, though variable
block sizes are available for motion estimation, such as 16 x 16, 16 x 8, 8 x 8, 4 x 8 and
4 x 4 (total 8-mode). Depending upon the level of motion involved, one of these eight
modesis selected, however, sometimes, this mode selection is not accurate and can be
very timeconsuming, so PBC affordsthefacility to providean additional important mode
toimprovetheapproximate motion. In Table3, acomparison of H.261, H.263, and H.264
features helps in understanding the differences between them.

To compare the subjective performance, the original frame #13, reconstructed
frames, and frame differences are presented in Figure 18 for the Mother & Daughter
sequences. The sequencewascoded at 28K bits/frame. Thegray-scaleintensity of all the
absolute frame- difference images has been magnified by afactor of three to provide a
clearer visual comparison. Theresults for the reconstructed frames using ASPS can be
readily perceived asbetter than those of the RTPS(4), thealgorithminWong et al. (2001),
and the H.263 standard.

Future Trends of PBC and Summary

PBC isthe most appropriate scheme for VLBR video-coding applications. While
VPS, EV PS, and other sub-optimal algorithmsrequire some pre-defined stepsin selecting
the best-pattern set from alarge codebook, RTPSisthe only suitable candidate for real -
time pattern-based video coding. However, a general conclusion in evaluating the
performance of all PBC algorithmsis that a strategy based on using arbitrary-shaped
patterns is undoubtedly the best approach, though this is counterbalanced by the fact
that thecomplexity currently involvedin off-linepattern generation limitsitsapplication.
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Figure 18. (a) Mother & Daughter frame #13; (b) to (€) Reconstructed frames using
the H.263, Fixed-8, RTPS(4), and ASPS algorithms respectively; (f) to (i) Frame
differences (x 2) of (b), (c), (d), and (e) respectively with respect to (a)

(h) ()

Certainly, research needsto be undertaken to explore areal-time arbitrary-shaped PBC
approach. Some other interesting open research questions concerning PBC are:

. Performance analysis of “hybrid” PBC by using both pre-defined regul ar-shaped
patterns and content-based generated patterns.

. Performanceanalysisof different size of pre-defined regul ar-shaped patterns, from
21t0192-pixelspatterns, in variable block size motion estimation.

. Adaptive similarity threshold in PBC for controlling the rate-distortion ratio.

. Scalable coding by PBC using various pattern codebooks.

CONCLUSIONS

This chapter has explored a series of approachesto support effective VLBR video
coding, ranging from vector quanti zation through to Model, Wavelet, DCT and Pattern-
based coding. Efficient representation and exploitation of motion information will
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become more important for VLBR applications, and how we use advanced motion
estimation techniquesfor the human visual systemto estimate and encode dense motion
fieldsfor coding purposeswill bethe source of much on-goingresearch. TheDCT isstill
the most popular, mature, and widely accepted transform for most video compression
standards, fromvery low through to high bit-rate applications. V ector Quantization will
continue to play an increasingly important rolein VLBR by devel oping alarger vector
dimension and employing signal adaptive codebooks. M otion-compensated 3-D DWT
will inevitably become adirect competitor of DCT — provided the computational time
issue can be improved — especially as it offers the attractive features of spatial and
temporal scalability. Model-based coding could also become morewidely accepted for
VLBR videoconferencing and videophonic applications, provided the issues of being
abletoautomatically fit thewireframeto aspeaker’ sfacewithout a priori knowledgecan
be solved, along with other perceptual challenges such as how to effectively model a
person wearing glasses. Object-based video coding represents avery promising option
for VLBR coding, though the problems of object identification and segmentation need
to be addressed by further research. Pattern-based coding is a simplified object-
segmentation process that is computationally much less expensive, though areal-time,
content-dependent pattern generation approach will certainly improveitsacceptancefor
VLBRcoding.

Finally, despite the large number of challengesthat remain to be solved, if current
video-coding research continues the rapid and inexorable rate of innovation that has
been witnessed over the past decade, thenthe focuscould well shiftinthenot too distant
futurefromVLBR, to ultraVLBR (<8 Kbps) video-coding applications.

REFERENCES

Ahmed, N., Narargjan, T., & Rao, K. R. (1974). Discrete cosinetransform. |IEEE Trans.
Compuit., 90-93.

Aizawa, K., Harashima, H., & Saito, T. (1989). Model-based analysis synthesisimage
coding for aperson’sface. Image communication, 1(2), 139-152.

Aizawa, K., & Huang, T. S. (1995). M odel -based image coding: Advanced video coding
techniques for very low bit rate applications. |EEE proceedings, 83(2), 259-271.

Apostolopoulos, J., & Lim, J.S. (1992). Position-dependent run-length encoding. M ov-
ing PicturesExpert Group.

Apostolopoulos, J., Pfajfer, A., Jung, H.M., & Lim, J.S. (1994). Position-dependent
encoding. Proceedings of IEEE International Conference on Acoustics, Speech,
and Signal Processing, (ICASSP' 94),V/573-V/576.

Australian Government Web site. (2000). Preferential Voting System in Australia.
Retrieved July 14, 2003: http://www.australianpolitics.com/voting/systems/
preferential .shtml

Baker, R. L. (1983). Vector quantization of digital image. PhD dissertation, Stanford, CA:
Stanford University.

Baker,R.L.,& Gray, R.M. (1983). Differential vector quantization of achromaticimagery.
Proceedings of the International Picture Coding Symposium, 105-106.

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of Idea Group Inc. is prohibited.



Very Low Bit-rate Video Coding 141

Balster, E. J., & Zheng, Y. F. (2001, Aug). Real-time video rate control algorithm for a
wavelet based compression scheme. Proceedings of 44" |EEE Midwest Sympo-
siumon Circuitsand Systems, 1, 492-496.

Barnes, C. F., Rizvi, S. A., & Nasrabadi, M. (1996). Advances in residual vector
guantization: A review. |EEE Trans. on Image Processing, 5(2), 226-262.

Bergmann, H.C. (1982). Displacement estimation based on the correlation of image
segments. | EEE Proceedings of International Conference on Electronics Image
Processing, 215-219, UK.

Biemond, J., Looijenga, L., Boekee, D.E., & Plompen, R.H. (1987). A pel recursiveWeiner-
based displacement estimation algorithm. Signal Processing, 13, 399-412.
Bozdagi, G., Tekalp, M.A., & Onural, L. (1994). 3-D motion estimation and wireframe
adaptation including photometric effects for model-based coding of facial image
sequences. |EEE Trans. on Circuitsand Systemsfor Video Technology, 4(3), 246-

256.

Buck, M., & Diehl, N. (1993). Model-based coding. In I. Sezan & R.|. Lagendijk (Eds.),
Motion analysis and image sequence processing. Boston, MA: Kluwer.

Budge, S.E., & Baker, R.L. (1985). Compression of color digital images using vector
guantization in product codes. Proceedings of | EEE Inter national Conference on
Acoustics, Speech, Signal Processing, 129-132.

Cafforio, C., & Rocca, F. (1983). Thedifferential method for imagemotion estimation. In
T.S. Huang (Ed.), Image Sequence Processing and Dynamic Scene Analysis, pp.
104-124. Germany.

Carlsson, S. (1988). Sketch-based coding of gray level images. Signal Processing, 15,
57-83.

Chai, B.,Vass, J., & Zhung, X. (1999). Significance-linked connected component analysis
for wavelet imagecoding. |EEE Trans. Image Processing, 8(6), 774-784.

Chan,Y.L.,& Siu,W.C.(1997). Variabletemporal-length 3-D discretecosinetransform
coding. |EEE Trans. on Image Processing, 6(5), 758-763.

Chang, R.F., & Chen, W. M. (1996). Inter-frame difference quadtree edge-based side-
match finite-state classified vector quantization for image sequence coding. |EEE
Trans. Circuits and Systems for Video Technology, 6(1), 32-41.

Chen,L.H, & Lin, W.C. (1997). Visual surface segmentationfromstereo. Imageand Vis.
Compuit., 15, 95-106.

Chou, J., Crouse, M., & Ramchandran (1998). A simplealgorithm for removing blocking
artifactsin block transform coded images. | EEE Signal Processing.

Chowdhury, M.F., Clark, A.F., Downton, A.C., Morimastu, E., & Pearson, D.E. (1994). A
switched model-based coder for video signals. IEEE Trans. on Circuits and
Systemsfor Video Technology, 4(3), 216-226.

Csillag, P., & Boroczky, L. (1999). New methods to improve the accuracy of the pel-
recursive Wiener-based motion estimation algorithm. Proceedingsof | EEE Inter-
national Conferenceonmage Processing, (ICIP’99), 3, 714-716.

Daubechies, I.(1992). Tenlecturesonwavel ets. CBM S Series. Philadel phia, PA: SIAM.

Deshpande, S.G., & Hwang, J.N. (1998). A new fast motion estimation method based on
total least squares for video encoding. Proceedings of |EEE International Con-
ferenceon Acoustics, Speech, and Signal Processing, (ICASSP’98), 5, 2797-2800.

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of ldea Group Inc. is prohibited.



142 Paul, Murshed, & Dooley

Diehl, N. (1991). Object-orientated motion estimation and segmentation in image se-
guences. Signal Processing: Image Communication, 3, 23-56.

Docef, A., Kossentini, F., Nguuyen-Phi, K., & Ismaeil, |.R. (2002). Thequantized DCT and
its application to DCT-based video coding. IEEE Trans. on Image Processing,
11(3),177-187.

Ebrahimi, T., & Dufaux, F. (1993). Efficient hybrid coding of video for low bit rate
applications. |[EEE International Conference on Communications, 1, 522-526.

Egger, O., Reusens, E., Ebrahimi, T., & Kunt, M. (n.d.). Very low bit rate coding of visual
information - A review. Signal processing laboratory, Swiss Federal Institute of
Technology at Lausanne, Switzerland.

Forchheimer, R., & Kronander, T. (1989). Image coding: Fromwaveformsto animation.
|EEE Trans. Acoustics, Speech, Signal Processing, 37, 2008-2023.

Fukuhara, T.,Asai, K., & Murakami, T.(1997). Very low bit-ratevideo coding with block
partitioning and adaptive selection of two time-differential frame memories. IEEE
Trans. Circuits Syst. Video Technol., 7, 212-220.

Fukuhara, T., & Murakami, T. (1993). 3-D motion estimation of human head for model-
based image coding. Communications, Speech and Vision, |EEE Proceedings |,
140(1), 26-35.

Gersho, A. (1982). Onthestructure of vector quantizer. IEEE Trans. Inf. Theory, I T-28,
157-166.

Gharavi, H., & Reza-Alikhani, H. (2001). Pel -recursive motion estimation algorithm. |EE
ElectronicsLetters, 37(21), 1285-1286.

Gilge, M., Englehardt, T., & Mehlan, R. (1989). Coding of arbitrarily shaped segments
based onageneralized orthogonal transform. Image communication, 1(2), 153-180.

Goldberg, M., & Sun, H. F. (1985). Image sequence coding using vector quantization.
|EEE Trans. on Commun., 34(7), 703-710.

Gonzaez,R.C., & Woods, R.E. (1992). Digital imageprocessing. Reading, MA: Addison-
Wesley.

Grossman, A., & Morlet, J. (1984). Decompositions of hard functions into square
integrable wavelets of constant shape. SIAM J. Math. Anal, 15(4), 723-736.
Halsall, F. (2001). Multimedia communications: Applications, networks, protocolsand

standards. Reading, MA: Addison-Wesley.

Horn, B.K.P., & Schunk, B.G. (1981). Determining optical flow. Artificial Intelligent, 17,
185-203.

Hou, W., & Mo, Y. (2000). Very low bit rate video coding using moti on-compensated 3-
D wavelet transform. Proceedings of International Conference on Communica-
tion Technology, 2, 1169-1172.

Hsiang, S.T., & Woods, J. W. (2001). Embedded video coding using invertible motion
compensated 3-D subband/ wavel et filter bank. Signal Processing: |mage Commu-
nication, 16(8), 705-724.

ISO/IEC 11172. MPEG-1. (1993). Informationtechnol ogy - Coding of moving picturesand
associated audio for digital storage media at up to about 1.5 Mbit/s.

ISO/IEC 13818. MPEG-2. (1995). Information technology: Generic coding of moving
pictures and associated audio information: Video.

| SO/IEC 14496. MPEG-4. (1998). I nformati ontechnol ogy: Coding of audio-visual objects.

ITU-T Rec.H.261(1993). Video CODEC for audiovisual servicesat p” 64kbits/s.

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of Idea Group Inc. is prohibited.



Very Low Bit-rate Video Coding 143

ITU-T Rec. H.263. (1996). Video coding for low bit-rate communication.

ITU-T Rec. H.263. (1998). Video coding for low bit-rate communication. Version 2.

ITU-T Rec. H.263. (2000). Video coding for low bit-rate communication. Version 3.

ITU-T Rec. H.264/ISO/IEC 14496-10AV C. (2003) Joint Video Team (JVT) of ISOMPEG
andITU-TVCEG, VT-G050.

Jasinschi, R.S., & Moura, J.M.F. (1995). Content-based video sequence representation.
Proceedingsof International Conference onlmage Processing (ICIP’95), 2, 229-
232.

Jun, S, & Yu, S. (2001). Efficient method for early detection of all-zero DCT coefficients.
ElectronicsLetters, 37(3), 160-161.

Kampmann, M. (2002). Automatic 3-D face model adaptation for model-based coding of
video sequences. |IEEE Trans. on Circuits and Systems for Video Technology,
12(3),172-182.

Karayiannis, N.B., & Li, Y. (2001). A replenishment technique for low bit-rate video
compression based on wavel ets and vector quantization. |EEE Trans. on Circuits
and Systems for Video Technology, 11(5), 658-663.

Kishino, F., & Yamashita, K. (1989). Communication with realistic sensation applied to
ateleconferencing system, | EICE Technology Rep.

Ku,C.W., Chiu,Y.M.,Chen,L.G., & Lee, Y.P.(1996). Building apseudo object-oriented
very low bit-ratevideo coding system from amodified optical flow motion estima-
tion algorithm. Proceedings of International Conference on Acoustics, Speech,
and Signal Processing, (ICASSP-96), 4, 2064-2067.

Kunt, M., Ikonomopoulos, A., & Kocher, M. (1985). Second generation image coding
techniques. |EEE Proceedings, 73, 795-812.

Kwon, H., Venkatraman, M., & Nasrabadi, N. M. (1997). Very low bit ratevideo coding
using variable block-size entropy-constrained residual vector quantizers. IEEE
Journal on Selected Areas in Communication, 15(9), 1714-1725.

Lai, T.H., & Guan, L. (2002). Video coding algorithm using 3-D DCT and vector
guantization. Proceedings of International Conference on Image Processing, 1,
741-744.

Li, H., & Forchheimer, R. (1994). Image sequencecoding at very low bitrates: A review.
|[EEE Trans. onimage processing, 3(5), 589-609.

Li,H., & Forchheimer, R. (1994). Two-view facial movement estimation. |EEE Trans. on
Circuitsand Systemsfor Video Technology, 4(3), 276-286.

Li, H., Roivainen, P., & Forchheimer, R. (1993). 3-D motion estimation in model -based
facial image coding. |EEE Trans. On Pattern Analysisand Machine Intelligence,
15(6), 545-555.

Li,S.,& Li, W. (2000). Shape-adaptivediscretewavel et transformsfor arbitrary shaped
visual object coding. IEEE Trans. Circuits and Systems for Video Technology,
10(5), 725-743.

Li,Y.C.,& Chen, Y.C.(1998). A hybrid model-based image coding system for very low
bit-rate coding. |EEE Jour nal on Selected Areasin Communications, 16(1), 28-41.

Lin, C.,Zhang, B., & Zheng, Y. (2000, Dec). Packet integer wavel et transform constructed
by lifting scheme. |IEEE Trans. Circuitsand Systemsfor Video Technology, 10(8),
1496-1501.

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of ldea Group Inc. is prohibited.



144 Paul, Murshed, & Dooley

Linde A.,Buzo, A., & Gray, R.M. (1980). Analgorithmfor vector quantizer design. |[EEE
Trans. Commun., COM-28, 84-95.

Liu, H., Chellappa, R., & Rosenfeld, A. (2003). Accurate dense optical flow estimation
using adaptive structure tensors and a parametric model. |EEE Trans. on Image
Processing, 12,1170-1180.

Luo, Y., & Ward, R. K. (2003). Removing the blocking artifacts of block-based DCT
compressed images. | EEE Trans. on Image Processing, 12(7), 838-842.

Man, H., Queiroz, R.L., & Smith, M.J.T. (2002). Three-dimensional subband coding
techniquesfor wirelessvideo communications. | EEE Trans. Circuitsand Systems
for Video Technology, 12(6), 386-397.

Maragos, P. (1987). Tutorial on advances in morphological image processing and
analysis. Opt. Eng., 26(7), 623-632.

Meier, T.,Ngan, K., & Crebbin, G. (1998). Reduction of coding artifactsat |ow bit rates.
Proceedings of SPIE Visual Communications Image Processing.

Musmann, H.G., Hotter, M., & Ostermann, J. (1989). Object-oriented analysis-synthesis
coding of movingimages. Signal processing: |magecommunication, 1(2),117-138.

Nakaya, Y., Chuah, Y.C., & Harashima, H. (1991). M odel -based/waveform hybrid coding
for videotelephone images. Proceedings of International Conference on Acous-
tics, Speech, and Signal Processing (ICASSP-91), 4, 2741-2744.

Nakaya, Y., & Harashima, H. (1994). M otion compensation based on spatial transforma-
tion. IEEE Trans. on Circuits and Systems for Video Technology, 4(3), 339-356.

Nasrabadi, N.M., & KingR.A. (1988). |mage coding using vector quantization: A review.
|EEE Trans. on Communications, 36(8), 957-971.

Netravali, A.N., & Robbins, J.D. (1979). Motion-compensated television coding. Bell
System Technology Journal, Part 1, 58(3), 631-670.

Ngamwitthayanon, N., Ratanasanya, S., & Amornraksa, T.(2002). Zonecoding of DCT
coefficientsfor very low bit ratevideo coding. Proceedingsof | EEE I nter national
Conference on Industrial Technology, 2, 769-773.

Ngan,K.N.,Chai,D.,& Millin, A. (1996). Very low hit ratevideo codingusing H.263 coder.
IEEE Trans. on Circuits and Systems for Video Technology, 6(3), 308-312.
Ong,E.P.,Tye,B.J.,,Lin,W.S,, & Etoh, M. (2002). Anefficient video object segmentation
scheme. Proceedings of IEEE International Conference on Acoustics, Speech,

and Signal Processing, (ICASSP’ 02), 4, 3361-3364, May.

Pan, J.S., Lu, Z.M., & Sun, S. H. (2003). An efficient encoding algorithm for vector
guanti zation based subvector technique. |EEE Trans. on Image Processing, 12(3),
265-270.

Parke, F. 1. (1982). Parameterised model sfor facial expressions. | EEE Computer Graphics,
12.

Paul, M., Murshed, M., & Dooley, L. (20023a). A Low Bit-Rate Video-Coding Algorithm
Based Upon Variable Pattern Selection. Proceedings of 6" |EEE International
Conferenceon Signal Processing (ICSP-02), Beijing, 2, 933-936.

Paul, M., Murshed, M., & Dooley, L. (2002b). A variabl e pattern selection algorithmwith
improved pattern selection technique for low bit-rate video-coding focusing on
moving objects. Proceedings of I nternational Workshop on Knowledge Manage-
ment Technique IKOMAT-02), Crema, Italy, 1560-1564.

Paul, M., Murshed, M., & Dooley, L. (2002c). |mpact of macroblock classificationonlow
bit rate video coding focusing on moving region. Proceedings of International

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of Idea Group Inc. is prohibited.



Very Low Bit-rate Video Coding 145

Conference on Computer and Information Technology (ICCIT-2002), Dhaka,
Bangladesh, 465-470.

Paul, M., Murshed, M., & Dooley, L. (2003a). A new real -timepattern sel ection algorithm
for very low bit-rate video coding focusing on moving regions. Proceedings of
IEEE International Conference of Acoustics, Speech, and Signal Processing
(ICASSP-03), HongKong, 3, 397-400.

Paul, M., Murshed, M., & Dooley, L. (2003b). A real timegenericvariable pattern selection
algorithm for very low bit-rate video coding. |EEE International Conference on
Image Processing (ICIP-03), 3, 857-860, Barcelona, Spain.

Paul, M., Murshed, M., & Dooley, L. (2003c). An arbitrary shaped pattern selection
algorithmfor very low bit-ratevideo coding focusing on moving regions. Proceed-
ings of 4" | EEE Pacific-RimInternational Conference on Multimedia (PCM-03),
Singapore.

Paul, M., Murshed, M., & Dooley, L. (2003d). Very low bit ratevideo coding focusing on
moving region using three-tier arbitrary shaped pattern selection algorithm. Pro-
ceedings of International Conference on Computer and Information Technology
(ICCIT-2003), Dhaka, Bangladesh, 2, 580-585.

Paul, M., Murshed, M., & Dooley, L. (2003e). Very low bit rate video coding using an
extended arbitrary shaped-pattern selection algorithm. Proceedingsof Fifth Inter-
national Conferenceon Advancesin Pattern Recognition (ICAPR-03), 1, 308-311.
India

Paul, M., Murshed, M., & Dooley, L. (2004a). A new efficient similarity metric generic
computation strategy for pattern-based very low bit-rate video coding. Proceed-
ings of |EEE International Conference of Acoustics, Speech, and Signal Process-
ing (ICASSP-04), Canada.

Paul, M., Murshed, M., & Dooley, L. (2004b). A real-timepattern selectionalgorithmfor
very low bit-ratevideo coding using relevanceand similarity metrics. Acceptedto
IEEE Trans. on Circuits and Systems on Video Technology Journal.

Pearson, D. (1989). M odel-based image coding. I n Proceedings of the Global Telecom-
muni cations Conference (GLOBECOM-89), 1, 554 -558.

Pearson, D. E. (1995). Developmentsin model -based video coding. | EEE Proceedings,
83(6), 892-906.

Peng, K., & Kieffer, J. (2002). Embedded image compression based on wavelet pixel
classification and sorting. Proceedings of IEEE International Conference on
Acoustics, Speech, and Signal Processing, ICASSP-02, 4, 3253-3256.

Pfajfer, A. (1994). Position-dependent encoding. Master’ sthesis, M1 T, Cambridge, MA.

Platt, S.M., & Badler, N. 1. (1981). Animatingfacial expression. |EEE Computer Graphics.
12,245-252.

Ramamurthi, B., & Gersho, A. (1986). Classified vector quantization of images. | EEE
Trans. on Communication, 34(11), 1105-1115.

Rao, K.P., & Yip, P. (1990). Discrete cosine transformation: Algorithms, advantages,
applications. New Y ork: Academic Press.

Reed, E.C., & Lim, J.S. (1998). Efficient coding of DCT coefficients by joint position-
dependent encoding. Proc. of IEEE International Conference on Acoustics,
Speech, and Signal Processing (ICASSP’ 98), May, 5, 2817-2820.

Richardson, |.E.G. (2002). Video codec design. New Y ork: John Wiley & Sons.

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of ldea Group Inc. is prohibited.



146 Paul, Murshed, & Dooley

Richardson, |I.E.G. (2003). H.264 and MPEG-4 video compression. New Y ork: Wiley
Press.

Richardson, |.E.G. (2004). H.264/M PEG-4 Part 10: Overview. Retrieved January 14, 2004:
http://mww.vcodex.fsnet.co.uk/h264.html

Saha, S. (2000). Imagecompression-from DCT towavelets: A review. Retrieved February
20, 2004: http://www.acm.or g/crossr oads/xr ds6-3/sahaimgcoding.html

Saha, S., & Vemuri, R. (1999). Adaptivewavel et coding of multimediaimages. Proceed-
ings of ACM Multimedia Conference, November 1999.

Said, A., & Pearlman, W.A. (1996). A new fast and efficient image codec based on set
partitioningin hierarchical trees. |IEEE Trans. Circuits Syst. Video Technol., 243-
250.

Schmidt, G. (1999). A compatible modulation strategy for embedded digital data
streams. PhD dissertation, University of Glamorgan, Wales.

Servetto, S., Ramchandran, K., & Orchard, M. (1999). Image coding based on amorpho-
logical representation of wavel et data. IEEE Trans. Image Processing, 8(9), 1161-
1173

Shapiro, J. (1993). Embedded image coding using zerotrees of wavel et coefficients. IEEE
Trans. Signal Process, 3445-3462.

Shapiro, J. M. (1993). Application of theembedded wavel et hierarchical image coder to
very low bit rateimage coding. Proc. of |EEE Int. Conference of Acoustics, Speech,
and Signal Processing (ICASSP-93), 5, 558-561.

Shen, G., Zeng, B., & Liou, M.L. (2003). Adaptive vector quantization with codebook
updating based on locality and history. |EEE Trans. on Image Processing, 12(3),
283-293.

Shen, J., & Chan, W. Y. (2001). A novel codeexcited pel-recursive motion compensation
algorithm. |EEE Signal Processing Letters, 8(4), 100-102.

Shi, Y.Q., & Sun, H. (1999). Image and video compression for multimedia engineering
fundamentals, algorithms, and standards. Boca Raton, FL: CRC Press.

Shu, L., Shi, Y.Q., & Zhang, Y.Q. (1997). Anoptical flow based motion compensation
algorithm for very low bit-rate video coding. Proceedings of | EEE International
Conference on Acoustics, Speech, and Signal Processing, ICASSP-97, 4, 2869-
2872.

Sui, M., Chan, Y.H., & Siu, W.C. (2001). A robust model generationtechniquefor model
based video coding. |IEEE Trans. on Circuits and Systems for Video Technology,
11(11),1188-1192.

Tai,S.C.,Wu,Y.G., & Lin,C.W. (2000). Anadaptive 3-D discretecosinetransform coder
for medical image Compression. |IEEE Trans. on Information Technology in
Biomedicine, 4(3), 259-263.

Tauman, D. (2000). High performance scal ableimage compression with EBCOT. | EEE
Trans. ImageProcessing, 9(7), 1158-1170.

Tekalp, A.M. (1995). Digital video processing. Englewood Cliffs, NJ: Prentice-Hall.

Terada, K., Takeuchi, M., Kobayashi, K., & Tamaru, K. (1998). Real-time low bit- rate
video coding algorithm using multi-stage hierarchical vector quantization. Pro-
ceedings of IEEE International Conference of Acoustics, Speech, and Signal
Processing (ICASSP-98), 3, 397-400.

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of Idea Group Inc. is prohibited.



Very Low Bit-rate Video Coding 147

Valens, C. (1999). EZW encoding. Retrieved January 21, 2004: http://per so.wanadoo.fr/
polyval ens/clemens/ezw/ezw.html

Venkatraman, S.,Nam, J. Y ., & Rao, K. R. (1995). |mage coding based on classified |apped
orthogonal transform-vector quantization. |EEE Trans. Circuits and Systems for
Video Technology, 5(4), 352-355.

Vetterli, M., & Kovacevic, J. (1995). Wavel et and subband coding. Englewood Cliffs, NJ:
Prentice-Hall.

Walker, D.R., & Rao, K.R. (1984). Improved pel -recursive motion compensation. |EEE
Trans.Commun., COM-32,1128-1134.

Wallis, R.K., Pratt, W.K., & Plotkin, M. (1981). Video conferencing at 9600 bps. Proceed-
ings of Picture Coding Symposium, 104-105.

Wang, D., & Wang, L. (1997). Global motion parametersesti mation using afast and robust
algorithm. |EEE Trans. on Circuitsand Systemsfor Video Technology, 7(5), 823-
826.

Welsh, W.J. (1987). Model-based coding of moving images at very low bit rate. Picture
Coding Symposium.

Welsh, W.J. (1988). Model-based coding of videotelephone images using an analysis
method. Proc. Picture Coding Symp. (PCS-88), 4-5.

Welsh, W.J. (1991). Model-based coding of videotelephone images. Electronics &
Communication Engineering Journal, 3(1), 29-36.

Wiegand, T., Sullivan, G.J., Bjontegaard, G., & Luthra, A. (2003). Overview of theH.264/
AV Cvideo coding standard. |EEE Trans. Circuits Syst. Video Technol, 13(7), 560-
576.

Wong, K.-W., Lam, K.-M., & Siu, W.-C. (2001). An efficient low bit-rate video-coding
algorithmfocusing on movingregions. IEEE Trans. Circuitsand Systemsfor Video
Technol., 11(10), 1128-1134.

Woods, J.C. (2001). Outlier removal algorithm for model-based coded video. Proceedings
of International Conference on Image Processing, 3, 110-113.

Xu, G.,Agawa, H.,Nagashima, Y ., Kishino, F., & Kobayashi, Y. (1990). Three-dimensional
face modelling for virtual spaceteleconferencing systems. |[EICE Trans., 73(10).

Xuan, Z., Zhenghua, Y., & Songyu, Y. (1998). Method for detecting all-zero DCT
coefficientsahead of discrete cosinetransformation and quantisation. Electronics
Letters, 34(19), 1839-1840.

Yang, S.B., & Tseng, L.Y. (2001). Smooth side-match classified vector quantizer with
variableblock size. |IEEE Trans. on Image Processing, 10(5), 677-685.

Y okoyama, Y., Miyamoto, Y., & Ohta, M. (1995). Very low bit-rate video coding using
arbitrarily shaped region-based motion compensation. |EEE Trans. Circuitsand
Systemsfor Video Technol ogy, 5(6), 500-507.

Zeng, Z., & Cumming, I. (1998). SAR image compression based on the discrete wavel et
transform. Fourth International Conference on Signal Processing.

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of ldea Group Inc. is prohibited.



Section |11

Video DataSecurity and
Video DataSynchronization
and Timeliness

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of Idea Group Inc. is prohibited.



Video Biometrics 149

Chapter VI
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ABSTRACT

Biometricsisafast, user-friendly personal identification with a high level of accuracy
technology. This chapter is highlighting the biometrics technologies that are based on
video sequencesviz. face, eye (iris/retina), and gait. The basics behind the three video-
based biometrics technologies are discussed, along with a brief survey.

INTRODUCTION

“Biometrics’” means“lifemeasurement,” but thetermisusually associated withthe
useof unique physiological characteristicstoidentify anindividual . Theapplicationthat
most peopleassociatewith biometricsissecurity. However, biometricidentification has
a much broader and growing relevance as computer interface becomes more natural.
Knowing the person with whom you are conversing is an important part of human
interaction, and you can expect computers of the future to have the same capabilities.
As this trend progresses, biometrics becomes increasingly closer to everyday life.

Biometrictechnology, along with greater vigilance and moreeffective procedures,
is now being touted as the vehicle to create a deterrent to those who seek to terrorize
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society by exploiting the weaknesses that, since the level of threat was previously
consideredlow, haveprevailedintraditional identification methods. Biometricstraitsare
now being used to prevent this. A number of biometric traits have been devel oped and
used to authenticate aperson’ sidentity. Video biometricsisthe most secureintoday’s
world, asit can be used for surveillance purposes and maintaining security.

By special characteristics, we mean features such as the face, iris, fingerprint,
signature, etc. Thismethod of identificationispreferred over traditional passwordsand
PIN-based methods for various reasons, such as:

i The person to be identified is required to be physically present at the time-of-
identification.

i Identification based on biometric techniques obviates the need to remember a
password or carry atoken.

A biometric system is essentially a pattern-recognition system that makes a
personal identification by determining the authenticity of a specific physiological or
behavioral characteristic possessed by the user. Biometric technol ogiesarethusdefined
asthe" automated methodsof identifying or authenticating theidentity of aliving person
based on aphysiological or behavioral characteristic.” A biometric system can beeither
an identification system or a verification (authentication) system, both of which are
defined bel ow.

i Identification - One to Many: Biometrics can be used to determine a person’s
identity even without his or her knowledge or consent. For example, scanning a
crowd with a camera and using face-recognition technology, one can determine
matches against a known database.

i Verification- Oneto One: Biometricscan also beusedtoverify aperson’ sidentity.
For example, one can grant physical accessto asecureareain abuilding by using
finger scansor can grant accessto abank account at an ATM by using retinal scan.

Biometric authenticationrequiresthe comparison of aregistered or enrolled bi omet-
ric sample (biometric template or identifier) against anewly captured biometric sample
(for example, the one captured during alogin). Thisis athree-step process (Capture,
Process, Enroll) followed by a Verification or Identification process.

During the Capture process, araw biometric is captured by a sensing device such
as afingerprint scanner or video camera. The second phase of processing isto extract
the distinguishing characteristics from the raw biometric sample and convert them into
aprocessed biometricidentifier record (sometimescalled biometric sample or biometric
template). The next phase does the process of enrollment. Here the processed sample (a
mathematical representation of the biometric — not the original biometric sample) is
stored/registered in a storage medium for future comparison during an authentication.
In many commercial applications, thereisaneed to store only the processed biometric
sample. The original biometric sample cannot be reconstructed from thisidentifier.

There are many biometric characteristicsthat may be captured in thefirst phase of
processing. However, automated capturing and automated comparison with previously
stored datarequire the following properties of biometric characteristics:
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Figure 1. An example of biometric system

Operator console

Microphone

. Universal. Everyone must have the attribute. The attribute must be one that is
universal and seldom lost to accident or disease.

. Invariance of properties. They should be constant over along period of time. The
attribute should not be subject to significant differences based on age or either
episodic or chronic disease.

. Measurability. The properties should be suitable to capture without waiting time
and it must be easy to gather the attribute data passively.

. Singularity. Each expression of theattribute must be uniquetotheindividual. The
characteristics should have sufficient unique propertiesto distinguish one person
fromany other. Height, weight, hair and eye color areall attributesthat are unique,
assuming a particularly precise measure, but do not offer enough points of
differentiation to be useful for more than categorizing.

. Acceptance. The capturing should be possible in a way acceptable to a large
percentage of the population. Excluded are particularly invasivetechnol ogies, i.e.,
technologiesthat require apart of the human body to be taken or that (apparently)
impair the human body.

. Reducibility. The captured data should be capable of being reduced to afile that
is easy to handle.

. Reliability and Tamper-resistance. Theattribute should beimpractical to mask or
manipulate. The process should ensure high reliability and reproducibility.

. Privacy. The process should not violate the privacy of the person.

. Comparable. It should be able to reduce the attribute to a state that makes it
digitally comparable to others. The less probabilistic the matching involved, the
more authoritative theidentification.
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i Inimitable. The attribute must be irreproducible by other means. The less repro-
ducibletheattribute, the morelikely it will be authoritative.

Among thevarioushbiometric technol ogiesbeing considered arefingerprint, facial
features, hand geometry, voicerecognition, irisscan, retinascan, vein patterns, palmprint,
DNA, keystroke dynamics, ear shape, odor, signature verification, and gait.

Biometrics authentication is done both in still and video images. In still images,
biometricfeaturesare captured, and theal gorithmisapplied for matching and comparison
of the features, but for video images, the task is somewhat complicated. In the case of
dynamicfeatureextraction, welocateor track amoving object in avideo sequence. From
a video sequence, the frame needs to be extracted and from each frame the motion
estimationisdonefor tracking the head, face, or any desired feature. After tracking, the
featuresare then extracted and the comparisonisdone. The variousbiometric traitsthat
can beimplemented in video for surveillance applicationsareface, eye (irisand retina)
and gait.

Peopl e recognize one another by looking at each other’sface, so it is no surprise
that biometric technology can do the same. Face recognition is a noninvasive process
where aportion of the subject’ sfaceis photographed and theresulting imageisreduced
to a digital code. Facial recognition records the spatial geometry of distinguishing
featuresof theface. Thereexist several algorithmsfor facial recognition. For recognizing
facein avideo sequence, the body isto be tracked from which the face is detected and
then recognition is done.

Eye scanning measures theiris pattern in the colored part of the eye. The varying
blood vessel patternsin eye are used for recognition. These patterns develop from birth
andareuniquefor every individual, even aperson’ sleft and theright eyeshavedifferent
patterns. The patterns are extracted and stored in the form of digitized templates of some
bytes (96 bytesfor retinaand 256 bytesfor iris). For videoimages, theeyeisdetected from
theimage and from the eye the region of interest is extracted and the processing is done.

Gaitrecognitionisanother kind of biometrictechnol ogy that can be used to monitor
peoplewithout their cooperation. Walking speed and style makethe compositesignature
that characterizesthe overall feel of someone’ swalk. Someresearchersare working on
visually based systemsthat use video cameras to analyze the movements of each body
part — the knee, the foot, the shoulder, and so on. It could even be used to spot people
who are moving around in suspicious ways, which may include repetitive walking
patterns (suggesting they’re “casing out” atarget) or movements that do not appear
natural given their physicality. For recognizing aperson using gait, the body istracked
from video sequences and the features are obtained for comparison.

This chapter thus includes a step-by-step description of the various issues and
some well- known algorithms involved in the above-mentioned biometric traits. It
explains how to develop any biometric system for security applications at placeswhere
video sequences are provided as input to the system.

FACE

Astheold saying goes, “Seeing is believing.” Vision plays avery important role
inour daily life. Theunderlying mechanism of human visionisnot clear; people can see
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objects and recognize them with little effort. The ability of human vision for face
recognition isvery robust, as people can recognize thousands of faces |earned through
their lifetimeand identify familiar facesin acrowd even after years of separation. Also,
this skill is not affected by pose, age, expression, lighting conditions, or make-up.

Machine-based face recognition is an intriguing and challenging problem for a
number of reasons. Many researchers are interested in recognizing the human face and
are encouraged by the wealth of applicationsfor an automatic face-recognition system.
Thusfar, most systems havetreated face recognition asone more biometric, suitablefor
security applications, for physical access control and computer logon, or for database
lookup in databases of face images, such as those used by the police and passport or
driving license authorities.

Facerecognitioninvideo hasbecome widely accepted as one of the most valuable
sources of information. In the context of human-oriented applications, such as security
surveillance, immersiveand collaborative environments, multi-mediagames, computer-
human interactions, video-conferencing, video annotation and coding, etc., video
informationisexamined for the presence of information about faces. Themost important
tasksunderlying this“Facein Video” scenario are: Tracking, Face Detection, and Face
Recognition.

Significant research has been conducted on still face recognition (Chellappa,
Wilson, & Sirohey, 1995; Zhao, Chellappa, Rosenfeld, & Phillips, 2000) wherethe probe
isthe still image. An abstract representation of an image after a suitable geometric and
photometric registrationisformed using the variousalgorithms, and then recognitionis
preformed based on the new representation. However, the research efforts using video
astheprobearerelatively fewer because of low-quality video sequences, lessillumina-
tionand posevariation, uncertainty in sel ection of good frames, and the small size of face
imagesthat makesthe characteristicsof human facedifficult to extract. But video-based
face recognition offers several advantages over still image-based face recognition:

i Video provides abundant image data; we can select good frames on which to
perform classification.

i Video providestemporal continuity; thisallowsreuseof classificationinformation
obtained from high-quality framesin processing low-quality frames.

i Video all owstracking of faceimages; hence, phenomenasuch asfacial expressions
and pose changes can be compensated for, resulting in improved recognition.

Figure 2 shows the system architecture of a generic face-recognition system for
video sequences. The input is avideo sequence that is captured using a video camera
attached to the workstation with the help of frame grabber. Thisinput isfirst sent to the
tracking moduleto track the human body. The output of this moduleisthen used by the
face-detection module where the face islocalized, and the output of this moduleisthe
face-detected image. In the next phase, the features are extracted and, based on those
features, amatching algorithm can givethefacial expression, gender, and authentication
results according to the maintained database.

Thus, inaface-recognition system for video sequences, there are three main tasks:
Tracking, Face Detection, and Recognition (Matching). There are several algorithms
availablefor these three tasks. The foll owing subsections discuss these tasks individu-
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Figure 2. Generic face recognition system for video sequences
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ally, and finally, some of the algorithms for face recognition in video sequences are
explained.

Tracking

“Looking at people” — generally called tracking— coversthewholebody tracking
in video sequences. Thisisthe first step towards designing a face-recognition system
for video environment. There are various algorithms available for solving the tracking
problem. These algorithms can mainly be classified into three categories:

. Algorithms based on a 2-D environment without explicit shape models;
. Algorithms based on a 2-D environment with explicit shape models; and
. Algorithms based on a 3-D environment.
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However, these categories can overlap each other in some cases. The most general
algorithmfor tracking can beimplemented by compl etely bypassing apose-recovery step
and by describing human movementintermsof simple, low-level, 2-D featuresfromregion
of interest. Algorithms based on 2-D information without explicit shape models are
generally based on background image subtraction, skin-color detection followed by
morphological operations, template matching, and algorithms based on shape and
motioninformation. Someal gorithmsarebased on detection of astatistical shape model
and track the contour of persons. Such types of algorithms are based on snakes (K ass,
Witkin, & Terzopoulos, 1987) and active shape models (Cootes & Taylor, 1992).

Therearesomealgorithmsbased on motion segmentation. Vel ocity informationis
alsoin usethat can track persons quite accurately. Skin color segmentation and feature
tracking are also used to track the person in videos (Y ang, Kriegman, & Ahuja, 2002).
There are some works that explicitly use a priori knowledge of how the human body
appearsin 2-D, taking essentially amodel -and view-based al gorithmsto segment, track,
and label body parts. The models or knowledge used are typically stick figures and/or
wrapped around with blobs. Some algorithms use hierarchical and articulated curve-
fitting algorithmsto perform the task, whereas some others use segmentation over time,
region-based algorithms, shape-color models, and intensity-edge- depth- motion cues
to detect people in video.

The algorithms based on 3-D information take the advantage of largely available
apriori knowledge about the kinematicsand shape propertiesof the human body to make
the problem tractable. Tracking in 3-D can also handle events such as occlusion and
collision. There are four main components in 3-D tracking algorithms: prediction,
synthesis, image analysis and state estimation. The prediction component predicts the
behavior for next step and incorporates semantic knowledge into the tracking process.
Thesynthesiscomponent actsasatranslator in between the prediction andimagelevels,
which allows the image analysis component to selectively focus on a subset of regions
and look for a subset of features. The state-estimation component computes the new
state using the segmented image. Thisisthemost general framework that can be applied
for both 2-D and 3-D tracking. In placeswhere motion isalso one of the main concerns,
3-Dtrackingisused. A detailed survey of thetracking algorithmscan befoundin Gavrila
(1999).

Face Detection

Face detection in an arbitrary imageis used to determine whether or not there are
any facesintheimageand, if present, return theimagelocation and extent of each face.
Face detectionisthefirst step in the face-recognition system used for security purpose.
Thefacerecognition could not be done properly if afaceisnot detected correctly. Thus,
areliable face- recognition algorithm is necessary for face recognition. Face detection
fromasingleimageor fromimage sequenceisavery challengingtask, becauseitinvolves
locating faces with no prior knowledge about the scales, locations, and orientations
(upright, rotated) with or without occlusions, with different poses (frontal, profile), etc.
Facial expressions and lighting conditions can also change the overall appearance of
faces, thereby making it difficult to detect them. The appearance of human facesin an
image depends on the poses of humans and the viewpoints of the acquisition devices.
The challengesassociated with face detection can be attributed to the following factors:
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i Pose. The images of aface vary due to the relative camera-face pose (frontal, 45
degree, profile, upside down), and some facial features such asan eye or the nose
may become partially or wholly occluded.

i Presence or absence of structural components. Facial features such as beards,
mustaches, and glasses may or may not be present, and there is a great deal of
variability among these components, including shape, color, and size.

i Facial expression. Theappearance of facesisdirectly affected by aperson’ sfacial
expression.

i Occlusion. Faces may be partially occluded by other objects. In an image with a
group of people, some faces may partially occlude other faces.

i Image orientation. Face images vary for different rotations about the camera’s
optical axis.
i Imaging conditions. Whentheimageisformed, factorssuch aslighting and camera

characteristics affect the appearance of aface.

There are various problems related to face detection. Face localization aims to
determinetheimage position of asingleface; thisisasimplified detection problemwith
the assumption that an input image contains only one face (Moghaddam & Pentland,
1997; Yam & Lam, 1998). The goal of facial feature detectionisto detect the presence
and location of features, such as eyes, nose, nostrils, eyebrows, mouth, lips, ears, etc.,
withtheassumptionthat thereisonly onefaceinanimage (Craw, Tock, & Bennett, 1992;
Graf Chen, Petgjan, & Cosatto, 1995).

Herethe various existing algorithms for face detection are discussed. Algorithms
to be used also depend upon the images available. For color images, the detection
algorithm based on skin color is applied, while for real time video type of applications,
algorithms involving the motion are considered that is a moving face another type of
algorithm that is used is for unconstrained scenes such as a given black and white still
image. For this the image features are extracted using various algorithms like genetic
algorithms, neural networks, templates, shape, support vector machines, feature based.
Thereareeven several disadvantageswith different algorithms. One disadvantage with
the algorithm based on color imagesisthat it does not work on all kinds of skin colors,
and it is not very robust under varying lighting conditions. Face detection by motion
generally works, based on the algorithm that in reality afaceisamost always moving,
so the mani pulations can be done by cal culating the moving area. However, a problem
arises if there are other objects in the image background that are moving. Some new
algorithmscan beimplemented by merging two algorithms; abetter result can be obtained
by combining several of them. Surveys discussing various algorithmsto face detection
areavailablein Samal and lyengar (1992) and Y ang, Kriegman, and Ahuja(2002).

Face Recognition

Humans can easily recognize aknown face in various conditions and representa-
tions. This remarkable ability of humans to recognize faces with large intra-subject
variations has inspired vision researchers to develop automated systems for face
recognition. However, the current state-of -the-art machinevision systemscan recognize
facesonly inaconstrained environment. Notethat therearetwo typesof face comparison
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scenarios, (1) face verification (or authentication) and (2) face identification (or
recognition). Face verification involves aone-to-one match that compares aquery face
image against atemplate faceimagewhoseidentity isbeing claimed; faceidentification
involves one-to-many matchesthat compare aquery faceimage against all thetemplate
imagesin afacedatabaseto determinetheidentity of the query face. Themain challenge
invision-based face recognition isthe presence of ahigh degree of variability in human
faceimages. Therecan bepotentially very largeintra-subject variations (dueto 3D head
pose, lighting, facial expression, facial hair, and aging) and rather small inter-subject
variations (dueto the similarity of individual appearances). Currently availablevision-
based recognition techniques can mainly be categorized into two groups based on the
face representation that they use: (1) appearance-based, which uses holistic texture
features, and (2) geometry-based, which uses geometrical features of the face.

It can be stated that external and internal facial components and distinctiveness,
configuration, andlocal texture of facial componentsall contributeto the processof face
recognition. Humans can seamlessly blend and independently perform appearance-
based and geometry-based recognition approaches efficiently. Therefore, we believe
that merging the holistic texture features and the geometrical features (especially at a
semanticlevel) isapromising method torepresent facesfor recognition. Whilewefocus
on the 3D variations in faces, we should also take the temporal (aging) factor into
consideration while designing face recognition systems. In addition to large intra-
subject variations, another difficulty in recognizing facesliesin the small inter-subject
variations. Different personsmay havevery similar appearances. | dentifying peoplewith
very similar appearances remains a challenging task in automatic face recognition. For
example, identifying twinsisvery difficult with respect to face recognition. The algo-
rithms that are used for designing a face-recognition system are (Zhao, Chellappa,
Rosenfeld, & Phillips, 2000): Feature-based, Template-based, Principal-Component
Analysis, Auto-Associative Neural Networks, Dynamically Stable-Associative Learn-
ing, Elastic Graph Matching, Flexible Appearance Models, etc. Though many face-
recognition algorithmshave been proposed and have demonstrated significant promise,
thetask of robust face recognitionisstill difficult. Therecent FERET test reveal ed that
there are at | east two major challenges: the Illumination variation problem and the Pose
variation problem. Either of the problemsmay cause serious performancedegradationfor
most existing systems. For an example, changesin illumination conditions can change
the 2-D appearance of a 3-D face object dramatically, and hence can seriously affect
system performance. These two problems have been documented in many eval uations
of face-recognition systems and in the divided opinion of the psychology community.
Unfortunately, they are unavoidable when face images are acquired in an uncontrolled
environment asin surveillance video clips.

Asstated earlier, therearefewer algorithmsthat deal with facerecognitioninvideo.
This section discusses some of the well-known algorithms that have shown promisein
“Face RecognitioninVideo.”

Venkatesh, Palanivel, and Yegnanarayana (2002) describes a system for face
detection and recognition in an image sequence. Motion information isused to find the
moving regions, and probabl e eyeregion blobs are extracted by threshol ding theimage.
These blobs reduce the search space for face verification, which is done by template
matching. Eigen analysis of edginessrepresentation of faceisused for facerecognition.
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One-dimensional processingisused to extract the edginessimage of theface. Experimen-
tal resultsfor face detection show good performance, even across orientation and pose
variationtoacertain extent. Facerecognitioniscarried out by cumulatively summing up
the Euclidean distance between the test face images and the stored database, which
shows good discrimination for true and false subjects.

Kruger, Grossand Baker (2002) presentsan appearance-based, 3-D facerecognition
approachthat isableto recognizefacesin video sequences, independent from face pose.
For this, theauthors(Kruger, Gross, & Baker, 2002) havecombined eigenlight-fieldswith
probabilistic propagation over timefor evidenceintegration. Eigenlight-fieldsallow the
building of an appearance-based 3-D model of an object; probabilistic approaches for
evidenceintegration are attractive in this context asthey allow a systematic handling of
uncertainty and an elegant way for fusing temporal information. Experiments demon-
strate the effectiveness of our approach. This approach has been successfully tested on
more than 20 testing sequences, with 74 different individuals.

Torresand Vila(2002) have addressed thefollowing problem. Given aset of known
images and given a video sequence to be indexed, the problem is to find where the
corresponding persons appear in the sequence. Conventional face-detection schemes
arenot well suited for thisapplication, and more efficient schemeshaveto be devel oped.
Inthispaper, theauthorshave modified the original generic eigenface-based recognition
scheme by introducing the concept of selfeigenfaces. The resulting scheme is very
efficient for finding specific face images and coping with the different face conditions
present in avideo sequence. Their main objective wasto develop atool to beusedinthe
MPEG-7 standardi zation effort to hel p video-indexing activities. Good resultshave been
obtained using the video test sequences used in the MPEG-7 evaluation group.

Nakajima, Pontil, Heisele, and Poggio (2000) describes a system that learns from
examplestorecognizepeopleinimagestakenindoors. Imagesof peoplearerepresented
by color-based and shape-based features. Recognition is carried out through combina-
tions of Support Vector Machine classifiers (SVMs). Different types of multi-class
strategiesbased on SV Msareexplored and compared to k-Nearest Neighborsclassifiers
(KNNs). The system works in real time and shows high performance rates for people
recognition throughout one day.

Senior (1999) describes the application of a face-recognition system to video
indexing, along with labeling faces in the video and identifying speakers. The face-
recognition system can be used to supplement acoustic speaker identification, when the
speaker’ sfaceisshown, to allow indexing of the speakers, aswell asthe selection of the
correct speaker-dependent model for speech transcription. The author hasdescribed the
feature detection and recognition methods used by the system, aswell asanew method
of aggregating multiple Gabor jet representations for a whole sequence. Several ap-
proaches to using such aggregate representation for recognition of faces in image
sequences are compared. The author has also shown that there is significant improve-
ment in recognition rates when the whole sequenceis used instead of a single image of
the face.

Nastar (1998) presentsan experimental setup for real-timefaceidentificationina
cluttered scene. To design this system, color images of people have been recorded with
astatic camera. After that, aface hasbeen detected from these video sequences, and the
resulting images are stored in adatabase. At afuturetime, aperson standing in front of
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the camera (although against adifferent background) isidentified if hisor herimageis
present in the database. In this experiment, the main variation of the facesiswide-pose
variation (out-of-image planerotation of the head); some scalevariationisalso present.
For real-timeability, acombination of simpleimagefeaturesthrough avoting procedure
for performing face recognition has been carried out.

In an interesting work by Howell and Buxton (1996), the authors have presented
experiments for unconstrained face recognition using Radial Basis Function (RBF)
networks in low-resolution video information. RBF algorithms have shown excellent
levelsof performancewheretheview varies, and theauthorsal so discussed how to relax
constraintson data capture and improve preprocessing to obtain an effective schemefor
real-time, unconstrained face recognition. Howell and Buxton have al so concluded that
the locally tuned, linear Radial Basis Function networks can be used for excellent
performance in the simpler face-recognition task in video sequences when there is any
training set of image sequences.

In Chellappa, Zhou, and Li (2002), a time series state space model has been
introduced in a Bayesian approach to accommodate the video. In this model, the goal
reduces to estimate the posterior distribution of the state vector given the observations
up to the present, and the Sequential Importance Sampling (SIS) algorithm isinvoked
to generateanumerical solutiontothismodel. However, theultimate goal of thissystem
is to estimate the posterior distribution of the identity of humans for recognition
purposes. Inthiswork, two methodshave been presented to approximatethedistribution
under different experimental scenarios.

InKruger and Zhou (2002), anew exemplar-based probabilistic algorithmfor face
recognition invideo sequencesis presented. The algorithm hastwo stagesin which the
exemplars(selectiverepresentativesfromtheraw video) arefirst automatically extracted.
Theseexemplarsareused to summarizethegallery videoinformation. Inthe second part,
the exemplars are used as centers for the probabilistic mixture distributions for the
tracking and recognition process. Experimental results on more than 100 training and
testing sequencesof 25 different individual shave demonstrated the effectiveness of the
algorithm.

Thesearesomeof thealgorithmsfor facerecognitioninvideo sequences. Thereare
possibilities for developing the algorithms for recognizing human faces in video se-
guences from the algorithmsthat have been used in still images. Researchisstill going
on to overcome the limitations of the video-based recognitions.

EYE

The eyeisacomplex organ that serves as the core of our most treasured sense —
sight. When light entersthe eye, it passes through the corneawhere two-thirds of focus
is achieved. The light then passes through the pupil where the iris adjusts the amount
of light that isallowed to enter. Thefocused light finally reachestheretina, seven layers
of alternating cellsand processesthat convert alight signal into aneural signal (“signal
transduction™). The actual photoreceptors are the rods and cones, but the cells that
transmit to the brain are the ganglion cells. The axons of these ganglion cells make up
the optic nerve, the single route by which information |eaves the eye. Once the image
reaches the brain you have sight!
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Figure 3. Eye (from www.whyfiles.org/163amd_eye)
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For authenticating any person using the eye as the biometric feature, the process
giveninthediagram aboveisfollowed. Aninput video streamistaken using aninfrared
sensitive CCD cameraand the frame grabber. For taking the video stream infrared light
isused for taking the video stream because the blood vessel s absorb infrared light more
quickly than the surroundings. From this video stream, the eyeis captured using some
capturing algorithm. Thiseyeimageislocalized using variousimage-processing algo-
rithms. Theareaof interest (retinaliris) isthen detected fromtheeyeand thefeatures (300
to 700 data points) are extracted. These features are encoded into a pattern using some
algorithm like wavel et theory. For enrollment, the templates/patterns are stored in the
database whereas for authentication, the encoded patterns are matched with those

stored in the database using some pattern-matching algorithm.
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Figure 4. Person authentication using eye (retinaliris)

m -u\||1|-|!1

o
o

Input Video Stream Capturing Device Pattern Code

Pattern Matching :> Accept / Reject

|-

Eye Pattern
Database

Retinal Scan

The retinal scan is actually one of the oldest biometrics. Two ophthalmologists
discovered that each eye possess a unique pattern of blood vesselsin the 1930s. L ater,
inthe 1950s, another physician studying maternal twinsfound that their retinal patterns
were also unique (Jain, Bolle, & Pankanti, 1999). They even discovered that barring
disease and severe injury, the retina’s vascular patterns are stable throughout one’'s
lifespan. Theretinal biometricswere put to use when thefirst retinal scan was made by

Figure5. Anatomy of theretinaand posterior eye (fromwww.whyfiles.org/163amd_eye)
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EyeDentify. The Eyedentification 7.5isthefirst retinal scan developed for commercial
use.

A retinal scan is a well-established biometric trait and involves the electronic
scanning of theretina— theinnermost layer of the eyeball. Scanningisdone by emitting
a beam of incandescent light that bounces off the person’s retina and returns to the
scanner. Thisretinal scanning system analyzes the pattern of the blood vessels at the
back of eye and recordsit into an easily retrievable digitized database, or measuresthe
intensity of IR light reflected from an annular region of the retina. The reason for the
annular scan isthe reduction of light noise arising from corneal reflections. The width
and diameter of aretinal scanner’ sannular region of measurement ischosento allow for
the collection of an adequate set of data(evenif the pupil isvery small). These patterns/
data are unique to every individual and cannot be replicated.

Scanninginvolvesusing alow-intensity light sourceand an optical coupler and can
read the patterns at agreat level of accuracy. It doesrequirethe user to remove glasses,
place hisor her eye closeto thedevice, and focus on acertain point for several seconds,
generally 15-20. The eye’ s natural reflective and absorption properties are used to map
a specific portion of the retinal vascular structure. Three hundred to 400 points of
reference are captured and stored in a 96-byte field. To enroll any person into the
database, a minimum of five scansis required which takes about 45 seconds. Thus the
template size for matching isvery small and the operational speed isalso good. It gives
very high accuracy in comparison to most other biometrics.

The drawback is that the user must look directly into the retinal reader. Thisis
inconvenient for eyeglasswearersandin public applications; theremay also be concerns
about the spread of germs because of the need for physical contact with the retinal
scanner. Trauma to the eye and certain diseases can even change the retinal vascular
structure. Orientation problemsare minimized becausethe eyenaturally alignsitself as
it focuses on an illuminated target.

Theapplication of retinal scanningislimitedto high-end security applicationslike
controlling physical accessto sensitiveareasor roomsinmilitary installationsand power
plants, etc., dueto the comparatively high cost of theretinal scanning systems. Because
of therestricted usage of retinal scanning technology, the false acceptance and thefalse
rejection rate are tolerated. The false acceptance rate (where an unauthorized user is
accepted) islessthan 0.0001%, and the fal serejection rate (where an authorized user is
rejected) is10%.

Iris

Iris recognition uses the iris — the colored circle (as shown in Figure 6) that
surrounds the pupil — as the physical characteristic to be measured. Theiris contains
many randomly distributed immutabl e structures, making eachirisdistinct from another.
Liketheretina, theiris does not change with time.

Sincethe 1990s, many researchershaveworked onthisproblem. Inthissection, the
variousalgorithmsfor irisrecognitionwill bediscussed. Theinput videoiscaptured and
the eyeisextracted from the input frame. From this eye, theirisis detected and further
processing is done for authentication using the iris. The human iris-identification
processis basically divided into four steps:
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Figure 6. Iris image (from http://www.cl.cam.ac.uk/user s/jgd1000/)

. Localization. The inner and the outer boundaries of the iris are cal culated.

. Normalization. The irises of different people may be captured in different sizes;
sizemay also vary for the same person because of thevariationinillumination and
other factors.

. Feature extraction. The iris provides abundant texture information. A feature
vector isformed that consists of the ordered sequence of features extracted from
the various representation of the iris images.

Figure 7. Irisimage in infra-red light (from http://www.cl.cam.ac.uk/user s/jgd1000)
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Figure 8. Irisimage in visible light

i Matching. The feature vectors are classified through different thresholding

algorithmslike Hamming Distance, wei ght vector and winner selection, dissimilar-
ity function, etc.

Daugman (1993, 2001) wasthefirst to providean algorithmfor irisrecognition. He
has designed the algorithm based on Iris Codes. I n the preprocessing step, for example,
inner and outer boundariesof theirisarelocated. Integro-differential operatorsarethen
used to detect the centre and diameter of the iris, then the pupil is also detected using
thedifferential operators. For conversionfrom Cartesianto polar transform, rectangul ar
representation of therequired areaismade. Thefeature-extraction algorithmisdesigned
based on modified complex-valued 2-D Gabor wavelets (Daugman, 1993, 2001). For
matching, Hamming Distance hasbeen cal culated by the use of simpleBoolean Exclusive
—OR operator and for the perfect match, the hamming distance equal to zeroisobtained.
Thealgorithm has an accuracy of morethan 99.9%. Itisfound that thetimerequired for
irisidentification is less than one second.

Wildes(1999) has made use of anisotropic band-passdecomposition derived from
theapplication of Laplacian of Gaussian filtersto theimage data. Like Daugman (1993,
2001), Wildes hasalso used thefirst derivative of imageintensity to find thelocation of
edges corresponding to the borders of theiris. The Wildes system explicitly modelsthe
upper and lower eyelidswith parabolic arcs, whereas Daugman excluded the upper and
the lower portions of the image. The results of this system are found good enough to
recognizetheindividual sin minimumtime period.

Boashash and Boles (1998) have presented a new algorithm based on zero-
crossings(Mallat, 1991). They havefirstlocalized and normalized theirisby using edge
detection and other well-known computer-vision algorithms. The zero-crossings of the
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wavel et transform arethen cal cul ated at variousresol ution level sover concentriccircles
ontheiris. Theresulting one dimensional (1-D) signalsarethen compared to the model
featuresusing different dissimilarity function. Thissystem can handle noisy conditions
aswell asvariationsinillumination. Thisalgorithmisalsotranslation, rotation, and scale
invariant. A similar typeof system hasbeen presented by Sanchez-Avila, Sanchez-Reillo,
and deMartin-Roche (2001) that is based on zero-crossing discrete dyadic wavelet
transform representation and has shown a high level of accuracy.

In Noh, Kwanghuk, Lee, and Kim (2002), a new algorithm has been proposed to
extract the features of iris signals by Multi-resolution Independent Component Identi-
fication (M-1CA). M-ICA provides good properties to represent signals with time
frequency. Thisextractstheirisfeaturesthat are used for matching using conventional
algorithms. The accuracy obtained is low because the M-ICA does not give good
performance on class-separability.

There are some other researchers who have used different algorithms for feature
extraction. Dargham, Chekima, Liau, and Lye (2002) used threshol ding to detect theiris
from the pupil and the surroundings. The detected iris is then reconstructed into a
rectangular format. Self- organizing map networksarethen used for recognizingtheiris
patterns. The accuracy obtained by the network isaround 83%. In another algorithm by
Li, Tan, and Wang (2002), circular symmetry filters are used to capture local texture
information of theiris, which arethen used to construct afixed-lengthfeaturevector. The
nearest-featurelinealgorithmisused forirismatching. Theresultsobtained were 0.01%
for falsematchand 2.17%for falsenon-matchrate. Chenand Y uan (2003) have devel oped
an algorithm for extracting theirisfeatures based on fractal dimension. Theiriszoneis
partitioned into small blocksinwhichthelocal fractal dimension featuresare computed
astheiriscode. Finally, the patternsare matched using the k-meansand neural networks.
Theresultsobtained are 91.8% acceptancefor authentic person and 100% rejection rate
for fakers. Y ong, Tieniu, and Wang (2000) used Gabor filtersand 2-D wavel et transforms
for featureextraction. For identification, weighted Euclidean distance classification has
been used. This algorithm is invariant to translation and rotation and tolerant to
illumination. The classification rate on using Gabor is 98.3%, and the accuracy with
wavelets 82.51%. Tisse, Torres, and Robert (2002) have proposed an algorithm for
localizationand extractionof iris. For localization, acombination of theintegro-differen-
tial operatorswith aHough Transformisused, and for feature extraction, the concept of
instantaneousphase or emergent frequency isused. Iriscodeisgenerated by thresholding
both the models of emergent frequency and the real and imaginary parts of the
instantaneous phase. Finally, the matchingisperformed using Hamming distance. Inthis
algorithm, thefalserejectionrateobtainedis11%. Lim, Lee, Byeon, and Kim (2001) have
used the Haar Wavel et transform to extract features from irisimages. By applying the
transform four timesonimage of size 450X 60 and combining thefeatures, 87-bit feature
vector has been obtained. This feature vector is the compact representation of theiris
image. Finally, for classification of feature vectors, weight-vector initialization and
winner-sel ection strategy hasbeen used. Therecognition rateobtained isaround 98.4%.
InMachala(2001), two new algorithmsof the statistical and computer evaluationsof the
iris structure of a human eye for personal identification have been proposed that are
based partly on the correlation analysis and partly on the median binary code of
commensurableregionsof digitizedirisimage. Similarly, analgorithm of eye-irisstructure
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characterization using statistical and spectral analysisof color irisimagesisconsidered
in Gurianov, Zimnyakov, and Galanzha(2001). They used Wiener spectrafor character-
izationof irispatterns. InKois(2001) and DellaV ecchia, Chmielewski, Camus, Sal gani off,
and Negin (1998), humanirisstructureisexplained and classified using coherent Fourier
spectra of the optical transmission.

InAles(2001), an efficient biometric security algorithmfor irisrecognition system
with high performance and high confidence has been described. The systemis based on
anempirical analysisof theirisimage, anditissplitinto several stepsusinglocal image
properties. Thevariousstepsare: capturingirispatterns; determiningthelocation of iris
boundaries; converting the iris boundary to the stretched polar coordinate system;
extracting the iris code based on texture analysis using wavelet transforms; and
classification of theiriscode. The proposed system usethewavel et transformsfor texture
analysis, andit dependsheavily ontheknowledgeof general structure of humaniris. The
system has been implemented and tested using adataset of 240 samplesof irisdatawith
different contrast quality. Becausetheiris (the colored part of theeye) isvisiblefrom a
distance of about one foot, direct contact with the scanner is not required nor is it
necessary to remove eyeglasses. The algorithm does not rely on theiris color, and this
is important because of the popularity of colored contact lenses. Scanning overcomes
most of the problems of retinal scanners.

Disadvantages of iris recognition include problems of user acceptance and the
relative expense of the system as compared to other biometric technologies.

GAIT

Recognizing peopleby their gaitisan emergent biometric. The potential of gait as
abiometric has al so been encouraged by the considerable amount of evidence available
in medicineand literature. The main advantages of using thisbiometricarethat it can be
applied from a distance and that too the individual under observation need not to be
awareof it. Everyindividual’ sgaitisunique (Nixon, 2000), dependent on the muscul osk-
eletal structure. Thedynamic natureof gaitimpliesthat itismorevariablethan other types
of biometricsand may beinfluenced by psychological factors (such asmood and stress)
and physical factors as well (e.g., footwear). This is very useful for surveillance
applications.

Figure 9 explainsthe procedurefor gait recognition. A video sequenceis captured
(without concerning the user that his/her photograph is being captured). From this
sequence, the structure of the person is obtained by tracking some specific points or by
using motion information from a series of poses. Once the structure of the person is
obtained, theinformation about gait isextracted and thematchingisdonefor comparison
with the database.

Wecandividethework inautomatic gait recognitionfrom visual measurementsinto
two types of algorithms — model-free and model-based algorithms. In model-free
algorithms, there is no underlying representation of the three-dimensional structure of
walking, but they haveanimplicit model of walkingbuiltintotheir algorithmsof extracting
features. These algorithmsanal yze the motion or shape of the subjectsasthey walk, and
thefeatures extracted from the motion or shape are used for identification. M odel -based
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algorithms either model the person or explicitly model the style of the walking of the
person. In person models, abody model isfit to the personin every frame of thewalking
sequence, and parameters are measured on the body model as the model deforms over
the walking sequence. In walking models, amodel of how the person movesis created,
and theparametersof themodel arelearned for every person. M ost of thealgorithmshave
two major deficiencies: the lack of generality of viewing condition, and that most
researchers do not consider whether the confusion that arises is caused by vision
yielding noisy measurements or by having chosen features with low discrimination
power.

Figure 9. Steps for gait recognition

Gait Pattern Extraction

I

Matching :> Accept/Reject

Gait Pattern
Database
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Perhaps the first paper in the area of gait recognition comes from the Psychol ogy
field. Cutting and Kozlowski (1977) and Cutting, Proffitt, and Kozlowski (1978) have
determined that people could identify other people base solely on gait information.
Stevenage, Nixon, and Vince (1999) have extended that work by exploring the limits of
human ability to identify other humans by gait under various viewing conditions.

The algorithms for gait recognition include modeling gait as a spatio-temporal
sequence and as an articulated model. In Cunado, Nixon, and Carter (1997), Hough
transform has been used to extract the lines that represent legs in a sequence of video
images. Changeininclination of these linesfollow asimple harmonic that isused asthe
gait biometric. For smoothing thedataandinfilling the missing points, themethod of | east
squaresisused. To get thefrequency componentsof thechangeininclination of thelegs,
Fourier transformisapplied and thetransformed dataisapplied using k-nearest neighbor
rule. This shows that the gait classification is dependent on the frequency content and
the phase as well.

Another algorithm by Nixon et al. (Nixon, 1998) has combined canonical space
transformation (CST) with theeigenspacetransformation (EST) for feature extraction of
temporal templates in a gait sequence. EST has been a potent metric in face and gait
analysis but without using data analysis to increase classification capability. The
combination of EST and CST reduces data dimensionality and optimizes the class
separability of different gait sequences simultaneously, thus making the recognition of
human gait by template matching faster and easier.

In Cunado (1999), the two algorithms just discussed have been merged and gait
signature has been extracted directly from the evidence-gathering process by using a
Fourier seriesto describe motion of the upper leg. Temporal evidence-gathering algo-
rithms have been applied to extract the moving model from a sequence of images. It has
been stated that this algorithm can also handle occlusion.

The new velocity Hough transformation (to extract moving conic sections) com-
bined with a continuous formulation for arbitrary shape extraction has been presented
in Grant, Nixon, and Lewis (1999). This algorithm shows better performance over
contemporaneous single-image extraction algorithms. The performanceisalsofoundto
be better when the sequence is having noise and occlusion.

Analgorithm using the Generalized Symmetry Operatorshasbeenimplementedin
Hayfron-Acquah, Nixon, and Carter (2001a, 2001b). It reliesonlocating featuresby their
symmetrical properties (which are unique for every individual) instead of |ocating the
bordersof ashape. Thegait signatureshavebeen derived for silhouettesand optical flow
using Fourier transform. Theal gorithm hasbeen applied ontwo different databases, and
an accuracy of 95% hasbeen achieved. Thissymmetry measure can handleproblemslike
noise, missing frames, and occlusion also.

In Foster (2001) anew measurefor biometricscalled gait maskshasbeen presented.
These gait masks derive information from a sequence of silhouettes, such as how the
silhouette changesover timeinachosenregion of thebody. Theareachangesarerelated
tothenature of gait. Canonical analysisof the output hasbeen donefor recognition, and
the accuracy is found to be 80%.

Analytical pose compensation algorithms can be applied on the algorithms based
onthemodeling of humanwalking. In Carter and Nixon (1999), ageometric correction has
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been done to the measurement of the hip rotation angle based on the known orientation
to the camera. It has used the invariance properties of angles under geometric projec-
tions. Thus, using geometric analysis, invariant signatures have been generated for the
automatic gait analysis.

Lee and Grimson (2002) describe a set of representations of features for gait
appearance. Firstly, aset of imagefeaturesiscomputed that L eeand Grimson (2002) are
based on the moments extracted from the orthogonal -view video silhouettes of human
walking motion. And then theimage features are aggregated over timeto createthe gait
sequence features.

Huang (2001) proposesastatistical algorithmfor feature extraction from spatial and
temporal templatesto optimizethe classseparability and reducethe datadimensionality
of different gait sequences simultaneously. Principal Component Analysis (PCA) is
applied onthe extracted templatesfor dimensionality reduction. In the canonical space,
accumulated distance is used as the metric for gait recognition.

BenAbdelkader, Cutler, and Davis (2002) has encoded the planar dynamics of a
walking personina?2-D plot consisting of the pair-wiseimage similarities of the sequence
of images of the person, and the standard classification of these plotsis done for gait
recognition. Background modeling is done for a number of framesto track the person,
and a sequence of segmented images of the person is obtained. The recognition
procedure uses PCA and k-nearest neighbor rule. Accuracy obtained isaround 77-78%.

Tekalp, asdiscussed in Dockstader, Berg, and Tekal p (2002), hasintroduced anew
model-based algorithm towards the 3-D tracking of human motion. A parametric body
model hasbeen characterized by hard- and soft-kinematicsconstraints. Hard constraints
arederived from the actual body measurements, while soft constraints are taken from a
priori, probabilistic distributions for each model parameter, based on the previous
examples of human body configurations. This knowledge from soft kinematicsis used
todefineanatural accel eration of body parameterstowardstheir expected val ues, which
isused to augment the potentially time-varying velocity of aclassical dynamic-motion
model. As aresult, there is an increase in the tracking accuracy in the presence of
occlusion and articulated movement.

Using gait as a biometric is a relatively new area of study within the realms of
computer vision. It has been receiving growing interest within the computer-vision
community, and a number of gait metrics has been developed. We use the term gait
recognition to signify the identification of an individual from a video sequence of the
subject walking. This does not mean that gait islimited to walking — the term can also
beappliedto running or any means of movement on foot. Gait asabiometric can be seen
as advantageous over other forms of biometric identification

CONCLUSIONS

Demands for biometric-based personal authentication technologies are progres-
sively increasing. Thereare high expectationsof the applicationsto the network security
field. To meet these demands, continuousresearch and devel opment for video biometrics
isgoing on, aiming at faster speeds, smaller size, and lower cost, and is expanding its
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application fields utilizing non-contact authentication and high-authentication accu-
racy.

Thus, in this chapter, we have presented atutorial about the three video biometric
traits, namely, face, eye, and gait. An extensive survey of algorithms used for the three
has also been provided as areference for the readers. Using these biometrics traits for
video sequences, anyone can secure or authenticate user access.
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ABSTRACT

Lecture-on-Demand (LOD) multimedia presentation technol ogies among the network
are most often used in many communication services. Examples of those applications
include video-on-demand, interactive TV and the communication tools on a distance-
lear ning system, and so on. We describe how to present different multimedia objects on
aWeb-based presentation system. Using characterization of extended media-streaming
technol ogies, we devel oped a comprehensive system for advanced multimedia content
production: support for recording the presentation, retrieving the content, summarizing
the presentation, and customizing the presentation. This approach significantly
impacts and supports the multimedia presentation authoring processes in terms of
methodology and commercial aspects. Using the browser with the Windows Media
Servicesallowsthose studentsto view live video of theteacher giving hisor her speech,
along with synchronized images of presentation slides, and all the annotations/
comments. In our experience, this very approach is sufficient to the use of distance
learning environment.
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INTRODUCTION

Multimedia presentation technol ogies among the network are most often used in
many communication services. Examples of those applications include video-on-de-
mand, interactive TV and the communication tools on a distance learning system, and
so on. To control and demonstrate different types of multimedia objects is one of the
important functions in a distributed multimedia presentation system.

Sugata Mukhopadhyay and Brian Smith (1999) developed an authoring systemin
which the author classifies the synchronization of timed-timed, timed-untimed, and
timed-untimed. For synchronization problems of the three types, the synchronization
algorithmisalso provided.

In Lui, Huang, Wu, Chu, and Chen (2002), the authors propose a Web-based
Synchronized Multimedia L ecture system (WSML). It focuses on the synchronization
of the navigation events of mousetrack, pen stroke, dynamic annotation, Scrolling, and
Highlight. These eventsarerecorded automatically based on Synchronized Multimedia
Integration Language (SMIL) (World Wide Web Consortium, 2004).

Wealsolooked at thefollowing commercial productsrel ated to multimediaauthoring
or presentation designs: (1) Authorwareby Macromedia, Inc.; (2) MultimediaViewer by
Microsoft; (3) MultimediaToolbook by Asymetrix Corporation; (4) HypermediaAuthoring
and Playback System by ITRI; (5) Action! By Macromedia, Inc.; (6) Audio visual
connection by IBM; and (7) Astound by Gold Disk Inc.

Most systems allow users to cut and paste presentation objects or actions via
button click and drawing. MultimediaViewer also providesaset of medium editingtools.
Presentation objects produced by thesetool s can be linked together by ascript language
supporting functions, data, structure, and commands. A summary of these systems
follows.

i Features: the key research goals are as follows (as shown in Figure 1)

e  Based on Web environment: For teaching and training, these systems are
designed to combine HTML lecture notes and video notes.

¢ Real-timeediting by authors: “Editing” meansthat the layout of the presen-
tationisleft tothe authors. We found that the complicated operations are not
used in the systems.

e Synchronization problem: Itisabig challengeto synchronizethemultimedia
objects on the Web. All of the proposed systems have a solution to this
problem respectively.

¢  Createmultimedia documents: Multimediadocumentsare the output results
of the systems and usually combine different media streams.

i User Interface:

e  Thenormal browser-user interface consists of video, slides, and slide index

(asshownin Figure 2).

None of the above system, however, allows dynamic presentations. That is, a
presentation generated by the above systemswill stay astheforminwhichitwascreated.
Different audienceswatch the same presentation over and over again. Not many systems
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Figure 1. Process flow of the system
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focus on the Web-based presentation designs. Our system helps the presentation
designers to design his’her presentation step-by-step until he/she published the
presentation in the air.

Thereare someimportant design considerations during construction of amultime-
diapresentation. Thefirst ishow to model and describe the mediapropertiesduring the
presentation period. A multimediapresentation basi ¢ requirementsinclude demonstrat-
ingthemedia’ sspatial, temporal, and user-interaction properties. Second isthe presen-
tation advance requirement. The user always wants alternative adaptation operation
facilities, such asauthoring, retrieving, abstracting/summarizing, or evenrearranging the
presentation performances. Unfortunately, we wererarely ableto find existing presen-
tation software that could satisfy these advanced requirements.

We have been working on multimedia presentation for several years in related
popular commercial or nonprofit projects (Chang, Hassanein, & Shieh, 1998; Chang,
Wang, Chan, Deng, Lee, & Wang, 2001; MultimediaMicro-University Virtual Society,
http://www.mine.tku.edu.tw/mmvs; Shih & Deng, 2000; Shih, Deng, Wang, & Liou, 2001,
2001). Over thepast year, wehaveidentified and compared methodsto work moreclosely
together and to provide adaptability and reusability. An effective presentation design
procedure should not only involve sequential flow of actions, but also parallel/concur-
rent and user-interactive actions. Additionally, the design should include a number of
high-level concerns, such as goals and focus of the presentation, the user’ s context and
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current task, and the media selection to represent the information in a way that
corresponds to these concerns. The first step of the research isto design a multimedia
content model that is built upon the existing models. A multimedia content model is a
model comprised of information coded in at | east onetime-dependent medium (e.g., video,
audio...) andinonetime-independent medium (e.g., text, image...). Multimediadocument
architecture demonstrates the relationships among the individual components repre-
sented as models (Steinmetz & Nahrstedt, 1995). It includes the presentation model,
mani pulation model, and representation model. The presentation model illustrates the
mediaelementsand how they areto be processed during running time. Themanipulation
model describes all the possible operations allowed for creation, change, and deletion
of multimediainformation. Therepresentation model not only definesthe protocolsfor
exchanging thisinformation among different computers, but also theformatsfor storing
the data. It contains the relationships between the individual media elements that need
to be considered during presentation. Structure implicates the basic requirements and
advanced requirements while these models operate their functions.

SYSTEM DEVELOPMENT

Theadaptive video presentation management systemincludesfour major modules
(Figure 3): (1) Video and Audio Encoder, (2) Synchronization Controller, (3) Post-
Processing Manager, and (4) Multimedia Presentation Browser. Most of the devel oped
systems provide real-time processing functions (Encoding and Synchronization). Our
system extends the general authoring tools to manage the post-processing functions
such as material reusing, combination, and auxiliary resources insertion.

i Video/Audio Encoding: Mandatory in authoring and rendering, using

uncompressed files or files compressed with the Windows Media Audio, Sipro
Labs ACELP, MPEG-3, or another codec. For easily publishing on the Web, the

Figure 3. Framework of the adaptive video presentation system
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Figure 4. Different encoding modes.
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documents must have compatibility for different network environments. The
proposed system provides several encoding modes for different end users (as
shownin Figure 4).

. Synchronization Controller: The synchronization mechanism is based on time-
stamps, asthey arerecorded whilethe user is operating the PowerPoint software.
These time-stamps are embedded within an Advanced Streaming Format (ASF)
record. During the playback, these stampstrigger windowing events, such asline
drawing, slide changing, text drawing, etc. (Figure5). On the other hand, the ASF
record can accept user interrupts. Thus, the presentation can berestarted from any
slideinthevideo. Thetime-stamp-based synchronization mechanism and the ASF
from Microsoft are now widely used in similar projects and products.

Figure 5. Time-stamps and window messages
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Post-Processing Manager: Given avideo file, if the author would like to pick a
particular clipfromtheoriginal file, theusual methodistouseacommercial video-
editing tool to cut the clip and recodethefile. Another exampleisthat if theauthor
needstwo clipsfromtwo different files, and he hasasuccession of operations. From
our experience, the operations are complicated and not suitable for an amateur.
Post-processing manager isresponsiblefor reusing and reorder the existing video
files. We also have a user-friendly interface, and the author only drags and drops
the clipsto playing sequence (Figure 6).

Multimedia Presentation Browser: Thefinal layout of the presentationisalso | eft
to the author. He can choose the background of the multimedia object in presen-
tation browser in playing. Here the layout al so includes some descriptions of the
video sequence (Figure 7). The interface of the presentation browser has a high
influence on the audience. If the quality of presentation is not sufficient and
interesting, you can’t capturethereaders’ attentiontodeliver your message(Lisle,
Isensee, & Dong, 1998).

Figure 6. Drag and drop feature
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Figure 8. Stream delivery and presentation of ASF file
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Inour system, weused the Windows M ediaCodec asthe media-streaming sol ution.
Windows Media Codec for creating advance stream format (ASF) (Windows Media
Encoder, 2004) content uses compression/decompression algorithms (codec) to com-
pressaudio and/or video media, either from live sourcesor other mediaformats, tofiton
anetwork’ savailablebandwidth. The ASFisadataformat for streaming audio and video
content, images, and script commandsin packetsover anetwork (asshownin Figure8).
ASF content can be an .asf file or alive stream generated by Windows Media Encoder.
ASF content that isin the process of being delivered over anetwork is called an ASF
stream.

A Multiple-Level Content Tree for Abstraction

Given a Web-based multimedia presentation, the corresponding multiple-level
content trees can be constructed, as shown in Figure 9. Teaching material can be taken
asamultimediapresentation (e.g., collection of text, video, audio, image, etc.) with some
kind of sequencefashion. Themultiple-level content tree-approach may beusedtoarrive
at an efficient summarizing method. A content treeis afinite set of one or more nodes
such that there is a particularly designated node called the root. The level of anodeis

Figure 9. Example of multiple-level content tree
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Figure 10. Presentation tree structure
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defined by initially letting the root be at level 0. If anodeisat level g, thenitschildren
areatlevel g+1. Sinceanodeiscomposed of apresentation segment, thesiblingsordered
from | eft to right represent a presentati on with some sequence fashion. The higher level
gives the longer presentation. Consequently, this approach gives flexible teaching
material; accordingly, itisavery good fit for the Web-based multimedia presentation.

The Abstractor utilizes the content tree to organize the information, as shown in
Figure 9. There are anumber of primitive operations that can be applied to the content
tree. Algorithmstoinitialize a content tree, attach a node, detach anode, and calculate
the presentation time at agiven level, have been devel oped. The content tree serves as
an internal data structure for all these operations.

An Example of Building Tree Structure

We define aunit in the presentation sequence. This unit will be used asanodein
atreestructure(showninFigure10). Theimportance of presentation unitsisviewed from
the lowest level to the highest level as most important. According to the Bottom-Up
method, the node in the lowest level should be added first. Given an original playing
sequence, thereare many nodesinwhich somenodesare necessary and somenodeshave
lower priority. Using the higher priority nodes, we construct a new level. In the tree
structure, anode not only has priority respectively but also includesatimevalue. Time
valueis presentation time in a presentation sequence. So we can get total presentation
timeof an original sequence: n1.TimeValue+n2.TimeValue+ ...+ n8.TimeValue (Figure
10). The time of the highest level sequence is shortest; the lowest level sequence is
longest. The adaptability of the presentation time is also a key function in such an
authoring system.

Process Flow of Authoring

Inthissection, wewill focuson the synchronization of the multimediastream object.
" Synchronization” meansthat when werecord multimediastreams, wenot only storethe
objectinformation, but also capturethetemporal relations between mediaobjectsin our
system. There are two stepsthat we need in the process of streams synchronization: (1)
the user Setup phase; and (2) the recording and integrating objects synchronization
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Transaction(message) Operations
From To Function

Call_Configure User WModer Request for a new
service

EncodeToFile Request WM Output Archies Manage media data

Archies_ Message Archies WM Source To establish contact with
WModer

EncodeFromDevice Request WM Source Video,Audio Manage mediadevice

Device_Message Video,Audio WMProfile To establish contact with
WModer

Profile_ Request WMProfile Archies Manage profile

Archies Message Archies WModer To establish contact with
WModer

Start_Request WModer Indexer Maker Request for
synchronization

Markerinsert_Request Indexer Maker Archies Insert  Markers  into
media data

Archies Message Archies Marker Maker To establish contact with
Marker Maker

Indexerlnsert_Request Marker Maker Archies Insert  Indexers into
media data

Archies Message Archies Publisher To establish contact with
Marker Maker

Publisher_Request Publisher User Request for replay

Archies: Media stream server

control phase. The processes will be illustrated with two time-based scenarios. The
messages between the objects of illustrations are defined in Table 1.

The components of the Video/Audio codec:

i WMOutput: for output of the media stream.
i WM Source: for integration of input devices.
i WMProfile: for managing the compression bit rate.

i WModer: for converting between the different streams.

The components of the synchronization controller:

i Indexer Maker: inserting the Indexer into the completed multi-stream file for the
end users to control slide index.
i Multi-Stream Marker Maker: inserting the Marker into the raw video data for
synchronizing the multi-stream (Figure 2).

User Setup Phase

This phase enables the operations of configuration of authoring processes. The
major component of the Video/Audio codec is used to facilitate the users’ selection of
sources/devicesthat will beencoded (asshowninFigure11). Thesubcomponentsof the
Audio/Video codec arethemajor providers. WMsour cewill becalledimmediately todrive
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Figure 11. Scenario of the user setup phase
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the Audio/Video devices or to open the existing files. In this phase, WMOutput will be
used to store the output media documents after finishing the processes of recording.
According to the WMPrdfile, the author uses WM Encoder to produce the well docu-
ments (A SFfileformat).

Recording and Integrating Objects Synchronization

Control Phase

The phase during authoring processesisillustrated in Figure 12. When the user
finishes the configuration phase, the multimedia media synchronization controller is
invoked to coordinate an audio stream, avideo stream and a script stream and to create
thesourcegroup. A user can create multiple sourcegroups, but all must containthe same
media types and only one can be encoded at a time. Then MediaEncoder captures a
multimedia stream from afile or input device. By using the audio/video codec compo-
nents, thesystemwill either loadsstreamsfrom amediafileor capturelivemediastreams
from an input device.

Then the synchronization controller will select the indexer profiler for the re-
encoding presentation session. An indexed profile specifies a synchronization codec,
and identifies the number and bit rate of the encoded output streams. Only one indexer
profile can be assigned to all of the source groupsin the encoding presentation session.
The synchronization controller will integrate the source groups and the profile into a
script command by using the insertion facility of the marker maker to perform the
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Figure 12. Scenario of the synchronization phase
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synchronization processes. The script command isagrouped special instructionthat is
included in presentation datastreams and delivered to the client together. The presenta-
tion browser component in the client side will parse the script commandsto adevice or
an application, and then interprets them. Script commands are used for such tasks as
interactive exploration of information presentation.

Adaptive Post-Processing Processes

To address the problem from our investigation, this section will describe the
adaptability and the dynamics of our system. For the dynamics of the user’s require-
ments, the multimediapresentation system should enabl ethe user to weave, reconstruct,
or combine the existing multimedia documents. This feature has been illustrated in
section2.2.1. Figure 13 showsthe processesthat the user woul d useto combinetwofiles.
The Combination Invokor iscalled upon to open afilewith the Indexer Profile. Herethe
two files are limited to containing the same media types, such as a presentation video
stream, apresentation audio stream, aslide stream, and a script command stream. Then,
the synchronization controller is used to re-synchronize the new presentation (Figure
14).

Another contribution of our system is that it considers the scalability of the
presentation. We involve the Annotation Assistant to insert additional resources such
asavideoclip, animage, atextfile,oraURL. Theprocessisthat auser requeststhe object
insertion. Thisrequest will add a mediaobject into a presentation file. These auxiliary
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Figure 13. Process of dynamic change and adaptive insertion
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media objects will be attached to a presentation unit (a node in tree structure). For an
audience, presentation data is amajor sequence in playing; those auxiliary objects are
regarded as a sun-sequence, and it may be ignored (Figure 15).

Figure 14. Combination of two presentation resources
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Figure 15. Inserting the auxiliary media stream
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System User Interface

Themajority of thesystem user interface consistsof the configuration module. The
configuration module provides the user with the facilitiesto sel ect the sources/devices
from which he or she would like to encode and to select to the preferred output of the
encoded content. The user can either encode amediafile (video/audio) or use attached
devices (video camera or microphone) to produce the orchestrated media contents. In
addition, the user can select either to broadcast their encoded content in real time after
configuring the server HTTP port and the URL for Internet/L AN connections. The user
can select the profilethat best describes the content being encoding. This profile means
thedifferent bandwidth will beconfigured. Thehigher bit-rate meansthe content will be
encoded to a higher resolution content. The different bandwidth profile selection
window wasal soincluded. Figure 16(a) showstherecording and editing interface of the
system, with automatic uploading and broadcasting lectures shown in Figure 16(b).

Figure 16(a). A multi-level content tree of the Web-based
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Figure 16(b). Video presentation playback with a synchronized control mechanism
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Intraduction

CONCLUSIONS

We have addressed the issues involve in allowing a user to add time-stamp
information during the authoring phase. In other situations, the issue involves the
scalability and the dynamics. We have not only proposed aframework of a\Web-based
multimedia presentation system, but also implemented this system. We use the time-
stamp asthe mediasynchronization model. With the easy-to-useinterfaces, the configu-
ration and the operation steps of the system are clear and definite. The main goal of our
system isto provide afeasible method to record and represent alecture/presentationin
thedistributed environment. Using the browser withthe WindowsM ediaServicesallows
userstoview livevideo of theteacher giving hisor her speech, along with synchronized
images of presentation slidesand all the annotations/comments. The system can be used
for general-purpose presentations as well as distance learning, advertisement, and
others.
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Chapter VIII

Video Shot
Boundary Detection

Waleed E. Farag, Zagazig University, Egypt

Hussein Abdel-Wahab, Old Dominion University, USA

ABSTRACT

The increasing use of multimedia streams nowadays necessitates the development of
efficient and effective methodologies for manipulating databases storing this
information. Moreover, in itsfirst stage, content-based access to video data requires
parsing of each video stream into its building blocks. The video stream consists of a
number of shots, each one a sequence of frames pictured using a single camera.
Switching from one camera to another indicates the transition from a shot to the next
one. Therefore, the detection of these transitions, known as scene change or shot
boundary detection, isthefirst stepin any video-analysis system. A number of proposed
techniques for solving the problem of shot boundary detection exist, but the major
criticisms to them are their inefficiency and lack of reliability. The reliability of the
scene change detection stage is a very significant requirement because it is the first
stage in any video retrieval system; thus, its performance has a direct impact on the
performance of all other stages. On the other hand, efficiency isalso crucial dueto the
voluminous amounts of information found in video streams. This chapter proposes a
new robust and efficient paradigm capable of detecting scene changes on compressed
MPEG video data directly. This paradigm constitutesthe first part of a VVideo Content-
based Retrieval (VCR) system that has been designed at Old Dominion University. At
first, an abstract representation of the compressed video stream, known as the DC
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sequence, isextracted, thenitisused asinput toa Neural Network Modul ethat performs
the shot boundary-detection task. We have studied experimentally the performance of
the proposed paradigm and have achieved higher shot boundary detection and |ower
false alarms rates than other techniques. Moreover, the efficiency of the system
outperformsother approachesby several times. In short, the experimental results show
the superior efficiency and robustness of the proposed system in detecting shot
boundariesand flashlights—sudden lighting variation dueto cameraflash occurrences
— within video shots.

INTRODUCTION

Therecent explosive growth of digital video applications entailsthe generation of
vast amount of video data; however, thetechnol ogiesfor organizing and searching video
databasesarestill intheirinfancy. Thefirst stepinindexing video databases(tofacilitate
efficient access) isto analyzethe stored video streams. Video analysis can beclassified
intotwo stages (Rui, Huang, & Mehrotra, 1998): shot boundary detection and key frames
extraction. The purpose of the first stage is to partition a video stream into a set of
meaningful and manageabl e segments, whereas the second stage aims to abstract each
shot using one or more representative frames. We will address the problem of shot
boundary detection in this chapter while the problem of selecting key frames from
segmented shots will be dealt with in another chapter.

In general, successive frames in motion pictures bear great similarity among
themselves, but this generalization is not true at the boundaries of shots. A frame at a
boundary point of a shot differsin background and content from its successive frame
that belongs to the next shot (Figure 1). In anutshell, two frames at a boundary point
will differ significantly asaresult of switching from one camerato another, and thisis
the basic principle upon which most automatic algorithms for detecting scene changes
depend.

Dueto the huge amount of data contained in video streams, almost all of them are
transmitted and stored in compressed format. Whiletherearelarge numbersof algorithms
for compressing digital video, theMPEG format (ISO/IEC, 1999; LeGall, 1991; Mitchell,
Pennebaker, Fogg, & LeGall, 1997) isthemost famousoneand the current international
standard. In MPEG, spatial compressionisachieved through theuse of aDiscrete Cosine
Transform (DCT)-based algorithm similar totheoneused inthe JPEG standard (Pennebaker
& Mitchell, 1993; Wallace, 1991). Inthisalgorithm, each frameisdivided into anumber
of blocks (8X8 pixel), then the DCT transformation is applied to these blocks. The
produced coefficientsarethen quantized and entropy-encoded, atechniquethat achieves
the actual compression of the data. On the other side, temporal compression is accom-
plished using a motion compensation technique that depends on the similarity between
successive frames on video streams. Basically, thistechnique codes the first picture of
a video stream (I frame) without reference to neighboring frames, while successive
pictures (P or B frames) are generally coded as differences to that reference frame(s).
Considering the large amount of processing power required in the manipulation of raw
digital video, it becomes areal advantage to work directly upon compressed data and
avoid the need to decompress video streams before manipulating them.
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Figure 1. Differences in content and background between two successive frames at a
shot boundary

In this chapter, a novel and robust algorithm for detecting shot boundaries is
introduced (Farag & Abdel-Wahab, 2001, 2002). Thefirst modul e of theal gorithm extracts
an abstract description of avideo framethat isknown asthe DC frame. DC, aterm from
Electrical Engineeringthat standsfor Direct Current, isthefirst coefficient of thediscrete
cosine transform that is proportional to the average intensity of the block. A DC frame
is generated by using the DC component of each DCT block and neglecting the AC
coefficients, theother DCT terms. The DC coefficient has been chosen duetoitscentral
role. A seriesof theseframesiscalled the DC sequence. Thisway, wemanaged to abstract
the MPEG video stream by deriving its DC sequence without the need to decode the
original stream. A modified version of the DC sequenceisthen used asinput toaNeural
Network Module (NNM) that performsthetask of detecting shot boundariesfound into
that stream.

First, we select some of the representative video clips from our database (with
known shot boundary positions) asatraining set and derive the DC sequencesfor them.
These sequences are then merged to form one DC sequence to be used in training the
neural network. Thetrainingisperformed asan off-lineactivity until thenetwork reaches
an acceptable training error level. The result of the training process is a group of
connectionweightsthat storethe appropriate mapping from theinput spaceto the output
space. These weights are stored to be used in the recall phase. Now, the process of
detecting shot boundaries of avideo clip isamatter of deriving the DC sequence of that
clip. Then, using it as input to the network to recall the information stored into the
connection weightsduring what isknow astherecall phase of the neural network. That
recall phase yields a set of shot boundary positions (if any).

Therest of thischapter isorganized asfollows. The next section briefly reviewsa
number of related approachesfor detecting scene changes. The concept of representing
thevideo streamusingitsDC sequenceisintroduced after that, along with our algorithm
for extracting that sequence. Then, the design of the NNM that is used to detect scene
cuts will be expounded. Experimental results are given near the end of the chapter,
followed by conclusion.
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RELATED WORK

Video data are rich sources of information and in order to model these data, the
information content of the datahasto beanalyzed. Asmentioned before, video analysis
is divided into two stages. The first stage is the division of the video sequence into a
group of shots (shot boundary detection), while the second stage is the process of
selecting key frame(s) to represent each shot. Generally speaking, there are two trends
intheliteratureto segment video data. Thefirst oneworksinthe uncompressed domain,
while the other one worksin the compressed domain. The first trend will be discussed
first.

Methods in the uncompressed domain can be broadly classified into five catego-
ries. template-matching, histogram-based, twin-comparison, block-based, and model -
based techniques. In template-matching techniques (Hampapur, Jain, & Weymouth,
1994; Zhang, Kankanhalli, Smoliar, & Tan, 1993), each pixel at thespatial location(i,j) in
framef iscompared with the pixel at the samelocationinframef , and ascene change
is declared whenever the difference function exceeds a pre-specified threshold. Using
thismetric, it becomesdifficult to distinguish betweenasmall changeinalargeareaand
alargechangeinasmall area. Therefore, template-matching techniquesare sensitiveto
noise, object motion, and cameraoperations. One exampl e of the use of histogram-based
techniquesispresented in Tonomura, (1991), wherethe histogram of avideo frameand
adifferencefunction (S) betweenf andf_arecalculated. If Sisgreater than athreshold,
acut isdeclared. That technique uses equation (1) to calculate the difference function
and declare a cut if the function is greater than a threshold.

S( fm, fn)=Z|H(fm,i)—H(fn,i)| (1)

The rational e behind histogram-based approaches is that two frames that exhibit
minor changes in the background and object content will also show insignificant
variationsin their intensity/color distributions. In addition, histograms areinvariant to
image rotation and change slowly under the variations of viewing angle, scale, and
occlusion (Swain & Ballard, 1991). Hence, this technique is less sensitive to camera
operations and object motion compared to template matching-based techniques.

Another technique that is called twin comparison has been proposed by Zhang,
Kankanhalli, Smoliar, and Tan (1993). Thistechniqueusestwo thresholds, oneto detect
cuts and the other to detect potential starting frames for gradual transitions. Unfortu-
nately, this technique works upon uncompressed data and itsinefficiency is the major
disadvantage. A different trend to detect shot boundary is called a block-based
technique (1dris & Panchanathan, 1997) that useslocal attributesto reduce the effect of
noise and cameraflashes. Inthistrend, each framef ispartitioned into aset of r blocks
and rather than comparing a pair of frames, every sub-frameinf_iscompared with the
corresponding sub-frameinf . Thesimilarity betweenf andf_isthenmeasured. Thelast
shot boundary-detection technique working upon uncompressed dataistermed model-
based segmentation (Idris & Panchanathan, 1997), where different edit types, such as
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cuts, translates, wipes, fades, and dissolvesare model ed by mathematical functions. The
essence here is not only identifying the transition but also the type of the transition.

On the other hand, methods for detecting shot boundaries that work in the
compressed domain have been investigated. The main purpose of worksin thistrendis
to increase efficiency. Again, we can roughly divide these methodologies into three
categories. Thefirst category (Chen, Taskiran, Albiol, Delp, & Bouman, 1999; L ee, Kim,
& Choi, 2000; Yeo & Liu, 1995b) usesDCT coefficientsof video-compressiontechniques
(Motion JPEG, MPEG, and H.261) inthefrequency domain. These coefficientsrelateto
the spatial domain, hence they can be used for scene change detection. In Chen et al.
(1999), shot boundary detectionisperformed by first extracting aset of featuresfromthe
DC frame. These features are placed in a high-dimensional feature vector that is called
theGeneralized Trace (GT). The GT isthen usedin abinary regression treeto determine
the probability that each frame is a shot boundary. Y eo and Liu (1995b) use the pixel
differencesof theluminance component of DC framesin M PEG sequencesto detect shot
boundaries. Leeet al. (2000) derivebinary edge mapsfrom AC coefficientsand measure
edge orientation and strength using AC coefficients correlations, then match frames
based on these features.

The second category makes use of motion vectors. Theideaisthat motion vectors
exhibit relatively continuous changeswithin asingle camerashot, whilethis continuity
is disrupted between frames across different shots. Zhang et al. (1993) have proposed
atechnique for cut detection using motion vectors in MPEG videos. This approach is
based on counting the number of motion vectors M in predicted frames. In P-frames, M
isthe number of motion vectors, whereasin B-frames, M isthe smaller of the counts of
the forward and backward nonzero motion. Then, M<T will be an effectiveindicator of
acameraboundary beforeor after the B-and P-frames, where T isathreshold value close
to zero.

Thelast category working into the compressed domain mergesthe abovetwotrends
and can be termed hybrid Motion/DCT. In these methods, motion information and the
DCT coefficients of the luminance component are used to segment the video (Meng,
Juan, & Chang, 1995).

Other approaches that cannot be categorized into any of the above two classesare
reviewed below. Vasconcelos and Lippman (1997) have modeled the time duration
between two shot boundaries using aBayesian model and the Weibull distribution, then
they derived a variable threshold to detect shot boundaries. A knowledge-based
approach is proposed by Meng, et al. (1995), where anchorperson shots are found by
examining intrashot temporal variation of frames. In order to increase the robustness of
the shot boundary detection, Hanjalic and Zhang (1999) proposed the use of statistical
model to detect scene changes.

In summary, techniques that work upon uncompressed video data lack the neces-
sary efficiency requiredfor interactive processing. Ontheother hand, although the other
techniques that deal directly with compressed data are more efficient, their lack of
reliability isusually acommon problem. To address these shortcomings, we proposed
areliable and very efficient technique to solve the problem of shot boundary detection
of video data.

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of ldea Group Inc. is prohibited.



198 Farag & Abdel-Wahab

DC SEQUENCE EXTRACTION

Compressed MPEG files are the most commonly used forms for storage and
transmission of audiovisual information. Atthereceiver side, theMPEG filesneed to be
decoded in order to properly display the received information. In general, the decoding
processisahighly time- consuming task, especially if itisdone using software only and
without any specialized hardware units. Consequently, working upon compressed data
isareal advantage. Thefirst step in any video retrieval system isto analyze the input
files(MPEGfiles, inour case) to detect shot boundaries. In order to achievethisobjective
while trying to enhance the efficiency of the proposed algorithm, our methodology
attempts to detect shot boundaries directly from compressed data and avoids the
requirement of decoding the video file first. This goal is achieved through two steps:

i Generating what is known as the DC sequence from the compressed data; and

i Using theabove-generated sequenceintraining afeedforward neural network that
is used afterwards during its recall phase to detect shot boundaries.

Deriving Formulas for Extracting the DC Sequence

Thissectionformulizesthe problem of extracting the DC sequencefrom MPEGfiles
and introduces our proposed solution to solveit. To encode MPEG files, each framein
the original video fileisdivided into 8X8 blocks; then the DCT transform is applied to
individual blocks. In addition to the motion information, the encoded transform coeffi-
cientsare the main constituents of the compressed file. Thefirst coefficient of the DCT
of ablock istermed the DC coefficient, and it is directly proportional to the average
intensity of that block. The main concept is to use these DC coefficients to derive an
abstract description of aframe directly from the compressed data without the need for
decoding. Each block will berepresented by only oneterm (itsaverageintensity derived
fromthe DCterm), and thecomposition of thesetermswill formwhatiscalledaDCframe.
A sequence of such framesistermed the DC sequence. This sequence still bearsahigh
similarity to theoriginal frame sequence (Y eo & Liu, 1995a), with the added advantage
of the ability to directly and very efficiently derived it from compressed data.

The general idea of using the DC sequence has been proposed by Shen and Delp
(1995) and Yeoand Liu (1995b). Theextraction of theDCframefroman| frameistrivial
and can be calculated for each block as follows:

DC = % D Cencoded (2)

Where:

DC,: Thederived DC for aspecific block.

DC, .- The encoded valuein that block (the first coefficient of the DCT).
Asshownabove, derivingthe DCtermsfrom| picturesisatrivial task, but for B and

Ppictures, itisnot the same. Oneproposed solutionin Shenand Delp (1995) isto cal cul ate
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the DC of ablock in B or P frames using equation (3). Equation (4), given below, isthe
mathematical definition of theterm DC .

DCr/8 = DCret + DCuif (3)
1 3
DCies =— Y NiDGCi
: 64% @
Where:

DC,,: Theencoded DC coefficient of ablock inaP or B frame.

DC,: The average of the DC coefficients of the reference frame blocks (at max four)
overlapping with the predicted block.

N. : Theintersecting area between the block in the P or B frame and the ith block in the
referenceframe (Figure?2).

DC,: The DC coefficient of theith block in the reference frame.

Note that, right horizontal displacement and downward vertical displacement are
considered positivedisplacementsin MPEG terminology (Mitchell etal., 1997). Giventhe
information in MPEG dataand the proposed formul as described above, what isrequired
isto determine two pieces of information in order to derive the DC sequence properly;
these are:

. Theintersecting areas of theblocksinthereferenceframewith the predicted block
inthe P or B frame. These areas are denoted N -N..

. The row and column indexes of each of the four intersecting blocksto be used in
determining DC, values, giventherow and columnindexesof the predicted block.

Figure2. Four intersecting blocksin thereference frame areto theleft, while theright
shape shows the predicted block and the motion vector

0
No » I .
N > “™motion vector
2 4
2
‘ ;
The P/B block
Block index
Reference Frame Predicted P or B Frame
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By analyzing the geometry of Figure 2, the following formulas are derived to
calculatethefour areas. It isimportant to note that adifferent set of formulasisused for
each combination of the signs of the motion vectors.

1  Caseof +AX and +AY (right horizontal and down vertical displacements)
No = (L —|AX)* (L -|AY])

N1=|AX]|* (L—|AY])
N2 = (L —|AX])*|AY|
Ns=|AX|*|AY]|

2 Caseof +AX and -AY
No = (L —|AX])*|AY]
N1=|AX]|*|AY]
N2= (L—|AX])* (L -|AY])
Na=|AX|* (L-|AY])

3. Caseof -AX and +AY
No = |AX]|* (L —|AY])
Ni= (L —|AX])* (L-|AY])
N2 =|AX]|*|AY]
Nz = (L—|AX[)*|AY]|

4. Caseof -AX and -AY
No =|AX]|*|AY]
Ni= (L —|AX])*|AY]
N2 =|AX]|* (L —|AY])
Nz = (L —|AX])* (L—|AY])

Where:

AX: The horizontal component of the motion vector.

AY: Thevertical component of the motion vector.

L: Thelength of the side of ablock (all blocksare squaresand have the sasmedimension,
whichis8X8).
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Threetypesof DC sequences— onefor each color componentsused in MPEG (Y,
Cr, Cb) — areextracted, but weuseonly theY component because human eyesaremore
sensitivetotheluminance component than thechrominanceones(Mitchell et al., 1997).
If theblock isbi-directionally predicted (hasboth forward and backward motion vectors),
we propose to apply equation (4) to both the forward and backward cases and take the
average value. This is a similar technique to how the MPEG algorithm handles the
reconstruction of pixel valuesduring thedecoding phase. Thus, in caseof bi-directionally
predicted blocks, equation (5) below will be used to evaluate DC .

1,13 13
DCre 5 (64 ; NiDCi( forward) + 64%’ NiDCi(backward)) (5)
Tospecify whichblocksinthereferenceframewill contributetothe DC,_, formulas,
equations (4) and (5), we need to determine the row and column indexes of intersecting
blocksin the reference picture and relate thisinformation to the row and column index
of the block under investigation. The influencing factors are the signs of the motion
vectors. To derive the required relations, an investigation of the position of the
considered block in relation to the other four intersecting blocks is performed. This
investigation yields four sets of relations, one for each possible combination of motion
vectorssigns. Theserelationsfor row and columnindexesof thefour overlapping blocks
(B,-B,) arelisted in Table 1, assuming the row and column of the predicted block are R
and C respectively.
By knowing the intersecting areas and the positions of the overlapping blocksin
the reference frame, both equations (4) and (5) can be evaluated. One issue still needs
consideration, that is, the case of large motion vectors, the focus of the next section.

Handling the Case of Large Motion Vectors Magnitudes
and Other Checks

Theresultsin Table 1 assumethat the magnitude of the M otion V ector (M V) cannot
exceed the length of the block side (L), but in actual MPEG-coded files, this happens
frequently and consequently the relationsin TABLE 11 need to be adapted to account
for such situations. To perform this adaptation [in case of magnitude (MV) > L], we
calculate the value of a variable we called addTerm. This value will be added to the
calculated rowsand columnsindexesin Table 1. In case of horizontal displacement, DX,
the following algorithm is used to determine the value of the addTer mX.

Table 1. Rows and columns indexes for overlapping blocks as functions of the signs of
motion vectors and the position of the predicted block

+AX and +AY +AX and -AY -AX and +AY -AX and -AY

Row Col Row Col Row Col Row Col

By R C R-1 C R C-1 R-1 C-1
B, R C+1 R-1 C+1 R C R-1 C

B, R+1 C R C R+1 C-1 R C-1
Bs R+1 C+1 R C+1 R+1 C R C
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If (abs(AX) >=L){
addTermX = AX/L
AX = AX%L

}

else {

addTermX =10

AX = AX

}

The value of the addTermX will be added to all the calculated columns derived
aboveinTablel. Thesameprocedureisappliedin caseof vertical displacement, AY, with
the differencethat itsadditional term, called addTermY, will be added to the cal cul ated
rowsinTablel. Thefinal valuesof rowsand columnsof overlapping blocksarecal culated
below taking into account the case of large motion vectors magnitudes.

Determining Columns Indexes
To determine columnsindexes, thefollowing algorithm isemployed.

If (AX> 0) [/ case of positive AX

c0 = c2 = C+addTermX

¢l = c3 = C+1+addTermX

Elseif (AX < Q) //case of negative AX

c0 = c2 = C-1+addTermX

cl = c3= C+addTermX

Else /I case of AX = 0 no horizontal displacement
c0 = c2 = C+addTermX

Determining Rows Indexes
To determinerowsindexes, thefollowing algorithm isemployed.

If (AY> 0) /I case of positive AY

ro=rl= R+addTermY

r2=r3=R+1+addTermY

Elseif (AY < 0) //case of negative AY

ro=rl= R-1+addTermY

r2=r3= R+addTermY

Else /I case of AY = 0 no vertical displacement
ro=rl= R+addTermY

Special Cases
The following rules will be used to handle other special cases.

If AX=0ThenN,=N,=0

If AY=0ThenN,=N,=0

If AX= 0and AY = 0 (the case of no motion compensation), then the DC will be
calculated using equation (6).
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DCP/ B = DCencoded (6)
Where:

DC : The value of the DC of that predicted block embedded into the

encoded”

coding.

Boundary Condition Check

Oneimportant issueisto test the calculated values for row and column indexesto
make sure that none of them islocated outside the reference picture(s). To enforcethis,
thefollowing checks (for luminance blocks) are performed for all the cal culated val ues.
Similar checks can be performed in case of chrominance blocks.

If(row< 0)

row= 0

elseif (row >= (mb_height * 2) )
row = (mb_height * 2) -1

if (col <0)

col=0

elseif ( col >= (mb_width * 2))
col = (mb_width * 2) -1

Where:

row: Thecalculated row index.

col: Thecalculated column index.

mb_width: The number of macroblocksin arow.
mb_height: The number of macroblocksin acolumn.

Handling the Case of Skipped Macroblocks (M Bs)

The MPEG algorithm employs asmart way to encode amacroblock that hasall its
DCT valuesequal to zero through the use of amacrobl ock increment val ue. The skipped
macroblock can occursonly in P or B frames and cannot occur in | frames. One more
condition isthat thefirst and last macroblock in aslice hasto be coded (Mitchell et al.,
1997). A skipped macroblock simply means that the value of the difference that is
supposed to be coded is zero, so this areais exactly the same asits corresponding one
in thereference picture. Our implementation of the DC extraction algorithm hasto take
this skipping into account, so the following steps are applied:

. If the frame is P frame, copy the DC values of the corresponding MB from the
reference picture to the current position.
. If the frame is B frame and both forward and backward predictions are used,

calculatethe average of the DC valuesin both prediction framesthen copy it asin
the previous step.
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i If theframeis B frame and either aforward or backward prediction is used, copy
theDCfromthecorresponding block inthereferencepicturetothecurrent position.

Handling the Case of Non-Coded Blocks

Our algorithm has to also take care of another situation, that is, the case of non-
coded blocksspecifiedinthe Coded Block Pattern (CBP). The M PEG algorithm usesCBP
tosignify whether ablock inamacroblock iscoded or not. A block that isnot coded means
that all of itsDCT coefficientsare zeros. For coded blocks, the normal algorithm will be
used to calculate the DC sequence. Otherwise, if the block is not coded, our algorithm
proceeds as follows:

° If the macroblock is Intracoded, all the blocks in a MB should be coded, so no
special procedure will be taken.
° If the macroblock isIntercoded, the values of the encoded DC values are assumed

to be equal to zerosin any further calculation.

DETECTING SHOT BOUNDARIES

The DC sequence extracted in the previous section isused asinput toaNNM. The
choice of theneural network (Beale & Jackson, 1991; Zurada, 1992) asashot-boundary
detection methodology is based on its desirable generalization and fault-tolerance
properties. Detecting shot boundariesin avideo stream is a hard task, especially when
we consider the multiplicities of video types (action movie, romantic movies, sports,
newscast, etc.) and the different characteristics of each type. Many of the current shot
boundary-detection algorithmsfail to detect shot boundariesin cases of fast cameraor
object motion or when alarge object occupies the whole scene for awhile. Thislack of
robustness in currently available techniques motivates us to propose a robust and
efficient methodol ogy to detect scene changesin various genres of video streams. The
first step in the design of the NNM isto determine aproper architecture of the network
capableof solving the problem at hand (Farag, Ziedan, Syiam & Mahmoud, 1997). Three
architectures are investigated. In the first one (shown in Figure 3), the differences
between corresponding DC terms in two adjacent DC frames are cal culated, and each
difference value is used as input to a node at the input layer. Thus, for the jth element
in the training/test set, the input to the input node i is given by equation (7).

Inputi(j) = DCi(j)—DCi(j +1) (7)

Thesecond architecture diagrammed in Figure 4 usesonly onenode (inaddition to
thebiasnode) at theinput layer. Theinput to that nodeisthe sum of absolute differences
between corresponding DC val uesintwo successive DC frames. Equation (8) definesthe
value of the neural network input for the jth element of the training/test set, wherenis
the number of DC termsinaDC frame.
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Figure 3. Structure of the first proposed neural network for shot boundary detection,
assuming an input MPEG video dimension of 320x240

Input layer

Hidden layer

Input 1

Output layer

Cut (1)
No cut (-1)

Input 1200

Input(j)=i|DCi(j)—DCi(j+1)| 8)

Thelast considered network structureisillustrated in Figure 5 and employsthree
input nodes. Each one of them accepts input as the previous architecture, but for DC
framedifferencel (difference betweenjandj+1), I+1, and |+2 respectively. Theinputs
to this structure are formulated in equations (9), (10), and (11) respectively.

n-1

Inputs(j) = Y |DCi(j) — DCi(j +1) (9)
i=0
n-1

Inputz(j) = > |DCi(j +1) — DCi(j +2) (10)
i=0
n-1

Inputs(j) = > |DCi(j +2) - DCi(j +3) (11)
i=0
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Figure4. Structure of the second proposed neural network for shot boundary detection
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Theactual differenceamong thethree architecturesisthe dimension of the pattern
space presented to the network in order for it tolearn therequired classification task. In
thefirst case ,the dimension of the pattern spaceisvery large (it depends upon theinput
MPEG dimension); thisimpliescomplex network and longer training and recall time. In
the other two architectures, the input dimension is small (1 and 3, respectively). Our
evaluation of these three architectures yields the following remarks:

. The dependence of the first architecture upon the dimension of the input MPEG
clip results in presenting a difficult problem that has a very large input space
dimension to the network.

. Thelargeinput space dimension entails the use of complex networksthat require
aconsiderable amount of processing power to betrained or used inretrieving the
embedded mapping information.

. Large and complex neural networks usually face difficulties to converge to
acceptabletraining error levels.

. Evenin caseswhere acomplex network managesto converge, the performance of
their recall phases is almost the same as the performance of other architectures.

. Both the second and the third structures are simple networks, and there is no
noticeable difference in the performance of their test phases.

Dueto all of the above remarks, we opt to employ the second structure, which is
by far thesimplest and most efficient one, aswill beillustrated inthenext section. Totrain
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Figure5. Structure of the third proposed neural network for shot boundary detection
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the neural network, we use a modified version of the back-propagation algorithm

proposed in Rumelhart, Hinton, & Williams, 1986); this proposed algorithm works as
follows:

o Determinethesizeof thenetwork to betrained. Thisincludesthe number of hidden
layers and the number of neuronsin each layer.

. Determine the type of the activation function. In our case, we use the bipolar
sigmoid activation function defined in equation (12).

2
fX)=———-1
9 1+exp(-4x) (12
Where

A: The slope, steepness coefficient, of the activation function.

i Determine the values of the training set and its size.

i Determine the values of the momentum back-propagation algorithm parameters.
These are the learning rate (h) and the momentum coefficient (a).

i Randomly initialize all weightsand thresholds.
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Present the first element of the training set to the network and initialize an error
accumulator (E=0.0).

Calculate the actual output of each neuron in all layers using equation (13).

Yoi = f(iwm) (13)

Where

Y, Output of nodej in any layer in response to presenting pattern p.
W The weight-connecting node i in the previous layer to nodej in thislayer.
X Output of nodei in the previous layer.

f: The bipolar sigmoid activation function defined in equation (12).
n: The number of nodes in the previous layer.

Use the responses of each layer as inputs to the next layer.

Accumulate the error due to the actual output of each neuron in the output layer
using equation (14).

E= E+%(dpk—0pk)2 (14)

Where

dpk: Desired output of node k at the output layer in response to input pattern p.
0, Actual output of node k at the output layer in response to input pattern p.

Calculate the error signal at any nodej for a pattern p using equation (15) for the
output layer and equation (16) for hidden layer(s).

B =2 AL~ 0% ) (U - 0n) (15)

l K
& =5 M- 0y, );&)kvvw (16)

Where

6. Theerror signal at node x as aresult of presenting pattern p.

W, The weight connecting node j in this layer to node k in the next layer.
K: The number of the neuronsin the next layer.
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Table 2. Neural network and back-propagation algorithm parameters used in training
and testing

# of input #of hidden | #of nodesineach [ K n o A
nodes layers hidden layer
structure 1 4 1 0.4-0.8 0.2-04 10
dependent

i Adapt each layer weights using equation (17).
Wi (t + D= wii(t) + 10pi0p + cAWii(t) (17)
Where
Avvji(t): Weight adaptation at timet.

i For all of theremaining elementsinthetraining set, go and repeat execution starting
fromequation (13).
i If E < Emax, then store the connection weights, then exit, otherwise proceed.

i If the number of iterations exceeds amaximum value, stop declaring convergence
failure, otherwise initialize the error accumulator (E=0.0) and repeat execution
starting from equation (13).

To perform the recall phase of the network, a similar algorithm to the one just
described is used, but without any weight adaptation. Instead, the resulting weights
produced during the training phase will be used to cal culate the output of the network
in the feedforward direction viaequation (13).

To determine proper values for the parameters of the back-propagation algorithm
and the neural network, many combinationsof different valueshave beentestedin order
to select those that give better results. These parameters include the number of hidden
layers, number of neurons in each hidden layer, the learning rate, the momentum
coefficient, the slope of the sigmoid function, and the number of nodes at the input and
the output layers. Table 2 shows the best values obtained for these parameters out of
our experimentations.

EXPERIMENTAL RESULTS

Atfirst, thenetwork istrained using acombination of twovideoclips. Thefirstclip
isasoccer match video that has one cut, while the second oneisawrestling clip that has
two cuts. The network learned the classification task quickly and stored the mapping
between theinputsand outputsinto its connection weights. In spite of the small training
set used, the convergence behavior of the network was very good, as shown in Figure.
6, which depictsthe learning error throughout the course of the training phase. The Y -
axisof Figure 6 hasalogarithmic scaleto illustrate the rapid decay in learning error as
training cycleincreases. The next step istotest the generalization of the network during
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Figure 6. Error value throughout the neural network training phase
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therecall phase. Many video clips (about 60) from various situations have been used in
the testing phase. The results were very good in that the network was able to detect
almost all cuts in these clips although they had never been presented to the network
before. Table3 showsshot boundary detection resultsfor twelveclipsfrom our database.

Atthispoint, someanalysisof therobustnessof the obtained resultsisworthwhile.
Consider thefirst clipin TABLE 33, the soccer video, where theframedifference graph
forthisclipisshowninFigure. 77. Thisclip hasadimension of 352x288 with 171 frames.
Therearetwo cutsat Indexes 9 and 58, assuming thefirst frame differenceindex isO. It
can be observed from the graph that the two cuts are distinguished as two high peaks
but, at the same time, there are anumber of local peaks with comparable heightsto the
two cuts, for example, theoneat 65. Theselocal high peaksare theresults of fast object
motion in addition to fast panning of the camera. Many algorithmsthat use threshold to
detect shot boundary will be fooled by these False Alarms (FASs). Moreover, other

Table 3. Shot boundary detection results for various video genres

Video name # of frames # of cuts # of detected False darms
cuts

soccer 171 2 2 0
racing-boats 263 4 4 1
action-movie 178 2 2 0
carton 331 8 8 0
celebration 457 1- (5 1-(4) 0
comedy 655 4 4 0
ads 759 10 10 0
class 2793 6 6 0
news-cast 2321 20 20 2
conf-discussion 4783 19 19 0
documentary 5094 41 35 2
tv-show 6139 72 72 0
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algorithmsthat usedifferent rules of thumb, such asthe cut peak should betwiceaslarge
asany surrounding peak (Yeo & Liu, 1995b), will misstheactual cut duetothepresence
of these local peaks. The robustness of our algorithm is evident in that particular clip
where it detects only the two cuts and discards all false alarms.

Takefrom Table3thecelebration clip asanother examplewhereFigure8illustrates
theframedifferencefor suchaclip. Thisclip hasadimension of 320x240with 457 frames.
Thereisonly onecut at 78, assuming thefirst frameindex is0. Thiscut isobservable as
thefirst high peak in Figure8, theframedifferencediagram. Thereareal sofivehigh peaks
inthediagramat 99, 137, 162, 187, and 268; actually each oneof these peaksistwo adjacent
peaks, for instance, thereareal most two similar-value peaksat 99 and 100. Duetothelarge
difference in lighting incurred by the occurrence of a flashlight, the frame difference
diagram will have two consecutive large peaks of almost the same value for each
occurrence. Thesepeaksareaproperty intheframedifferencediagramthat indicatesthe
presence of flashlights at these points; hence, we use this property to detect their
occurrences.

The detection performance observed from investigating Table 3isvery good. All
cuts have been detected except in the documentary clip that has a lot of lighting
variations that causes some misses. FAs are minimal; they happen in the racing-boats
clipwherealarge object occupiesthewhol e scene, andinthe newscast and documentary
videoswhere dissolve-liketransitions are incorrectly detected as cuts. Four flashlights
out of fivearedetected in the celebration clip because of theweakness of the missed one.
Based on theresultsin Table 3 the overall detection percent is almost 97%, with 2.6%
false alarms. These detection rates outperform the reported results of other proposed
methodsfor detecting shot boundaries(Hanjalic & Zhang, 1999; L ee, Kim, & Choi, 2000).
Moreover, we use various types of videos, and most of the used clips contain very fast
camerawork or object motion. Other algorithms fail under these fast motions; on the
contrary, ours performs very well in all these situations.

A longer list of the segmentation results we obtained by applying the proposed
algorithm to other video clipsin our databaseisgivenin Table 4. These results support

Figure 7. Frame difference graph for the soccer match
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Figure 8. Frame difference graph for the celebration clip
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the effectiveness of the proposed technique and its generalization ability even when
applied to wider range of video data with different contents and characteristics.

To evaluate the efficiency of our system, we compare its performance with other
systems proposed by different researchers. Leeet al. (2000) compared the performance
of three techniques to detect shot boundaries, and they called them DC, FB, and PM,

Table 4. Detailed shot boundary detection results for various video clips

Video name Dimension # of # of cuts (at positions) # of Fase
frames detected alarms
cuts
news-cast 160x120 2321 20 20 (same) 2
tv-show 160x120 6139 72 72 (same) 0
smg-npa-3 160x120 1115 16 16 (same) 0
srose-p2 160x120 3535 22 22 (same) 0
srose-p4 160x120 1678 10 10 (same) 0
class 176x112 2793 6 (442, 804, 1452, 1866, 6 (same) 0
2306, 2641)

adecco 176x112 273 0 0 0
conf-discussion 176x120 4783 19 19 (same) 0
enterprise 176x144 400 0 0 0
crawle 176x144 235 1(87) 1 (same) 0
dbvath-qcif 176x144 179 1(121) 1 (same) 0
hoey-v-kill 176x144 310 0 0 0
carton 304x224 331 8 8 (same) 0
v-hi 320x240 1800 2 (316, 987) 2 (same) 0
documentary 320x240 5094 41 35 2
tv-accident 320x240 5841 28 23 2
baby-f 320x240 245 0 0 0
tennisl 320x240 79 0 0 0
celebration 320x240 457 1 (5 flashes) 1 (4 flashes) 0
racing-boats 320x240 263 4 (25, 68, 142, 218) 4 (same) 1
mov0008 320x240 378 0 0 0
speed167 320x240 311 3(151, 177, 292) 3 (same) 0
sprint 320x240 479 1(210) 1 (same) 0
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Table 4. Detailed shot boundary detection results for various video clips (cont.)

Video name Dimension # of # of cuts (at positions) # of False
frames detected darms
cuts
ah6a27 320x240 253 1(68) 1 (same) 0
necktw 320x240 183 2 (46, 160) 2 (same) 0
sf-anna 320x240 1300 2 (314, 525) 2 (same) 0
corks 352x240 768 9 (68, 152, 179, 215, 462, 9 (same) 0
483, 516, 648, 675)
ads 352x240 759 10 (65, 97, 258, 407, 437, 10 (same) 0
579, 614, 650, 674)

action-movie 352x240 178 2 (51, 104) 2 (same) 0
close 352x240 751 0 0 0
hyakutake 352x240 526 0 0 0
fish 352x240 343 1 (296) 1 (same) 0
comedy 352x240 655 4 (48, 364, 500, 614) 4 (same) 0
lions 352x240 298 3 (205, 252, 278) 3 (same) 0
sq 352x240 255 0 0 0

039 352x240 1036 11 11 (same) 4 (large

objects)
Adver-sound 352x260 123 3(20, 43, 77) 3 (same) 0
04-eg4.mpg 352x288 171 2(9,58) 2 (same) 0
crawley 352x288 283 1(95 1 (same) 0
ah6adb 352x288 181 1(34) 1 (same) 0
fai2-3 352x288 253 1(193) 1 (same) 0
dbvath_cif 352x288 175 1(129) 1 (same) 0
hoey v_kill_cif 352x288 377 1(327) 1 (same) 0

respectively. The average frames/second achieved by each of these techniques (aver-
aged over four video clips) islistedin Table 5. To achieve an accurate comparison with
thedatalistedin Table5, wetried our best to performall our measurementsunder the same
conditions, such as operating system, type of the processor, and processor speed. After
that, we used our technique to measure the number of frames that can be processed in
one second for anumber of clipsfrom our database and list theresultsin Table 6. Figure
9 shows acomparison between the average efficiency of thethree methods evaluatedin
Leeetal. (2000) and the performance of our proposed technique wherethe efficiency of
our system is obvious.

Analysisof theresultsin Table 6 indicates that our system managed to achieve an
average of about 89.3 frames/sec (averaged over 12 video clips containing about 24,000
frames). This achieved speed is more than eight times faster than the fastest method to
detect shot boundary reported in TABLE 66, and the performancegabisalso evidentin
Figure9. Although our algorithm wasimplementedin JavaL anguage (Sun Microsystems,
2003), which is inherently much slower than other native programming languages, it
achieves adramatic speed up over the fastest method reported in the literature, a sound
evident of the efficiency of the proposed technique. Animportant factor that contributes
the major share to this efficiency is our novel use of the instantaneous recall phase of
the neural network to accomplish the shot boundary detection task.
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Table 5. Average speed comparison of three scene change detection methods from Lee

Abdel-Wahab

et al. (2000)
Method name Average # of clipsused
frames/sec in the average
DC 10.9 4
FB 23 4
PM 111 4

Table 6. Detection time and frames per second for some clips from our database

Video name # of frames Detection time (sec) # of frames/sec
soccer 171 7.6 22.4
racing-boats 263 6.7 39.3
action-movie 178 5.5 325
carton 331 51 64.8
celebration 457 15.3 29.9
comedy 655 18.7 35.1
ads 759 20.9 36.3
class 2793 15.5 180.3
news-cast 2321 10.6 219.3
conf-discusson 4783 23.6 202.6
documentary 5094 35.7 172.0
tv-show 6139 137.4 37.1

Figure 9. Speed comparison of different shot detection techniques

100

Average farmes/sec achieved
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CONCLUSIONS

This work introduces an efficient and robust system for detecting video scene
changes, an essential task in fully content analysis systems. The first modul e extracts
the DC sequence directly from compressed data without the need for decoding. Subse-
guently, the second module receives DC frame differences as inputs, then recalls the
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information stored into the neural network weights to determine the outputs. The
algorithm has been tested on wide varieties of video genres and proved its robustness
inamost all cases, where detection percent of 97% wasachieved with 2.6% FAs. Better
generalization of the neural network can be achieved by increasing the number of video
clipsused in thetraining phase and by varying their contents. Networksthat generalize
better provide superior performanceand widentheapplicability of our techniqueto cover
every possible video genre. Moreover, the efficiency of the developed technique has
been tested by measuring the number of frames per second that the system can process.
The test yields an average value of about 89.3 frames/second. This average value
representsadramatic increase in speed in comparison to the speed of other systemsthat
perform the same shot boundary detection task. In a nutshell, the effectiveness of the
proposed paradigm has been proven asarobust and very efficient way to identify scene
changes in compressed MPEG video streams. The proposed video detection paradigm
introduced in this chapter isthe first stage in a Video Content-based Retrieval (VCR)
system that has been designed at Old Dominion University.
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Chapter | X
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ABSTRACT

Recently, multimediainformation, especially video data, hasbeen made overwhelmingly
accessible with the rapid advances in communication and multimedia computing
technologies. Video is popular in many applications, which makes the efficient
management and retrieval of the growing amount of video information very important.
Toward suchademand, an effective video shot boundary detection method isnecessary,
which is a fundamental operation required in many multimedia applications. In this
chapter, an innovative shot boundary detection method using an unsupervised
segmentation algorithmand the technique of object tracking based on the segmentation
mask maps is presented. A series of experiments on various types of video types are
performed, and the experimental results show that our method can obtain object-level
information of the video frames as well as accurate shot boundary detection, which are
very useful for video content indexing.
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INTRODUCTION

Unliketraditional database systemsthat havetext or numerical data, amultimedia
database or information system may contain different mediasuch astext, image, audio,
andvideo. Video, in particular, hasbecomemore and more popul ar in many applications
such aseducation and training, video conferencing, video-on-demand (V OD), and news
services. The traditional way for the usersto search for certain content in avideoisto
fast-forward or rewind, which are sequential processes, making it difficult for the users
tobrowseavideo sequencedirectly based ontheir interests. Hence, it becomesimportant
to be able to organize video data and provide the visual content in compact formsin
multimediaapplications(Zabih, Miller, & Mai, 1995).

In many multimedia applications such as digital libraries and VOD, video shot
boundary detection is fundamental and must be performed prior to all other processes
(Shahraray, 1995; Zhang & Smoliar, 1994). A video shot isavideo sequencethat consists
of continuous video frames for one action, and shot boundary detection is an operation
to divide the video datainto physical video shots. Many video shot boundary detection
methods havebeen proposedintheliterature. Most of them uselow-level global features
in the matching process between two consecutive frames for shot boundary detection,
for exampl e, using theluminance pixel-wisedifference (Zhang, Kankanhalli, & Smoliar,
1993), luminance or color histogram difference (Swanberg, Shu, & Jain, 1993), edge
difference(Zabihetal., 1995), and the orientation histogram (Ngo, Pong, & Chin, 2000).
However, theselow-level featurescannot provide satisfactory resultsfor shot boundary
detection since luminance or color is sensitiveto small changes. For example, Y eo and
Liu(1995) proposed amethod that usestheluminance histogram difference of DCimages,
which is very sensitive to luminance changes. There are also approaches focusing on
the compressed video datadomain. For example, Lee, Kim, and Choi (2000) proposed a
fast scene/shot change detection method, and Hwang and Jeong (1998) proposed the
directional information retrieving method by using the discrete cosinetransform (DCT)
coefficientsin MPEG video data.

In addition, dynamic and adaptive threshold determination is also applied to
enhance the accuracy and robustness of the existing techniques in shot cuts detection
(Alattar, 1997; Gunsel, Ferman, & Tekalp, 1998; Truong, Dorai, & Venkatesh, 2000). In
Gunsel et al. (1998), theunsupervised clustering al gorithm proposed ageneric technique
that does not need threshold setting and allows multiple features to be used simulta-
neously; while an adaptive threshold determination method that reduces the artifacts
created by noise and motion in shot change detection was proposed by Truong et al.
(2000).

In this chapter, we present an innovative shot boundary detection method using
an unsupervised image-segmentation al gorithm and the obj ect-tracking techniqueon the
uncompressed video data. In our method, theimage-segmentation algorithm extractsthe
segmentation mask map of each video frame automatically, which can be deemed asthe
clustering feature map of each frame and where the pixels in each frame have been
grouped into different classes (e.g., two classes). Then the difference between the
segmentati on mask mapsof two framesischecked. Moreover, dueto camerapanning and
tilting, we propose an object-tracking method based on the segmentation results to
enhance the matching. The cost for object tracking isalmost trivial sincethe segmenta-
tion results are already available. In addition, the bounding boxes and the positions of
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the segmentswithin each frame obtai ned from the segmentation areused for our key frame
representation. In order to reduce the computational cost, we also apply the traditional
pixel-level comparison for pre-processing, in addition to segmentation and object
tracking. Thebasicideain pixel-level comparisonisto computethedifferencesinvalues
of corresponding pixels between two successive frames. One threshold is used to
determine whether the value of the corresponding pixels has changed, while another
threshold is used to measure the percentage of changed pixels between two successive
frames. If the percentage of changes exceeds some pre-defined threshol d, then anew shot
cutisdetected. Thismethodisvery simple, but thedisadvantageisthatitisvery sensitive
to object and cameramovements. To overcomeitsshortcomings, pixel-level comparison
is embedded into the techniques of object tracking and image segmentation in our
method. The advantages of our shot boundary detection method are:

1 Itisfully unsupervised, without any user interventions.

2 Thealgorithm for comparing two framesis simple and fast.

3. Theobject-level segmentation results can be further used for video indexing and
content analysis.

Webeginwith aliterature review and the motivations of the proposed framework.
Then the unsupervised image-segmentation and object-tracking techniques are intro-
duced. After that, our experimental results are presented, and the future trends are
discussed. Finally, abrief conclusion is given.

BACKGROUND

In this section, the existing approaches for video shot detection and their relative
advantages and disadvantages are discussed. Video segmentation is the first step for
automaticindexing of digital videofor browsing andretrieval. Thegoal isto separatethe
video into a set of shotsthat can be used as the basis for video indexing and browsing.
Most of the algorithms process uncompressed video data, while some of them operate
directly on the compressed video data.

A survey onvideo indexing and video segmentation in uncompressed datadomain
was presented by Gargi, Kasturi, and Antani (1998). The shot boundary detection
algorithmsin the uncompressed domain process uncompressed video, and asimilarity
measure between successiveframesisdefined (Nagasaka& Tanaka, 1995; Zhanget al.,
1993). L ots of the approaches use pixel-level comparison to computethedifferencesin
values of corresponding pixels between two successive frames; however, it is very
sensitive to object and camera movements. In our method, pixel-level comparison is
embedded into the techniques of object tracking and image segmentation in order to
overcomeitsshortcomingsand to reduce the computation cost. Other kinds of compari-
son techniques used in the uncompressed domain are block-wise comparison and
histogram-based comparison. Block-wise comparison reduces the sensitivity to object
and camera movements by utilizing the local characteristics (e.g., mean and variance
intensity values) of theblocks. Inthiskind of approach, eachframeisdividedinto several
blocksthat are compared with their corresponding blocksinthe successiveframe. If the
number of changed blocks exceeds some threshold, then a shot cut is detected. This
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method ismorerobust, butitisstill sensitiveto fast object movement or camerapanning.
Moreover, it is also highly possible to introduce an incorrect matching between two
blocksthat have the same mean and variance values but with totally different contents,
due to the fact that the mean and variance values of a block are not good enough to
represent theblock’ scharacteristics(Xiong & Lee, 1998). In our method, theideaof block
matchingispartially adoptedintheobject-trackingtechnique. Instead of dividingaframe
into fixed size of blocks absolutely, an innovative image-segmentation method is
employedto cluster thepixelsinaframeinto multipleclasses(normally two classes) and
obtain the segments (blocks). These segments (blocks) are then tracked and matched
between two successive frames. On the other hand, histogram-based comparison is
based on the premise that since the object moving between two successive frames is
relatively small, there will not be a big difference between their histograms. It is more
robust to small rotationsand slow variations (Pass& Zahib, 1999; Swain, 1993). However,
two successive frames may have similar histograms but with different contents.

Inthe compressed domain, there areal so many shot boundary detection algorithms,
especially inthe MPEG format. It issuitablefor video shot boundary detection because
the encoded video stream already contains many features, including the DCT coeffi-
cients, motion vectors, etc. Arman, Hsu, and Chiu (1993) use the DCT coefficients of |
framesasthesimilarity measure between successiveframes; whilethedc-imagesare used
to compare successiveframes, wherethe(i,j) pixel value of the DC-imageistheaverage
valueof the(i,j) block of theimage (Y eo & Liu, 1995). Hwang and Jeong (1998) utilized
the changes of directional information in the DCT domain to detect the shot breaks
automatically. The DCT coefficient-based method was further improved by Lee et al.
(2000), who used the binary edge maps as arepresentation of the key frames so that two
framescould then be compared by cal cul ating acorrel ation between their edge maps. Its
advantageisthat it givesdirectly the edgeinformation such asorientation, strength, and
offset from the DCT coefficients, and its disadvantage is similar to all the compressed
domain-based methods, that is, sensitivity to different video compressing formats.

PROPOSED SHOT BOUNDARY
DETECTION METHOD

Inthissection, wefirst explain how the unsupervised segmentation algorithm and
object tracking work, and then provide the steps of the shot change detection method
based on the discussion.

Segmentation Information Extraction

In this chapter, we use an unsupervised segmentation algorithm to partition the
video frames. First, the concepts of a class and a segment should be clarified. A class
ischaracterized by astatistical descriptionand consistsof all theregionsinavideoframe
that follow this description; a segment is an instance of aclass. In this algorithm, the
partition and the class parameters are treated as random variables. Thisisillustrated in
Figure 1. Thelight gray areas and dark gray areasin the right segmentation-mask map
represent two different classes respectively. Considering thelight gray class, there are
atotal of four segmentswithinthisclass(the CDs, for example). Noticethat each segment
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Figurel. Examplesof classesand segments(Theoriginal video frameisontheleft, and
the segmentation mask map of the left frame is on the right.)

is bounded by a bounding box and has a centroid, which are the results of segment
extraction. The details of segment extraction will be discussed in alater section.

The method for partitioning a video frame starts with a random partition and
employsaniterative algorithm to estimate the partition and the class parametersjointly
(Chen, Sista, Shyu, & Kashyap, 1999, 2000; Chen, Shyu, & Kashyap, 2000). Theintuition
for using an iterative way is that a given class description determines a partition and,
similarly, agiven partition givesriseto aclassdescription. So the partition and theclass
parameters have to be estimated iteratively and simultaneously from the data.

Suppose there are two classes — classl and class2. L et the partition variable be
c={c,,c,}, andtheclassesbe parameterized by ={6,, 8,} . Also, supposeall the pixel
values Y, (intheimage data Y) belonging to classk (k=1,2) are put into avector Y,. Each
row of thematrix ® isgivenby (1,1, ], ij) and a_isthevector of parameters(a,,, ..., ;)"

Y= 8 oyl a,]+agl V(i) ye ¢ @)
Y, = da, (2
4, =(@ ®)"d'Y, (3)

Thebest partitionisestimated asthat which maximizestheaposteriori probability
(MAP) of the partition variable given theimage data Y. Now, the MAP estimates of
c={c,c}andO ={0,6,} aregiven by

(6,0) = Arg max P(c,6|Y)

= Arg r(rg%))( P(Y|c,0)P(c,0) (4

LetJ(c,0) bethefunctional to beminimized. With theabove assumptions, thisjoint
estimation can be simplified to thefollowing form:

(€,0) = ArgminJ(c,,c,,6,,6,) (5)
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J(Cl,C2,91,92)= Z —In pl(yij ;91)+ Z_In pz(yij ;92) (6)

Vi€t Yij€C,

Thus, the problem of segmentati on becomesthe problem of simultaneously estimat-
ing the class partition and the parameter for each class. With regard to the parameter
estimation, we can use equation (3) to directly compute the parameter for each assigned
set of class labels without any numerical optimization methods. For the class partition

estimation, weassignpixel y, totheclassthat givesthelowest val ueof —Inp,(y; 16,) .
Thedecision ruleis:

y; € G if =In Py (Y;) < =Inp,(y;) (7)

y; € €, otherwise (8)

Just asshowninFigure 2, thealgorithm startswith an arbitrary partition of the data
in the first video frame and computes the corresponding class parameters. Using these
class parameters and the data, a new partition is estimated. Both the partition and the
classparametersareiteratively refined until thereisno further changein them. Wenote
herethat thefunctional Jisnot convex. Hence, itsminimization may yield alocal minimum,
which guarantees the convergence of this iterative algorithm. Since the successive
frames do not differ much due to the high temporal sampling rate, the partitions of
adjacent frames do not differ significantly. The key idea is then to use the method
successively on each frameof thevideo, incorporating the partition of the previousframe
astheinitial conditionwhile partitioning the current frame, which can greatly reducethe
computing cost.

We should point out that the SPCPE algorithm could not only simultaneously
estimate the partition and class parameters, but al so estimate the appropriate number of

Figure 2. Flowchart of SPCPE algorithm

Preliminary Class
Assignment

}

Parameter
Estimation

}

Partition
Estimation

STOP if
NO change
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the classes in the mean time by some easy extension of the algorithm. Moreover, it can
handle multiple classes rather than two. In our experiment, we just use two classes in
segmentation since two classes are efficient and good enough for our purpose in this
applicationdomain.

Object Tracking

Thefirst step for object tracking is to identify the segmentsin each classin each
frame. Then the bounding box and the centroid point for that ssgment are obtained. For
example, Figure 3(b) showsthe segmentati on mask mapsof thevideo sequencein Figure
3(a). Inthisfigure, the player, soccer ball, and the signboard belong to Class 2 whilethe
ground belongsto Class 1. Asshown in Figure 3(b), the segments corresponding to the
ball, player, and signboard are bounded by their minimal bounding boxesand represented
by their centroid points.

Line Merging Algorithm (LMA) for Extracting Segments
Unlikethetraditional way to do segment extraction such asthe seeding and region
growing method used by Sistaand Kashyap (1999), weuseacomputationally simpleand
fast method called a line merging algorithm (LMA) to extract the segments from the
segmented frames. The basic idea is to scan the segmented frame either row-wise or
column-wise. If the number of rows(columns) islessthan the number of columns(rows),
then row-wise (column-wise) is used respectively. For example, as shown in Figure 4,
suppose the pixelswith value ‘1’ represent the segment we want to extract; we scan the
segmented framerow by row. By scanning thefirst row, wegettwolinesandlet eachline
represent a new segment so that we have two segments at the beginning. In scanning
Rows 2to 4, we mergethe new linesin each row with thelinesin previousrowsto form
the group of lines for each segment. At Row 5, we get one line and find out that it can
bemerged with both of thetwo segments, which meanswemust mergethetwo previously
obtained segments to form a new segment, so that now we have only one big segment.

Figure3. Object tracking: (a) Example of video sequence; (b) Segmentation mask maps
and bounding boxes for (a)

(b)
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Figure 4. Segmentation mask map
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Similarly, at Row 8, two lines belong to the same segment because they can be merged
with the samelinein Row 7.

The pseudo codes for the line merging algorithm (LMA) arelisted in Algorithm 1
and Algorithm 2.

Algorithm 1.

Algorithm: GetSegments(V, i, A[i])-> to get the new lines of each row.

V: theinput vector of segmented frame of row ‘i’;
‘i’: the current row we are scanning;
Ali]: alist to store the segments.

GetSegments(V, i, A[i])

1) Number_of_segments=-1;
2) Segment D[col/2]; /* D isthe temporary variable to store the line segments
inrow i. Themaximal size of D is col/2. */
3) forj from 1to col
4) ifV[jl==1
5) if j == 1/* if thefirst line segment is at the beginning of the current row,
add it to array D and increase the number of line segments. */

6) number_of _segments++;

7) D[number_of_segments].data = data; /* data containsthei and j values*/
8) elseif V[j-1] == 0/* detect anew line segment and add it to array D */

9) number_of_segments++;

10) D[number_of_segments].data = data;

11) else D[number_of_segments|.data += data;
/* collect all the pixels belonging to the same line segment together. */
12) endif;
13) endif;
14) for k from 0 to number_of_segments/* copy the line segmentsin D to the
data structure in A[i]. */
15) A[i].Add(D[K]);
16) end for;
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Algorithm 2.

Algorithm: GetBoundingBox(m[row][col])=> to combine A[i] and A[i-1] by checking each linein A[i] and A[i-1] and
combining those lines which belong to the same segment.
m([row][col]: the input matrix of segmented frame of size row by column.

GetBoundingBox(m[row][col])

1) number_of_objects=0; /* initially there is zero object identified. */
2) for k1 from 1 to row
3) GetSegments(m[k1][col], k1, A[k1]) /* get the line segmentsin
current row*/
4) for k2 from 1to A[k1].size
/* between the current row and the previous row, check and merge the
corresponding line segments in them which belong to the same object
to one big segment. */

5) for k3 from 1 to A[k1-1].size

6) if Segment Sk1in A[k1] N Segment Sk2 in A[k1-1] != null
7) combine Sk1 and Sk2 into one segment

8) end for

9) end for

10) end for

Compared with the seeding and region growing method, the proposed algorithm
extractsall the segments and their bounding boxes aswell astheir centroids within one
scanning process, while the seeding and region growing method needsto scan theinput
data for an indeterminate number of times depending on the layout of the segmentsin
the frame. Moreover, the proposed algorithm needs much less space than the seeding
and region growing method.

The next step for object tracking isto connect the related segments in successive
frames. Theideaisto connect two segmentsthat are spatially the closest in the adjacent
frames (Sista & Kashyap, 1999). In other words, the Euclidean distances between the
centroids of the segmentsin adjacent frames are used asthe criteriato track therelated
segments. In addition, size restriction should be employed in determining the related
segments in successive frames.

Infact, the proposed object-tracking method can be called a*“ block-motion track-
ing” method sinceitisan extension of the macrobl ock-matching technique usedin motion
estimation (Furht, Smoliar, & Zhang, 1995; Gall, 1991) between successiveframes. The
proposed object- tracking method is based on the segmentation results and goes much
further than the macrobl ock- matching technique because it can choose the appropriate
macrobl ocks (segments) within aspecific frameby segmentation and track their motions
instead of fixed-size and pre-determinate macroblocks.

Shot Boundary Detection M ethod

Our method combinesthree main techniquestogether: segmentation, object track-
ing, and the traditional pixel-level comparison method. In the traditional pixel-level
comparison approach, the gray-scal e values of the pixelsat the corresponding locations
in two successive frames are subtracted, and the absol ute value is used as ameasure of
dissimilarity between the pixel values. If thisvalue exceedsacertain threshold, then the
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Figure 5. Flowchart of the proposed shot boundary detection method
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pixel gray scaleissaidto have changed. The percentage of the pixelsthat have changed
is the measure of dissimilarity between the frames. This approach is computationally
simplebut sensitiveto digitalization noise, illumination changes, and the object moving.
Ontheother hand, the proposed segmentation and obj ect- tracking techniquesare much
less sensitiveto the above factors. In our method, we use the pixel-level comparison for
pre-processing. By applying astrict threshold for the percentage of changed pixels, we
want to make sure that we will not introduce any incorrect shot cuts that are identified
by pixel-level comparison by fault. Theadvantageto combining the pixel-level compari-
sonisthatit canalleviatethe cost of computation becauseof itssimplicity. In other word,
we apply the segmentation and object-tracking techniques only when it is necessary.

Figure 5 shows the flowchart of the proposed shot boundary detection. The steps
aregiveninthefollowing:
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1  Dothepixel-level comparison betweenthecurrently processed video frameandthe
immediate preceding frame (seechart boxes1and 2in Figure5). Letthepercentage
of change be change_percent and check thisvariable (chart box 3). If the current
frameisnot identified as a shot cut, which means that change percent<d o then
go on to process the next video frame (chart box 1). Otherwise go to step 2 (chart
box 4).

2 If change percent>d y (chart box 4), the current frameisidentified as a shot cut.
Gotostep 1 and processthe next frame (chart box 1). Otherwise goto step 3 (chart
box 5).

3. Do the segmentation on the previous frame only if the previous frame has never
been segmented (chart box 5). If the previous frame has been segmented before,
weonly need to obtai nits segmentation mask map directly. Then do segmentation
onthe current frame (chart box 6). Get the current and the previous segmentation
mask maps for these two frames. Let the variable cur_map represent the current
segmentation mask map’ s value and variable pre_map represent the value of the
previous segmentation mask map. Note that the variables cur_map and pre_map
can be deemed as two matrices. Go to step 4 (chart box 7).

4. diff=]cur_map-pre_map |; wherethevariablediff isthe point-to-point subtraction
between two successive segmentation mask maps.
diff_num = the number of elementsin diff which are nonzero;
diff_percent = diff_num/ (total number of elements in diff); where the variable
diff_percent isthe percentage of changes between the two successive segmenta-
tion mask maps.

Goto step 5 (chart box 8).
5. Check thevariablediff _percent (chart box 8).
If diff_percent < Low_Th,
Not shot boundary. Go to step 1 and process the next frame (chart box 1).
Else
If Low_Th, < diff_percent < Low_Th, and change_percent<d o /I chart box 9
Not shot boundary. Go to step 1 and process the next frame (chart box 1).
Else
Do object tracking betweenthecurrent frameand the previousframe. Let variable
A bethe total area of those segmentsin the previous frame that cannot find out
their corresponding segmentsin the current frame; // chart boxes 10, 11
If (A/the areaof the frame)<Area_thresh // chart box 12
Not shot boundary. Go to step 1 and process the next frame (chart box 1).
Else
The current frame is identified as shot cut.
Go to step 1 and process the next frame (chart box 1).
Endif;
Endif;
Endif;
(Here, dph, dpl, dpm, Low_Th, and Low_Th, are threshold values for variables
change percent and diff_percent that are derived from the experiential values.)
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Table 1. Video data used for experiments

Name Type Ng:nal?neresof Shot Cuts
Newsl News 731 19
News2 News 1262 26
News3 News 4225 90
Labwork Documentary 495 15
Robert MTV 885 26
Carglass Commercia 1294 29
Aussie2g2 Sports 511 19
Flol Sports 385 8
Flo2 Sports 406 10
AligolSA Sports 418 11

EXPERIMENTAL RESULTS

We have performed a series of experiments on various video types such asthe TV
newsyvideos (in MPEG-1 format) that include FOX 25 LIVENEWS, ABC 7 NEWSand
WNBC NEWS. Other video typesused in our experimentincludethemusic M TV video,
documentary video, and sports video such asthe soccer game. The average size of each
frameinthe samplevideo clipsis 180 rowsand 240 columns. All the MPEG video clips
aredownloaded fromthe URL slisted inthe Appendix. Table 1 givesthe statistics of all
the video clips used. The experimental results demonstrate the effectiveness of the
proposed shot boundary detection algorithm. Next, wewill see how the proposed method
detects the different types of shot boundaries that cannot be correctly identified by the
traditional pixel-level comparison method.

Case 1. Camera Panning and Tilting

Figure 6 gives an example of the camera panning while tilting. Figure 6(a) isthe
original video sequence, and Figure 6(b) isthe corresponding segmentati on mask maps
for (a). Inthiscase, thepixel-level comparisonwill identify too many incorrect shot cuts
sincethe “objects” in the shot move and turn from one frame to another. But aswe can
see from Figure 6, the segmentation mask maps can still represent the contents of the
videoframesvery well. Sincethe segmentation mask mapsarebinary data, itisvery simple
and fast to compare the two mask maps of the successive frames. Moreover, by
combining the object-tracking method, most of the segment movements can be tracked
so that we know that there is no major shot boundary if the segmentsin two successive
frames can be tracked and matched well according to the object-tracking method
mentioned in Section 2.2.
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Figure 6. An example of a video sequence for camera panning and tilting: (a) the
temporal order of the sequence is from the top-left to the right-bottom; (b) the
corresponding segmentation mask maps for the video sequence shown in (a)

Case 2. Zoom In and Zoom Out

Figure 7 givesan exampl e of avideo sequenceof camerazooming out. Similarly, we
also apply the combination of the segmentation and object tracking to identify this
sequence as a single shot.

Case 3. Fade In and Fade Out

Figure 8 gives an example of avideo sequence for shots fading out. We still can
identify thisvideo sequence as one shot (the shot cut ismarked by dotted border in Figure 8).
Thisis agood example to show that the proposed segmentation, together with object-
tracking technique, is not sensitive to luminance changes.

InFigure9, afancier example of avideo sequenceisgivento show theeffectiveness
of the proposed method. Inthisexample, oneshot isfadingin, whileanother shotisfading
out continuously. By applying the proposed method, this sequenceisdivided into three
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Figure 7. An example of a video sequence of zooming out: (a) thetemporal order of the
sequence is from the top-left to the right-bottom; (b) the corresponding segmentation
mask maps for the video sequence shown in (a)

Figure 8. An example of a video sequence of fading in (the frame with dotted border is
shot cut detected by the proposed method)

Figure 9. An example of a video sequence of continuously transforming from one shot
to another shot (the frames with dotted borders are shot cuts detected by the proposed
method)
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different shots, and the identified shot cuts are marked by dotted borders as shown in
Figure 9. Thefirst shot and the third shot are clearly and correctly identified, whilethe
second shot cut represents the intermediate transforming process from the first shot to
thethird shot. In our experiments, thiskind of video sequencescan bedividedinto either
two or three shots. In case of two shots, theintermediate transforming sequence belongs
to either the previous shot or the following shot.

Theperformanceisgivenintermsof precisionandrecall parameters. N_meansthe
number of correct shot boundary detections, N. means the number of incorrect shot
boundary detections, and N,, means the number of missed shot detections.

. N
precision =
Nc + Ng
recall - Ne
N¢ + Ny,

The summary of the proposed method is shown in Table 2 and Figure 10 viathe
precision andrecall parameters. In our experiments, therecall and the precision values
are both above ninety percent. Our results are comparable to other techniques such as
the PM methodinLeeetal. (2000) and DC methodinY eoand Liu (1995). Moreover, the
recall results seem very stable and promising because most of therecall resultsare 100
percent. The DC method is very sensitive to luminance and color change, but the
proposed method is not. As seen in Table 2, the precision values for sports and
commercial videosarealittlelower (but still above 90 percent) than other types of videos
because there are | ots of fast movements and fancy transformation between successive
frames. Asmentioned before, the method of using low-level featuresisvery sensitiveto

Table 2. Precision and Recall Parameters

Computation

Name Type Precision Recall Reduce by Pixel-

level Comparison
Newsl News 0.95 1.00 2%
News2 News 0.96 0.96 75%
News3 News 0.98 1.00 80%
Labwork Documentary 0.94 1.00 80%
Robert MTV 0.96 1.000 70%
Carglass Commercial 0.933 1.000 60%
Aussie2g2 Sports 0.950 1.000 70%
Flol Sports 0.889 1.000 60%
Flo2 Sports 0.909 1.000 67%
Aligol SA Sports 0.910 1.000 53%
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Figure10. Averageresultsof parameter s Precision and Recall for different typesof video
clips (News, MTV, Documentary, Commercial and Sports)
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0.91 -
0.9 4
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News MTV Docu Sport Comm
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News MTV Docu Sport Comm

luminance and color change, but our segmentation-based method is not. One thing that
should be mentioned hereisthat evenitisefficient to simply compare the segmentation
mask maps, the employment of the object-tracking technique is very useful in case of
camerapanning and tilting. It helpsto reduce the number of incorrectly identified shot
cuts. Another thing isthat by combining the pixel-level comparison, the number of the
video framesthat need to do segmentation and object tracking isgreatly reduced. Ascan
beseenfrom Table2, the percentage of thereduced framesthat do not need segmentation
and object tracking is between fifty percent and eighty percent.

Moreover, the process produces not only the shot cuts, but also the object-level
segmentation results. Each detected shot cut is selected as a key frame and has been
model ed by thefeatures of its segments such asthe bounding boxesand centroids. Based
on this information, we can further structure the video content using some existing
multimedia semantic model such as the multimedia augmented transition network
(MATN) model (Chen, Shyu, & Kashyap, 2000).
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FUTURE TRENDS

Video shot segmentation is the first step towards automatic annotation and

indexing of digital videofor efficient browsingandretrieval. Itisan activeareaof research
combining thetechniquesfromimage processing, computer vision, patternrecognition,
etc. Somelimitations of the existing work, that imply the future trends, are summarized
asfollows:

1

Distinguish gradual transitions from object and camera motions: While early
work focused on shot cut detection, more recent work tries to deal with gradual
transition detection. However, although many existing algorithmscan confirmthe
existence of gradual transitions, they still have difficulties in recognizing the
different types of gradual transitions due to the following three reasons: (a) the
increasing varieties in gradual transition styles; (b) the similar temporal change
patterns between gradual transitions and camera/object motions; and (c) the
existence of long transitions in which the differences between frames decreases
when the transition length increases. In addition to transition detection, the
recognition of camera motion is another important issue in video segmentation.
Further improvement to these issues can be achieved by combining multi-modal
information such asaudio and text (closed captioned) i nformation. M oreover, since
one single technique cannot capture all the rich information of a video, an
integrated approach combining multiple techniques is a possible and practical
solution to this problem.

Benchmark video sequences and evaluation criteria: It is critical to develop a
unified evaluation criteria and benchmarks for video segmentation and video
database management systems that allows the evaluation and comparison of
various techniques. The benchmark video sequences should contain various
types of videos including enough representatives of different types of object
motions, cameraoperations, and gradual transitions. The evaluation criterianeed
to be quantified and take into consideration the special requirements of specific
applicationdomains.

Adjust thethresholds automatically: Sincethere are many thresholdsinvolvedin
video shot boundary detection methods, especially in those methods combining
several techniques, how to adjust the thresholds automatically with respect to
different characteristics of different video sequences is a big challenge. The
development of the methods that can automatically adjust the thresholds by the
self-learning processis desired.

Independence of specific video formats: Almost all of the “real-time” video shot
boundary detection methods are conducted in compressed-domain, especially in
the M PEG format. Some embedded parameters, such asthe DC coefficients, canbe
directly used for shot boundary detection suchthat theeffort of decodingthevideo
datacan bereduced. However, thiskind of methods are highly encoder-dependent
in that different types of compressed video data (MPEG, Real Player, etc.) need
different techniques for video parsing and shot detection even though they
containthe samecontent. A format-independent techniqueismoredesirablewhen
considering the fast emergence of new compressed video formats.
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CONCLUSIONS

In this chapter, an innovative video shot boundary detection method is presented.
Our shot boundary detection method uses the unsupervised segmentation algorithm,
object-tracking technique, and amatching processthat comparesthe segmentati on mask
maps between two successive video frames. The unsupervised segmentation algorithm
isappliedto automatically extract thesignificant objects(or regions) of interestsand the
segmentati on mask maps of each video frame. The object-tracking techniqueisemployed
asacomplement to handlethesituations of camerapanning andtilting without any extra
overhead. Experiments on various different types of sample MPEG-1 video clipswere
performed. The experimental results show that, unlike other methods that use the low-
level features of the video frames, our method is not sensitive to the small changesin
luminance or color. Also, our method has high precision and recall values. Most
importantly, our method can obtain object-level information of the video frames and
accurate shot boundary detection, which are very useful for video content indexing.
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APPENDI X
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URL2. http://hsh.baylor.edu/courses/Kayworth/fun_stuff/
URL3. Cincinnati Dockers, www.cincinnatidockers.com
URL4. www.mormino.net/videos/index.php3
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Chapter X

A Soft-Decision Histogram
from the HSV Color Space
for Video Shot Detection
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ABSTRACT

In this chapter, we describe a histogram with soft decision using the Hue, Saturation,
Intensity Value (HSV) color space for effective detection of video shot boundaries. In
the histogram, we choose the relative importance of hue and intensity depending on
the saturation of each pixel. In traditional histograms, each pixel contributesto only
one component of the histogram. However, we suggest a soft-decision approach in
which each pixel contributes to two components of the histogram. We have done a
detailed study of the various frame-to-frame distance measures using the proposed
histogram and an Red, Green, Blue (RGB) histogram for video shot detection. The
results show that the new histogram has a better shot-detection performance for each
of the distance measures. A Web-based application has been developed for video
retrieval, which is freely accessible to interested users.

INTRODUCTION

A shotisacontinuous sequence of frames captured from the same camerainavideo
(Hampapur, Jain, & Weymouth, 1994; Nagasaka& Tanaka, 1992). Shot detectionisthe
process of identifying changesin the scene content of avideo sequence. Shot detection
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isfundamental to any kind of video retrieval application since it enables segmentation
of avideo into its basic components. There are different types of shots, including hard
cut, dissolve, and wipe (Patel & Sethi, 1997; Shahraray, 1995). Hard cut isan instanta-
neous transition from one scene to the next. A dissolve is a transition from one scene
toanother inwhich framesfromthefirst scenegradually mergewiththeframesfromthe
second scene. This is achieved by making a slow transition between a scene and a
constant image (fade-out) or between a constant image and a scene (fade-in). Wipeis
another common scenebreak inwhich alinemovesacrossthe screen, with the new scene
appearing behind the line.

Ahanger and Little (1996) provideasurvey of thefield of videoindexing. Boreczky
and Rowe (1996) compared five different indexing algorithms, namely, theglobal histo-
gram, region histogram, global histogram using twin-comparisonthreshol ding, motion-
compensated pixel difference, and DCT-coefficient difference with respect to shot-
change detection. The histograms are generated from grayscale images. Their data set
consists of 233 minutes of motion-JPEG video of various types digitized in 320X 240
resolution at 30 frames/s. Some manual tuning is done to find suitable ranges of
thresholds to generate the operating curves.

Dailianas, Allen, and England (1995) compared algorithms based on histogram
differencing, momentinvariants, pixel-value changesand edge detection. Lienhart (1998)
alsodid acritical evaluation of the different shot boundary detection algorithms. Gargi,
Kasturi, and Strayer (1996), and Gargi,, Kasturi, Strayer, and Antari (2000) compared
algorithms based on histograms and M PEG algorithms. They showed that performance
of the histogram-based algorithmsis better than that of the other various approachesto
shot detection.

Inthischapter, we describe anovel method of histogram generation from the Hue,
Saturation, Intensity Value (HSV) -color space and study its performance in the shot
boundary detection problem.

BACKGROUND

Analysis of the HSV Color Space

A three-dimensional representation of the HSV color spaceisahexacone (Shapiro
& Stockman, 2001), where the central vertical axis represents intensity, I. Hue, H, is
defined asan anglein therange[0,2p] relativeto thered axiswith red at angle 0, green
at 2p/3, blue at 4p/3 and red again at 2p. Saturation, S, isthe depth or purity of color and
ismeasured asaradial distance from the central axiswith value between 0 at the center
to 1 at the outer surface. For S=0, asone moves higher along theintensity axis, one goes
from Black to White through various shades of gray. On the other hand, for a given
intensity and hue, if the saturation is changed from 0 to 1, the perceived color changes
from a shade of gray to the most pure form of the color represented by its hue. When
saturationisnear 0, all pixels, evenwith different hues, ook alikeand asweincreasethe
saturation towards 1, they tend to get separated out and are visually perceived as the
true colors represented by their hues.

For low values of saturation, we can approximate acolor by agray value specified
by theintensity level, whilefor high saturation, the col or can be approximated by itshue
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(Sural, Qian, & Pramanik, 2002). The saturation threshol d that determinesthistransition
isonce again dependent on theintensity. For low intensities, even for ahigh saturation,
acolorisclosetothegray valueand viceversa. Saturation givesan ideaabout the depth
of color, and thehuman eyeislesssensitivetoitsvariation comparedto variationin hue
or intensity. We, therefore, use the saturation value of a pixel to determine whether the
hueor theintensity ismore pertinent to human visual perception of the color of that pixel
and ignore the actual value of the saturation.

We would like to emphasize the fact that our approach treats the pixels as a
distribution of “colors” inanimagewhereapixel may beof a“gray color” (i.e., somewhere
between black and white, bothinclusive) or of a“truecolor” (i.e., somewhereinthered>
green->blue>red spectrum). These visual properties of the HSV space as described
above are central to our method of histogram generation for video shot detection. By
doing this, we are able to capture both color and intensity information in the same
histogram. This makes our histogram more suitable for video shot detection compared
to other existing methods.

Video Shot Detection

A video consists of a number of scenesthat in turnisalogical grouping of shots
into a semantic unit. A shot includes a number of frames that are the individual
consecutive images captured from the same camera. The structural relation between a
video, scenes, shots, and frames is shown in Figure 1.

Sinceacompletevideoinitsbasicformisjust acollectionof individual frames, we
needtoidentify thegroup of adjacent framesthat are captured by the same camerahaving
temporal proximity. This group of adjacent frames captured using the same camerais
called ashot. Evidently, detection of individual shotsisaprimary requirementinvideo
processing. The effectiveness of the subsequent steps is critically dependent on the
success of the shot detection step.

Shot-detection algorithms can be classified according to the features used for
processing into uncompressed and compressed domain algorithms (Kuo & Chen, 2000;
Lienhart, 1998; Yeo & Liu, 1995). Algorithms in the uncompressed domain utilize
information directly fromthe spatial video domain. Onthe other hand, algorithmsinthe
compressed domain extract shot boundary information from the transformed frequency
coefficients stored in the compressed video files.

Pixel comparison, which is also called template matching, was introduced to
evaluate the differences in intensity or color values of corresponding pixels in two
successive frames (Hampapaur et al., 1994). The main drawback of thismethod isthat it

Figure 1. Structural relation between video, scene, shot and frame

| | Video
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00000000 0000 Shots
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is very sensitive to object and camera movements and noises. In the block-based
approaches, each frameisdivided into anumber of blocksthat are compared against their
counterparts in the successive frames. Obviously, this approach provides a better
toleranceto slow and small motionsbetween frames. Theframe-based approach summa-
rizesthewholeframeinto one measure and comparesthiswith the sasme measurefor the
next frame(Patel & Sethi, 1997).

To further reduce the sensitivity to object and cameramovement and thus provide
amorerobust shot detectiontechnique, histogram comparison wasintroduced (Shahraray,
1995). A histogram of aframeis calculated as the frequencies of pixel occurrences of
similar color in agiven color space. Histograms do not depend on the spatial layout of
picture but are dependent only on the pixel frequencies.

In the edge-detection method, aframeisturned into a grayscale image. An edge-
detection algorithm isthen applied to that image, and the difference valueis calculated
for two adjacent frames. If the difference is above a certain threshold, a shot changeis
detected at that frame position.

Yeo and Liu (1995) proposed an initial method for compressed domain shot
detection using a sequence of reduced images extracted from DC coefficients in the
transformation domain called the DC sequence. An interesting approach was also
proposed by L ee, Kim, and Choi (2000), wherethey exploited information fromthefirst
few AC coefficients in the transformation domain and tracked binary edge maps to
segment thevideo. Themacrobl ock-based approach workson compressed MPEG digital
video (Pei & Chou, 2002). Inan MPEG video, theframeissplitintofixed regionscalled
macroblocks. Thethreetypesof macroblocks-arel, B, and P macroblocks. | macroblock
isencoded independently of other macroblocks. P encodesnot the region but the motion
vector and the error block of the previous frame. B isthe same as above except that the
motion vector and error block are encoded from the previous or the next frame.

COLOR HISTOGRAM GENERATION
WITH SOFT DECISION

Color is considered an important feature of any image and many content-based
imageretrieval systems make effective use of image color (Deng, Manjunath, Kenney,
Moore, & Shin, 2001; Gevers& Smeulders, 2000; Smeulders, Worring, Santini, Gupta, &
Jain, 2000; Wang, Li, & Wiederhold, 2001). A standard way of generating a color
histogram from an image isto concatenate “N” higher order bits of the Red, Green and
Bluevaluesinthe RGB space (Swain & Ballard, 1991). Itisalso possibleto generatethree
separate histograms, onefor each channel, and to concatenate theminto one as proposed
by JainandVailaya(1996). Inthe QBIC system (Niblack et al., 1993), each axisof theRGB
color spaceisquantizedin apredefined number “K” of levels, giving acolor space of K3
cells. After computing the center of each cell inthe Mathematical Transform of Munsell
(MTM) coordinates, aclustering procedurepartitionsthe spacein super-cells. Theimage
histogram representsthe normalized count of pixelsfallingineach super-cell. Ortegaet
al. (1998) have used the HS co-ordinatesto form atwo-dimensional histogram from the
HSV color space. The H and Sdimensionsare divided into N and M bins, respectively,
for atotal of NxM bins.
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In contrast to the above methods, we generate a one-dimensional histogram from
theHSV spaceinwhichaperceptually smooth transition of color isobtainedinthefeature
vector. In the proposed histogram, each pixel in an image contributes weighted values
of itshueand intensity based onitssaturation. The generated histogram consistsof “true
color” components and “gray color” components, which store contributions from the
hueandtheintensity of each pixel. Earlier, we proposed ahistogram with ahard-decision
threshold to determineif we should increment the count of a“true color” component or
a“gray color” componentinthehistogramfor each pixel (Sural, Qian, & Pramanik, 2002).
However, thismethod does not compl etely model human perception of boundary colors
near the saturation threshold.

Asanexample, if thevalue of thresholdis0.2, apixel having asaturation of 0.19is
considered a“gray color” pixel. Thismay bethe correct representation for some human
observers, but for othersthepixel could visually appear tobea“truecolor” pixel. Inorder
to capture thisfuzzy nature of the human perception of color, wefelt the need for a soft
decisionindeterminingthedominant property of apixel. Inour current work, we update
two components of the histogram — one “true color” component and one “gray color”
component for each pixel in an image. The quantum of update, i.e., weight of each
component, isdetermined by the saturation and theintensity of the pixel. The sum of the
weights of the two contributions equal s unity. Also, for the same saturation, the weight
should vary with intensity. For a lower intensity value, the same value of saturation
should givealower weight onthe“truecolor” component and viceversa. Toincorporate
dependency of thewei ght function on the saturation and intensity, we makeit afunction
w,(S,1) of two variables, Sand I, that should satisfy the following properties:

. w,(She [01]

i ForS,>S, w, (S,1)>w,(S,.I1)

i Forl >1,w,(S1)>w,(S]I,)

i w,(S,1) changes slowly with Sfor high values of |
i w,(S,1) changes sharply with Sfor low values of |

To satisfy the above constraints, we consider the following function to determine
the weight of the hue components.

;
r(255/1)'t
S forl #0

Wa(S1= 0 forl=0 @

Herer, r, e [0,1]. We have done extensive studies on the possible combination of
thetwo parametersof Eq. (1). Theprecision of retrieval inacontent-basedimageretrieval
application is plotted in Figure 2 for a number of r and r1 values. It is seen that a
combination of r=0.1and r, = 0.85 hasthe best representation of the fuzzy nature of the
human perception of the three dimensionsinthe HSV color space. We, therefore, chose
thesevaluesof randr, inour system. Thehistogramwith soft decisionfromthe HSV color
space presented here is denoted by HSV SD in the rest of the chapter.
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Figure 2. Variation of precision for the HSVSD histogram with the two parameters
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The weight of the intensity component w,(S,1) is then derived as:

w (S1)=1-w,(SI) (2

Thus, for agivenpixel, after wedetermineitsH, S, and | values, wecal culatethe* true
color” weight and the “gray color” weight to update the histogram. The “true color”
components in the histogram may be considered circularly arranged, since hue ranges
from 0 to 2w, both the end points being red. The histogram, thus, may be represented as
alogical combination of two independent vectors. Thealgorithm for generating the color
histogram (Hist) can now be written as shown below.
For each pixel intheimage

Read the RGB value
Convert RGB to Hue(H), Saturation(S) and Intensity VValue(l)

Determinew, (S,1) andw,(S,1) using Egs. D-2

Update histogram as follows:
Hist[Round(H.MULT_FCTR)] =Hist[Round(H.MULT_FCTR)] +w,(S)I)

Hist[N, +Round(I/DIV_FCTR)]=Hist[N, +Round(I/DIV_FCTR)] +W,(S,!)

Intheabovealgorithm MULT_FCTR and DIV_FCTR determine the quanti zation
levels of the “true color” components and the “gray color” components, respectively.
N, isthe total number of “true color” components and is given by:

N, =Round (2pMULT_FCTR) +1.
Histogram Distance Measures for Shot Detection
Wehaveeval uated thefoll owing measuresfor determining frame-to-framedistance

during shot boundary detection:

a  Bin-to-Bindifference(BTB). Giventwo histogramsh, and h,, thebin-to-bin method
isused to calculate frame-to-frame difference asfollows:
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1
fa ()= N 20 Infil-nil] €

where N isthe number of pixelsin each frame.

b.  Chi-squaretest histogramdifference (CHI). The histogram bin difference values
are normalized to sharpen the frame differences being computed. The authorsin
Gargi et al. (2000) justify thisto maketheeval uation valuemorestrongly reflect the
difference of two frames. The distance is defined as follows.

[, [iT - h,[i]|
fdy= 72 2 hgl forhfili=o
[ [iT-h,[iT|
N2 2 h [|] for h2[|] =0 (4)

c.  Histogramlntersection (INT) distance. Theintersectionand corresponding frame
difference between two color histograms are defined as follows:

> min(h[i],h,[i1)
intersection (h,,h,)= N %)

(h,,h,)=1- intersection(h,,h,) (6)

|nt

d. We also use a Vector Cosine Angle Distance (VCAD) measure for calculating
frame-to-framedifference. Thisdistanceisdefined asfollows.

4 = h eh, @)
=~ [yl |

Here h e h, represents dot product of h, and h, while ||h,| represents norm of the
histogram h,.

Local and Global Selection of Threshold for Shot

Detection

In the histogram-based shot detection approach, if the histogram difference
between two adjacent frames is greater than a threshold value, a shot transition is
detected at theframeposition. The problem of choosing an appropriatethresholdisakey
issue in such shot detection algorithms. If the threshold valueis high, then the number
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of missed boundaries will be high and the number of false positive shotsislow. If the
threshold valueislow, thenthe number of missed boundariesislow but thefal sepositive
shotsare high. Heuristically chosen fixed global threshold is often found to beinappro-
priate because experiments have shown that the threshold for determining a shot
boundary varies from one video to another video. Threshold shot boundary values are
often dependent on the type of video, such as commercials, movies, news, sports, etc.
Therefore, we feel that an adaptive threshold sel ection method is more reasonabl e than
afixed global threshold. Hence, in our histogram-based algorithm, we use an adaptive
thresholding framework. Weusetwo typesof thresholds, namely, theglobal and thelocal
threshold. In global threshold, only one threshold value is chosen for an entire video.
On the other hand, in local threshold selection, we change the threshold depending on
the nature of the adjacent frames in a portion of the video.

We use aglobal adaptive threshold for evaluating the performance of histogram-
based shot detection using the HSV color histogram with soft decision.

The adaptive global threshold value is determined as follows:

L et d(m,m+1) denotethedistance betweentheframesmand m+1and N bethetotal
number of framesin the video. We cal culate the adaptive threshold by comparing N
number of frame-to-frame distanceswhere

N =KN; ke (0,1) k being atunable parameter. (8)

LettheN _ number of frame-to-framedistancevaluesbewritteninthe descending
order asd, d,, ..., d ... Then the adaptive threshold is calcul ated as:

7~ Nmax

Here p isafactor that depends on the histogram type and the inter-frame distance
measure chosen. The value of p is different for Bin-to-bin, Chi-square, VCAD, and
intersection distance measures for RGB and HSV SD histograms.

__P

max

Web-based Video Retrieval System

In order to perform and demonstrate large-scale studies on content-based video
retrieval, we have developed a Web-based multimedia application (http://
www.imagedb.iitkgp.ernet.in/video/) asshown in Figure 3. In this section, we describe
some of the important components of the application.

Video Shot Detection and Key Frame Extraction

We have performed extensive experiments with the proposed HSV-based color
histogram with soft decision and an RGB histogram for video shot detection. We have
used all the four distance measures discussed in the previous section for comparison.
TheHSV histogram showsthebest performancewiththe histogram intersection distance
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Figure 3. Web-based video retrieval system
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measure. In the Web-based video retrieval application, we, therefore, use an HSV SD
histogram along with histogram i ntersection asthe distance measure for shot detection.
For all the available M PEG images, shots are detected using a combination of local and
global thresholding. Key frames are then extracted from the detected shots. The key
framesof all the shotsfor all the video filesform a database of representativeimagesin
our video database.

Query Specification

A query inthe application is specified by an exampleimage as shown in Figure 4.
Initially, arandom set of 20 imagesisdisplayed. Refreshing the page onthe Web browser
displays a new set of 20 random images. The number of images to be retrieved and

Figure 4. Display of random images for query specification

7] Bremn
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Figure 5. Result set display in the Web-based video retrieval system

displayed isselected asan input parameter. Thus, instead of 20, we can display 10 or 30
random images at atime. Users can select any of the displayed images as the example
imageby clicking onit.

Display of Result Set

The nearest neighbor result set isretrieved from the video database based on the
clicked query image and is displayed as shown in Figure 5. The distance value from the
guery imageis printed below eachimage. Theretrieval process considersthe parameter
values selected in the options boxes for the number of nearest neighbors, type of
histogram, and the distance metric.

HistogramDisplay

One of the objectives of our research is to study the properties of different color
histogramsand how they affect shot boundary detection for avariety of distancemetrics.
To get an insight into this aspect, we made a provision for displaying the histograms.
The“Histogram” hyper link ontheresult page displaysall theretrieved histograms. On
each of these result set histograms, we also display the query image histogram for
effective comparison.

Shot Playback

Oncethe set of similar imagesisdisplayed to the user, the corresponding shot may
beplayed by clicking on alink available at the bottom of eachimage. The shotisplayed
on a custom video player that opens on anew HTML page. On this page, we provide
buttonsto play the next shot, thepreviousshot, or theentirevideo MPEGfile, alongwith
a play/pause button and a status bar. The video player applet playing a shot is shown
inFigure®.
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Figure 6. Custom media player running retrieved shots in the Web-based video
retrieval system
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External Video Upload

Usersareofteninterestedinretrieving videoimagessimilar to their owninput video
frames. Tofacilitatethis, weprovideautility to upload an external videofileinour system.
We perform shot detection and key frame extraction from the uploaded video. The key
framesare displayed aspossible exampleimages. By clicking on any of them, weretrieve
and display similar images to the user. The users can then play the corresponding shot
or the entire video on the Web page. They can also retrieve further similar images.

The Web-based application can be freely accessed by interested readers to check
the quality of shot detection, speed of retrieval, and similarity search.

Results

We compare the performance of our shot detection method with a standard RGB
histogram approach for all the four distance measures described above. The tests are
performed on 20 MPEG videos with the current total number of frames = 59,499
(approximately 33 minutes of video). The correct total number of shotsin these videos
is940. Theresults are shown in Figures 7(a)-(d). In these figures, we have plotted the
variationin precision for different values of recall for the two histograms using each of
the four distance measures. Here Recall and Precision are defined as follows:

NoOfTrueShotsDetected
Recall = =4t aINoOf Tr ueShots
N NoOfTrueShotsDetected
Precision = T INoOfShotsDetected
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It is observed that the performance of the proposed HSV-based shot detection
algorithm is better than the RGB-based method. It is also observed that bin-to-bin and
histogram- intersection methodshaveasimilar performance. Chi-square-based distance
has a performance worse than those two methods, while the V CAD-based method has
the worst performance. As we try to achieve higher recall by increasing the decision
threshold so that all the true shot boundaries are correctly detected, a higher number of
false positives (transitions that are not true shot boundaries but are detected as shot
boundaries) areal so encountered. Thisresultsinalower valueof precision. Conversely,
if the threshold for determining shot boundariesis increased so that we can reduce the
false positives, some of the true shot boundaries are missed resulting in alower value
of recall.

InFigures8(a)-(d), weplot theeffect of variationinrecall with precision for thefour
distance measures separately. It is seen that for all values of recall and precision
combination the HSVSD histogram has a higher precision and recall than the RGB
histogram. Further, we seethat thedifferencein performanceismore pronounced for the
histogram intersection and the bin-to-bin distance.

DIRECTIONS FOR FUTURE RESEARCH

Video data management and information retrieval is an exciting and challenging
research area. Researchers from many related fields are contributing to improve the
current state-of-the-art. A lot of new areas of research in thisfield are also coming up.
In this section, we suggest some of the research directions that can be considered as
direct extensions of the work described in this chapter.

Wehaveeval uated the performance of ashot-change detection method with anovel
color histogram generated fromthe HSV color space using soft decision. The histogram
represents visual perception of color more closely than the other existing methods. In
order to do an objective comparison of performance, we used four distance measuresand
showed how the recall and precision vary for the proposed histogram and a histogram
generated from the RGB color space. Since the proposed histogram had a better shot
detection performance, we are extending our research to the compressed domain. Inthis
approach, the histogram will be generated directly from the MPEG compressed domain
to improve the speed of operation. Some of the research groups across the world have
started looking into the area of such compressed domain processing.

Some of the other promising research directionsin shot detection include the use
of entropy (Cernekova, Nikou, & Pitas, 2002), use of linear prediction of motion (Bruno
& Pellerin, 2002) and temporal slices(Ngo, Pong, & Zhang, 2002). Withthenew MPEG
standards coming up that includeinformation storage at different layers such as object,
text, audio, etc., one can explorethe possibility of amulti-modal approach to video shot
detection. Thisapproach wouldtry to capture shot boundariesfrom each of the different
modes and use arule to combine them for final decision making.

Besides the detection of the hard cuts, another research area is exploring the
methods of determining the edit cuts such as wipe, fade in, and fade out (Pei & Chou,
2002). Most of the video shot-detection methods do not perform well in the presence of
such edit cuts, even though their hard-cut detection performance is quite good. There
isalot of scope for research in the field of such edit-cut detection.
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Figure 7. Precision of the RGB and the HSV histograms for different frame-to-frame
distance measures (recall values are (a) 85% (b) 90% (c) 95% and (d) 100%)
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Figure 8. Variation of recall with precision for the RGB and the HSV histograms for
different frame-to-frame distance measures ((a) Bin-to-Bin distance (b) Chi-square
distance (c) Histogram intersection, and (d) Vector cosine angle distance)
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With the development of efficient and robust algorithms for video processing, a
number of new application areas are al so emerging. Thisincludes video shot detection
insurveillance systems, newsand sportsvideo segmentation, medical video processing,
and others. Model- based system development satisfying the requirements of such
applications is expected to dominate the field of research on video processing.

CONCLUSIONS

In this chapter, we have discussed video shot boundary detection methods using
histograms and various distance measures. A new color histogram has been proposed
that is generated from the HSV color space using a novel soft-decision approach. The
performance of the color histogram hasbeen compared to astandard col or histogramfor
four different distance measures. The new histogram has been found to have a better
performance in identifying shot boundaries compared to the traditional histogram.
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We have developed a Web-based video shot detection and retrieval application
that isavailable free for use. One of the key features of this application isthe ability of
the usersto load their own video clippings which will be processed by our application
for shot boundary detectionand subsequent retrieval of imagessimilar tothekey frames.
The application has been devel oped using a modular approach so that once other shot
boundary-detection algorithmsareimplemented, we can seamlessly integratetheminto
the existing system.

In order to make our Web-based application more useful, we are in the process of
addingalargenumber of MPEGfilesto our systemto haveat | east afew thousand minutes
of video availablefor retrieval.
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Chapter XI

News Video | ndexing
and Abstraction by

Specific Visual Cues:
M SC and News Caption
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ABSTRACT

This chapter addresses the tasks of providing the semantic structure and generating
the abstraction of content in broadcast news. Based on extraction of two specific visual
cues, Main Speaker Close-Up (MSC) and news caption, a hierarchy of newsvideo index
is automatically constructed for efficient accessto multi-level contents. In addition, a
unique MSC-based video abstraction is proposed to help satisfy the need for news
preview and key-person highlighting. Experiments on news clips from MPEG-7 video
content sets yield encouraging results that prove the efficiency of our video indexing
and abstraction scheme.

INTRODUCTION

Along with the fast devel opment and wide application of multimediatechnology,
digital videolibrariesand archivesof immensesizearebecoming available over networks.
How to efficiently access video content has become crucially important due to the so-
called “Information Explosion.” However, because of the great |ength and rich content
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of video data, finding ways to ensure the quick grasping of aglobal picture of the data
or effectiveretrieval of pertinent information isnot an easy task. Thischallenge hasled
to the increasingly active research on the subject of Content-Based Video Retrieval
(CBVR). So far, although considerable progress has been made in video analysis,
representation, browsing and retrieval, which arefundamental techniquesfor accessing
video content, auniversal solutionfor high-level analysisisstill very difficultto achieve.
Researchershave been focusing on specific applications utilizing domain knowledgein
video programs such as sports, movies, commercial advertisements, and news broad-
casts. Since the temporal syntax of news video is generally very straight, some prior
knowledge of broadcast news, as well as a number of specific visual cues would help
identify the content structure.

Theearlier related work focused on newsvideo story parsing based on well-defined
temporal structuresinnewsvideo (Furht, Smoliar, & Zhang, 1995). Withtheprogressin
machine vision and image analysis techniques, several news video parsing tools and
systems have been developed. Most of these proposed approaches allow automatic or
semi-automatic parsing and annotation of news video for many kinds of applications,
such asinteractive news navigation, content-based retrieval and required news brows-
ing. A few worksalong thisline make use of theinformation from asingle medium, such
as visual cues (Rui, 1999; Yeung & Yeo, 1996), linguistic cues (Huang, Liu, &
Rosenberg,1999), and text information (Greiff, Morgan, Fish, Richards, & Kundu, 2001,
Sato, Kanade, Hughes, & Smith, 1999). Others consider integrating cuesfrom different
media to achieve more robust and precise content structuring and indexing results
(Boykin& Merlino, 1999; Faudemay, Durand, Seyrat, & Tondre, 1998; Hanjalic, Kakes,
Lagendijk, & Biemond, 2001; Jasinschi, Dimitrova, McGee, Agnihotri, Zimmerman, & Li,
2001; Qi,, Gu, Jiang, Chen, & Zhang, 2000; Raaijmakers, deHartog, & Baan, 2002; Zhang
& Kuo, 1999). Despite of some reported progress in the literature, lots of difficulties
remain in the construction of semantic structure. In addition, a unified framework to
represent pertinent informationfrom video dataconcisely and efficiently isstill lacking.
Besides, acompact representation of avideo sequence— avideo abstract— can provide
aquick overview of the content. Whilethe need for newsvideo abstractionisstrong, how
to acquire an efficient feasible abstraction remains far from being solved.

Inthischapter, theaboveproblemswill beaddressed. First, ahierarchical structure
for newscontentindexingisproposed. Somenovel techniques, including speaker close-
up detection and caption localization invideo stream, arethen gathered together into this
framework tofacilitate efficient video browsing and retrieval. I n contrast to some other
structures, the one proposed in this chapter exploits only high-level visual cuessuch as
anchors, captions, and news icons that are particular to the context of broadcast news.
Not only are more semantic hintsgiven by these specific visual cuesthanlow-level ones
(e.g., color and texture of image), but the proposed scheme al so puts enough emphasis
on the logical continuity of adjacent content units to accomplish meaningful results.
Finally, based onthehierarchical structure and atable of constructed speaker close-ups,
a multi-level abstraction in the key persons phase is provided to fulfill the needs for
specific human-pertinent overview.

The rest of this chapter is organized as follows:
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i Background
i Shot Boundary Detection,
i Anchorperson Detection,
*  VideoOCR,
i Video Representation and Abstracting;
i Main Thrust of the Chapter
i Hierarchical Structurefor News Content Indexing,
i Main Speaker Close-Up (M SC) Shot Detection,
i News Caption Detection,
i Integrated Analysis Using Two Visual Cues,
i Video Representation and Abstraction by Selective M SCs,
i Experimental Resultsand Evaluation;
. Future Trends;
. Conclusion.

BACKGROUND

A general CBVR system consists of four essential modules: video analysis, video
representation, video browsing, and videoretrieval. Video analysisdeal swith thesignal
processing and analysis of the video, involving shot boundary detection, key frame
extraction, etc. Video representation is concerned with the structure of the video. An
exampleof avideo representationishbased onthehierarchical tree-structured model (Rui,
Huang, & Mehrotra, 1998). Built ontop of thevideo representation, video browsing deals
with how to use the representation structure to help viewers browse the video content.
Finally, video retrieval is concerned with retrieving interesting video objects. The
relationship among these four modulesisillustrated in Figure 1 (Rui & Huang, 2000).

In order to achieve these goals oriented by above directions, certain features
including visual, acoustic, and textual features need to be extracted from video dataand
appropriately utilized to guide our determination at different stages of processing. As
video’ sprimary distinctionfrom speech and text information, visual information under-
standably plays an important role in the analysis process. Statistical visual features,

Figure 1. Relationships among the four research areas
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involving frame difference and camera motion, are traditionally used to solve primary
problems, such as shot boundary detection (Furht et al., 1995) and key frame extraction
(Zhang, Low, Smoliar, & Wu, 1995), without regard to actual content invideo. Notethat
in the particular area of news video processing, knowledge about anchorpersons, news
headlines, and news icons provides special visual cues. These cues are content-based
and genre-specific, basically possessing semantic hints useful in content indexing and
abstraction. In the following, some key topics of the related research are briefly
discussed.

Shot Boundary Detection

It is not efficient to process a video clip as a whole. So it is beneficial to first
decomposethevideo clipinto shots (ashot denotesasingle, uninterrupted cameratake)
and then work at the shot level. Consequently, the video parsing process usually starts
with astep for shot boundary detection. Shot segmentationisnow awell-known problem
for which many solutions based on low-level features are available, such as histogram,
pixel and other statistics-based methods, aswell as recent work based on clustering and
post filtering. In many cases, good results can be obtained (Gao & Tang, 2002; Garqji,
Kasturi, & Strayer, 2000; O’ Toole, Smeaton, Murphy, & Marlow, 1999).

In this chapter we assume that, prior to the news video indexing and abstracting
process, a news sequence has already been segmented into video shots that reasonably
serve as elementary unitsto index the whole video clip.

Anchor person Detection

As addressed above, physical camera shots are minimum unitsthat constitute the
video structure. However, some semantic content units, such as conceptions of news
item and newsstory, areneeded for effectivenewsbrowsing and retrieval. Inthisregard,
high-level, content-based features have to be chosen and employed to enable reliable
newsitem parsing. With the observation of generic newsvideo programs, it can befound
that each semantic independent news item is typically composed of an anchorperson
shot followed by relevant news footage. In the majority of cases, anchorperson shots
simply consist of astatic background (usually in the studio) and the foreground person
who reads the news. Therefore, detecting anchorperson shots from video clips plays a
key rolein newsitem parsing.

Most of the existing anchorperson-detection methods are based on the model-
matching strategy (Avrithis, Tsapatsoulis, & Kollias, 2000; Faudemay et al., 1998; Furht
etal., 1995; Hanjalic, Lagendijk, & Biemond, 1998, 1999). Someothersuseshot- clustering
approaches(Ariki & Saito, 1996; Gao & Tang, 2002; O’ Connor etal., 2001; Qi et al ., 2000).
In Lu and Zhang (2002), the detection of anchor segments is carried out by text-
independent speaker-recognition techniques. Normally, a priori knowledge based on
periodicity and repetition of the appearances of anchorperson, aswell assomeheuristics
inthecontext, areexploited to makethe detection processeasier and faster (Ariki & Saito,
1996; Hanjalic, Langendijk, & Biemond, 1999; O’ Connor et al., 2001). Asshown by several
detectionresultsinthoseexperiments, thereare often afew fal se positives, withinwhich
some similar “talking heads” (e.g., anchors, reporters, interviewees, or lecturers) show
up but definitely have nothing to do with anchors. They are not easily wiped off in the
processfor thegreat similarity, whatever thresholdsor parametersaretuned. With these

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of ldea Group Inc. is prohibited.



258 Jiang & Zhang

incorrect newsitem partitions, other components of videoindexing becomesignificantly
less useful.

Inthischapter, weaimto solvethisprobleminathree-passapproach. First, all kinds
of focused “talking heads” in the center of the frame, defined here asthe Main Speaker
Close-Up (M SC) shots, are detected by motion analysisin the shot. Second, aclustering
algorithm based on visual features is applied to construct a table of human groups.
Finally, theanchor groupisdistinguished from othersby some specifictemporal features
related to domain knowledge, the validity of whichisprovenin statistical experimental
data. Sincethewholeprocessof detectionisdividedintosmall stepsfrom approximation
to precision, low complexity isrequired at each step. In addition, with aclear intention
of extracting anchor shotsfrom all the potential ones, it turns out to be more effective.
Furthermore, those M SCscollectedinthetablegivecluesto an overview of theimportant
persons involved in news programs.

Video OCR

Toextract semantic content information from newsisachallenging task. Oneof the
most direct waysto achievethis purposeisto extract text (e.g., captions, movie credits,
dialogues, etc.) from newsvideo. Sincetextisanimportant information sourceand gives
high-level semantic content clues if correctly recognized, it is useful for news story
parsing and classification. As widely studied and used, extracting textual information
directly from image sequencesis often referred to asvideo OCR. There are mainly two
stepsinvideo OCR: text extraction and text recognition. Generally, image enhancement
and segmentation methods are first employed to enable text area detection. Then a
conventional OCR engineisappliedtothedetected areaand recognized text information.
Theformer stepiscrucial here and many research workson related problems have been
reported. A lot of methods are based on edge detection and multi-frame integration
approaches (Qi et al., 2000; Sato et al., 1998). In addition, natural language processing
(NLP) technologiesare used to perform automated categorization of news stories based
onthetext obtained. Inthiscase, pre-defined categoriesare set empirically (Qi etal ., 2000)
or by statistical analysisfrom other media, e.g., auditory information (Faudemay et al .,
1998).

In this chapter, instead of discussing the capture of all kinds of text appearing in
newsprogramgenerically, wejust focuson oneof themost familiar and distinctivetextual
information: news captions emerging at the bottom of frame. With a few spatial and
temporal restrictions, amuch simplified detection algorithmisdesigned. Theadvantage
of this caption-detection algorithm is that enough useful information can be extracted
conveniently to help modify main speaker clustering and index the human group table.

Video Representation and Abstraction

The target of all the video parsing approaches isto provide users with the ability
toretrieveinformation from broadcast news programsin asemantically meaningful way
at different levels, so constructing ahierarchical structureisprobably the most effective
approach. To generate this hierarchy, data processing in two directions hasto be done.
One direction is coarse to fine: hierarchically segmenting the given datainto smaller
retrievable data units; the other isfineto coarse: hierarchically grouping different units
into larger yet meaningful categories (Huang et al., 1999). So far, many proposed
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frameworks(Faudemay, etal., 1998; Furht et al.,1995; Huang et al ., 1999; O’ Connor et al.,
2001; Qi et al., 2000; Rui et al., 1998) are organized with several levels of video units,
including terminologieslikevideo shots, video scenes, video groups, video objects, and
so on. By using these browsing structures, users not only have a global picture of the
main idea, but also can choose to skip unconcerned units and locate video fragments of
interest. Usually, the capability to play the video highlight back and forth on selective
segments is also provided.

Among all the applications based on astructural representation, video abstraction
is an important one that best fulfills users' needs on fast news browsing. Basically,
effective browsing of anews program in a short time without losing the major content
isacommon requirement. Anideal abstraction would display only the video pertaining
toasegment’ scontent, suppressingirrelevant data. Exampl es of multimediaabstractions
includeshorttexttitles(Qi etal., 2000; Satoet al., 1998), key frames(Zhang et al ., 1995;
Zhuang, Rui, Huang, & Mehrotra, 1998), key shots(Hanjalic & Zhang, 1999), and some
integrated means(DeMenthon, Kobla, & Doermann, 1998; Pfeiffer, Lienhart, Fischer, &
Effelsberg, 1996).

Most existing related works try to obtain a concise general expression of video
content, in scope of either certain segments or the whole clip. However, our approach
in this chapter takes a different perspective. We particularly focus on all the important
talking humans captured by camera. Keeping in mind that these“VIPsinvideo” may be
of special interest to and retrieved by users, we propose a hierarchical structure with
specific annotation on shots of the VIPs and according video abstraction in the key
persons phase.

MAIN THRUST OF THE CHAPTER

Hierarchical Structure for News Content Indexing

From the many possible video representations, we chose the tree structure hierar-
chical representation in our work. Multi-level video units were created and grouped
parsing the infrastructure of news clip, as shown in Figure 2. We have rules and
assumptions based on specific visual cues of a generic news program to guide our
partition and grouping process.

A common video clip is physically made up of frames, and our video structuring
begins with identifying individual camera shots from frames. Video shots serve as
elementary unitstoindex thewholevideo clip. For theconvenienceof focusing attention
on the indexing and abstracting applications, we assume that the shot boundary
detection step hasal ready been done using someother methods (Gao & Tang, 2002; Garqi
etal., 2000; O’ Tooleet al., 1999). A higher level iscomposed of newsitems, which are
naturally semantic content unitsfor newsvideo and contain several shotseach. Mostly,
onesingleitem reports an independent event that happens around one place. Dueto the
assumption that every newsitem starts with an anchor shot, we can make the partitions
between items by anchor shot detection. Next, the newsicon that sometimes appearson
the background of anchor frame isfound to be areliable indicator of a newstopic, and
isthusemployed in our structuring. Typically, some content-related newsitems can be
seen in continuous shots led by acommon newsicon. We call them, asawhole, anews
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Figure 2. Tree-structured representation of a typical news video clip
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item-group, including consecutive newsitemsinasamefield or subject (i.e., focused on
one person). News icon extraction and grouping helps to indicate boundaries of item-
groups, and the extracted representative image gives a hint of the stories that follow.
Withthe conceptsdescribed above, ahierarchical video structurewithfivelevelsisbuilt
up: frames, shots, news items (by anchor shot), news item-groups (by newsicon), and
video clip (Figure2). In addition, the start and end of anews program are out of themain
content structure, and they may be separated by the first and last anchor shot.

Tree structure hierarchical representation is commonly found in the literature
(Faudemay et al., 1998; Furht et al ., 1995; Huang et al ., 1999; O’ Connor et al ., 2001; Qi,
2000; Rui, 1998). However, there exist two major problemsin someof theworks: First, a
few medium-levels between shot-level and news-clip-level are defined in most cases,
such asthe“scene” or “group of shots” denoting a sequence of shotswith similar visual
or audio contents. They are normally not semantic groups, but aggregations resulting
fromgroupingor clustering process(O’ Connor et al., 2001; Qi et al ., 2000), even with some
rules considering time restriction, such as time-constrained clustering (Yeung & Y eo,
1996). Second, approaches extracting high-level, genre-specific features such as
anchorpersons and news captions are provided (Ariki & Saito, 1996; Faudemay et al.,
1998; Gao & Tang, 2002; Hanjalic, Lagendijk, & Biemond, 1999; Huang et al ., 1999; Qi et
al., 2000; Satoet al., 1998), for theunreliability of low-level features. But time-consuming
computation is needed, and they infrequently bring satisfactory results due to the
complexity and variance of news sources.

In order to overcomethese drawbacks, our proposed structure iscompletely based
on specific semantic cues of news video, such as anchors and news icons. Supported
by a number of novel approaches for visual cues extraction, this content-based news
structuring processisefficient and computationally easier. In addition, the organization
of video unitsat different level sfollowstherule of temporal continuity, withonly strictly
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Figure 3. News video indexing and abstraction scheme
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time-consecutive grouping allowed. With meaningful multi-level content units, video
indexing and abstraction is enabled, as shown in the experiments | ater.

Asillustrated in Figure 3, an overall framework of our indexing and abstraction
scheme consists of several components. First, approaches for extraction of two visual
cues are applied to the video: MSC shot detection and news caption detection. Then
followsthe main step: integrated visual analysis. In thisprocess, all the MSC shots are
automatically clustered and the results arerefined according to news captions, building
up atable of human groups. Next, with anchor shot and newsicon extraction, two levels
of our hierarchical structure are formed: news item and news item-group. Finally, the
above results are gathered to enable news content indexing and abstraction in the key
person phase. The following sections are for the components of this framework.

MAIN SPEAKER CLOSE-UP (MSC)
SHOT DETECTION

Definition of MSC

As mentioned above, anchor shots are used as hypothesized starting points for
news items, but anchorperson detection is probably interfered by some other kinds of
likely talking heads, such asreporters, interviewees, and lecturers (Figure 4). One way
tosolvethisproblemistoadd afew pre-processing (Albjol, Torres, & Delp, 2002) or post-
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Figure 4. Examples of MSC
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processing (Avrithiset al., 2000) methodsto prevent the possiblefal sealarms. However,
inview of employing rather than rejecting theinterferences, we can take proper stepsto
extract visual informationfromthese“falsealarms.” Thespecial information givesclues
to video-content structuring and facilitates anchor shot identification.

Since a dominant portion of news video is occupied by human activities, human
imagesand especially those camera-focused talking headsplay animportant role. These
heads alwaysinclude the V1Ps of the whole program. Observing acommon news clips,
we can easily notice addressing heads of presidents or ministers appearing in political
news, speaking heads of pop starsor athletesin amusement or sports news, and teaching
heads of professors or instructors in scientific news, etc. Definitely, these are key
persons who would probably be of interest to users during news video browsing.
Therefore, apart from being a good hint for the existence of anchorpersons, all the
focused heads themselves serve as a good abstraction of news content in the key
persons phase. For convenience, we might aswell call the shot with such animpressive
head the Main Speaker Close-Up (MSC) shot.

With regard to that consideration, our approach starts with detecting all the MSC
shots in the video stream. Then, possible semantic analysis like person clustering and
classification is made based on different visual features. After that, an outline table of
main speakers is organized. Finally, anchor shots are distinguished from other MSCs
using temporal distribution features. Actually, other groups in the table are employed
later to facilitate human close-up indexing and retrieval.

M SC Detection by MAMS Analysis and Head-M otion-
Model Fitting

Identifying significant objects, such as human faces, text, or automobiles that
appear inthevideo frames, isone of the key componentsfor video characterization. The
detection of ahuman subject is particularly important herein order to find M SC shots.
Asitisdefined, M SC denotesaspecial scenewithasingle, focusedtalkingheadin center
of frame (Figure4), identification of whichispossibleby using anumber of humanface-
detectionalgorithms. Generally, approaches of face detectioninvideo arequite compli-
cated, with some parameters needing to be manually tuned. Given that face detectionin
astill imageisalready difficult enough, face detectioninvideoistootime-consuming for
practical application. For example, in Wang and Chang (1997), Avrithiset al. (2000), and
Tsapatsoulis, Avrithis, and Kollias, 2000), thetypical techniques proposedinvolvecol or

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of Idea Group Inc. is prohibited.



News Video Indexing and Abstraction 263

segmentation, skin color matching, and shape processing. In order to avoid these
conventional complex steps, we propose a novel detection method based on Head-
Motion-Model fitting.

In fact, we are not quite concerned about face details such as whether it has clear
outline of cheeks, noses, or chins. What gives the most important clues at this point is
whether or not it isafocused talking head in front of camerawith the potential to be an
anchorperson, rather than any meaningless object or background. In terms of this
viewpoint, skin color and face shape are not the necessary features that must be
extracted. Thus, differing from other methods based on complicated face color/shape,
model training, and matching (Avrithisetal., 2000; Hanjalicet al., 1998), we manageto
identify MSCsin avideo stream by motion analysisin a shot, with asimplified Head-
Motion-Model set. Before we begin to discuss the detail detection algorithm, some
spatial and motional features of the M SC concept defined here have been gathered and
illustrated bel ow:

1  Basically, an MSC shot [Figure 5(b)] hasrelatively lower activity than common
shots[Figure5(c)] inanewsvideo stream, but hasstronger activity than stationary
scene shots [Figure 5(a)];

2 Each MSC has a static camera perspective, and activity concentrates on asingle
dominant talking head in the center of frame, with a size and position within a
specific range;

Figure 5. Comparison of shot activity between MSC shot and others
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3. InMSC shots, the presence of atalking head isrestricted in afixed horizontal area
during one shot, with threetypical positions: Middle (M), Right (R), and Left (L),
as shown in Figure 6(a) to (d).

Sincewe havedefined M SC so broadly herewith widevariationsof size, color, and
shape, detection algorithmsbased on such features do not work well. Instead, the spatial
and motionfeaturesaddressed aboveare used in our approach. Accordingtothefeatures
(i) to (iii) mentioned above, motion analysisin ashot is sureto grasp the key points. In
fact, we need ametric that not only measuresframe dissimilarity [used for (i)], but also
reflects the motion distribution in a shot [used for (ii)], Therefore, the popular image
difference measurement — the mean absolute frame difference (MAFD — and an
alternative histogram difference measurement by three color components (Furht et al .,
1995) will not satisfy our needs. Innovatively, another shot activity measurement is
proposed here, namely, the map of average motionin shot (MAMS). TheMAM S of shot
nisdefined as:

1 M
MAMS, (x,y) = - 2N =f oy =N
i=1

i=i+v \

(1)

whereN isthetotal number of framesinshot n, i istheframeindex, vistheinterval between
two computed frames, and (X, y) are the spatial coordinates of the frame.

Actually, MAMS is amap that displays the intensity of activity in a shot and the
distribution. Thismapisthesamesizeastheoriginal frame. However, we can al so reduce
our computation and storageload by just resizing original framesto asmaller dimension
before calculation, of course with less precision. In our experiments, a compromising
dimension of ahalf-sizemapisusedandisillustratedin Figure5(d) to (f) and Figure 6(d)
to (f) (original frames also resized to give an equal 100k).

MAM S supports motion analysis both to the global screen and to somelocal parts.
A measure similar to MAFD iscomputed by the average activity of pixel in shot, which
issimply MAMS divided by the dimensions. Then, shot classification is made by this
measurement, as shot activity of M SCsshould be neither too low nor too high according
to (i). Only those shots satisfying the condition:

MAMS,
<————<
Xy

Ts Tc )

are regarded as potential M SCs and move on to the following steps, where Tsand Tc
stand for typical valuesin static scenes and common shots respectively (examples are
shownin Figure5).

After that, aHead-motion-model fitting stepistaken based onfour fixed boxes: Head
Band (dashed squaresin Figure 6), Middle Box, Right Box, Left Box (solid line squares
in Figure6), the position and size of which can be estimated by training or just empirical
setting. Sinceactivity in MAM Shasadistinct concentration on the head of main speaker
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Figure 6. Head-motion-model fitting based on MAMS

!

inMSC accordingto (ii), withnearly “blank area” intheremaining areaof theHead Band,
criteria can be set as:

MAM
(JR?,XR){(WZ Sn(xiy)}

L/M /R)Box

> MAMS, (x,Y)

(x,y)e HeadBand

>T, (3)

which meansthat aratioof MAMSinBoxesL, M, Rtothat in Head Band shoul d be higher
than athreshold T, (it is empirically set to about 0.7 in our experiments). Before this
judgment, the morphological open operation is also employed to MAMS to suppress
possible noise. In thisway, MSC shot can be determined with adominant moving head
locating remarkably in one of the three boxes at this height (Table 1).

Tosumup, our M SC-detection modul eof theoverall framework (Figure3) contains
atwo-pass filter scheme, as shown in Figure 7. A key concept throughout the process
isthe novel shot activity representation— MAMS. Unlike other researcherstaking key
framesasfeaturesof frame sequences (Faudemay etal., 1998; Gao & Tang, 2002; Hanjalic
& Zhang, 1999), we use this “motion map” to preserve more temporal information,
including activity intensity in all (as MAFD) and distribution in parts. With these
advantages, our M SC-detection method is not quite dependent on scale and without
relying heavily onlighting conditions, limited occlusion, and limited facial rotation. On
the other hand, use of afixed general-motion model hasits drawbacks— less precision
and sensitivity to noise, resulting in afew false alarms being found in experiments. In
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Table 1. Head-Motion-Model fitting results of Figure 6

0] (1 (1 (1v)

M 0.99 0.76 0.83 0.52

L 0.31 0.91 0.02 0.48

R 0.57 0.14 0.98 0.59
T (0.7) M L R None

Max {L, M, R} is marked in the shaded cells.

Figure 7. MSC shot-detection scheme
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order to acquire better results, another visual cue, news caption, istaken into consider-
ation asfollows.

NEWS CAPTION DETECTION

The distinct textual information of a news program is the headline or caption
appearing invideo, asillustrated in Figure 8. According to the content and the function
of the caption texts, most of them can be classified into two scenarios: annotation of a
news story and name of a camera-focused person (e.g., anchorpersons, reporters,
interviewees, etc.). Detection of both of them is an important way to help understand
news contents and enable content-based parsing. In our proposed scheme, the news
captionsin the latter scenario play a more useful part, asthey arerelated to M SCs that
have already been extracted. The MSC clustering results can be modified and then
indexed, based on the captions of person names.

Differing from normal printed text, news captiontext hasrelatively low resolution
and is often found on acomplex background. It isdifficult to get good detection results
only using textual features, as found by Li, Doermann, and Kia (2000), Sato, Kanade,
Hughes, Smith, and Satoh (1999), and Smith and Kanade (1997). In contrast, weuseimage
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Figure 8. Examples of news captions

L,
BALTASAR MAGHD

S

analysistechnology to detect theframesthat contain a“band-area’ of captions, andthen
video OCR technology can be appliedtotheseareasto extract text. Inour process, spatial
and temporal featuresrather than textual featuresare employed. Through agreat deal of
experimental analysis, wedetermined that the captionsappearing in newsprogram have
three distinct features:

1  The appearances of captions are generally abrupt text events (i.e., resulting in
prominent difference between frameswith and without captions), with arectangle
band-area changing significantly compared to background;

2 Newscaptions are located spatially in afixed region, generally at the bottom 1/4
field of screen;

3. Newscaptionsarelocatedtemporally inthestarting L framesof avideo shot (L < 100)
in most cases.

In order to detect frames containing the specific captions, we use the specific-
region text-detecting algorithm. Asshownin Figure9, it mainly consists of three steps.
First, MAMSisevaluatedfor thestarting L (Iet L =80inexperiment) framesof each shot.
We can decideif it hasthe potential to be the Shot with Caption (SwC) by just counting
the summation at bottom 1/4 field of screen. The SwC candidates should satisfy:

iiMAMSn(x, y) > Ty

(x,y)e Bottom%Area

(4)

where Tcap is an appropriate threshold sel ected by experiments, estimating the normal
activity of abrupt text events. Second, considering that the scattering noise may be
incorrectly taken as text events, we perform the morphological open operation, asitis
used in M SC detection. Note that a bigger rectangular template is applied here to find
rectangular band-areaof similar dimension. After thisoperation, weget thecaptionarea
and passittothe OCR module. Finally, all the SwCsand the corresponding captiontexts
are saved.

Thisisamuch simplified detection algorithm compared to those used by Li et al.
(2000), Sato et al. (1999), and Smith and Kanade (1997). It is not dependent on the
clearness of text appearing in thevideo stream or the ability of text recognition. Aslong
as a caption area emerges with the defined spatial and temporal features, it is captured
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Figure 9. News caption detection: specific-region text-detecting algorithm
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and located. This approach has robustness, especially in the case of gradual transition
and heavy noises on the background.
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INTEGRATED ANALYSIS
USING SPECIFIC VISUAL CUES

Based on the two extracted visual cues, MSC and news caption, asillustrated
inthe overall framework (Figure 3), anintegrated analysis schemeis designed, with all
steps shown in Figure 10. The following sections will describe them in detail.

MSC Clustering and Results Modified

As addressed before, the extracted MSCs serve as good abstraction of news
content inthe key persons phase. Actually, itisnot effectivefor auser to browseall the
M SCs one by oneto search for somebody in particular. We need some M SC navigation
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Load CUE2:
{swC(j) }

Figure 10. Integrated visual analysis scheme

Load CUEL:
{MSC(),L/M/R}

{MSC} Clustering

Clusters M odified

{P1},{P2}, ...

and indexing schemes. Since the same “main speaker” usually has similar appearances
(like clothes' color and body size) in many shots during one news program, hopefully
human clustering isdoneto build up an index table. With the guidance of thistable, the
retrieval of key personsis supported in an immediate way.

Our M SC clustering algorithm usescol or histogramintersection (CHI) assimilarity
metrics. Remembering that we had M SC-detection results before, the acquired head
positions (L/M/R) actually suggest three corresponding body areas, which can be also
called Left / Middle / Right body positions. Simply, we just set up three Body-Area-
Models that have the shapes shown in Figure 11. The three bodies have equal size, and
only pixelsinthese particular areas are included in CHI calculating.

As each M SC shot would contains many frames, the CHI operation is applied on
an average image of the whole shot. The similarity metric appliedis

News | con Extraction & Grouping

{lconl}, {lcon2}, ...

{A1},{A2}, ...

i min{MSC1, (Y,U V), MSC2n(Y,U V) }
Sim{MSCL MSCZ}= =

L/M/R L/IM/R H , (5)
Y MSC1i(Y,U,V)
h=1
with
I 1q
MSC = _2 2 fi (X! y)(Y!U !V), (6)
N i=l (x,y)eL/M/R
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Figure 11. Three Body-Area-Models (L/M/R)

Body Area Body Area Body Area
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where MSC1 and MSC2 areaverageimagesof two M SC shots, computed with pixelsonly
in corresponding body areas, and MSCh(Y,U,V) istheh-th bin of thecolor histogram (Y,

U, V color spaceis used here). Once the similarity Sm{MSC1, MSC2}e [0, 1] iscalcu-
lated between every two MSC shots, clustering can be done by several common
techniques(Jain & Dubes, 1988). Thefollowing schemeisjust asimplified one, sincethe
actual number of clustersisnot knownapriori. Any two M SC shots, MSC1 and M SC2,
are clustered together whenever

Sm{MSC1, MSC2}> Tg (7

where Tgisadjustedto about 0.8 inexperiment. Inthisway, M SC shotsareclusteredinto
several groups, with each one containing similar human appearances.

After all, this cluster method is aquite simple one. Aswe do not let Tg be astrict
value quite close to 1, close-ups of different persons are probably grouped together
inappropriately. In order to construct an outline table of main speakerswith adifferent
personineach group, wehaveto further refinetheclustering results. Thus, modifications
are made based on the other extracted visual cue, the news caption. Normally, the news
caption of one speaker’s name (mentioned in section of “News Caption Detection”)
appearsin one of the M SC shots, and often the first time a speaker shows up. With this
rule, athree-step scheme is designed to modify M SC clustering results, as below:

Stepl. Intersection
Intersect M SC shots{ M SC} by Shotswith Captions{ SwC} tofind M SC Shotswith
Captions{ MSCwC}:

{mscwc}= {Mscin{sac} (8)

Sep2. Splitting
Split those groups with different captions (different names) in, and cluster again
MSCs within one group (let Tg be alower value thistime);

Step3. Indexing and Tabling

After Step 2, refined groups are regarded as human groups containing close-ups
of onekey person each. Meanwhile, each group isindexed textually by aperson’ sname
(caption text), and visually by its representative close-up shot (M SCwC).
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Up to now, all gathered MSC groups could be organized into an outline table of
humans to facilitate key person indexing and retrieval, as illustrated later in video
abstraction application.

Anchor Shot Identification and News Icon Extraction

In order to identify newsitem boundaries, we still have to separate anchor groups
from other onesinthishuman table. Proper criteriaare needed at this point. Some of the
literature (Ariki & Saito, 1996; Faudemay etal., 1998; Gao & Tang, 2002; O’ Connor etal .,
2001; Qi et al., 2000) follows a certain medium-specific prior knowledge, such as the
duration, proportion, distribution, and frequency of typical anchor shots, to filter out
non-anchor shots from all the candidates detected in the video stream. However, the
thresholds used there are usually empirically chosen. In our approach, we have inves-
tigated alarge amount of video data about four potential features: shot length, number
of shots, shot interval, and time range of all shots, with average statistics collected in
Table2. (Thedataacquiredisbased on morethan six hoursof newsprogramsfrom M PEG-
7 Video Content Set.)

Asshownin Table 2, thelast threefeatures, which are most distinct ones, are used
to distinguish anchor shotsfrom other M SCs: moretimesof repetition, moredispersein
time, and totally longer range of time. The anchor group identification approach is a
greedy algorithm that loops through all the MSC groups and selects those that satisfy
the following conditions:

i Total number of shotsin the group is more than a predefined value (e.g., 5 shots
per 20 minutes);
i The average shot interval should be morethan apredefined value (e.g., 10 shots);

i Therange of shotsof thegroup (i.e., thedistance between thefirst and thelast shot
in terms of number of shots) is higher than a predefined value (e.g., 50 shots).

Note that the thresholds used in this algorithm are chosen based on Table 2.

By this time, we have classified all MSC groups in table into two types: anchor
groups ({A1},{A2}, ...) and other person groups ({ P1}, { P2}, ... ) (Figure 10). Then,
anchor shots are used to make partitions of news items, each anchor leading one item.
The start and end of the news is segmented out by the first and last anchor shots.
Therefore, theitem-level parsing of newsvideo isformed.

Another important visual hint isthe newsicon, or thetopic box, that isapicture or
symbol in the upper corner of the screen, mostly showing up in the anchor shot and
describing a current or following topic. These news icons are found to be reliable

Table 2. Average statistics of anchor shots in contrast to other MSC shots

# of Shots .
Shot length (every 20 minutes) Shot interval | Range of al shots
Anchor group 15.72sec = 9 shots = 12 shots >60 shots
Any other MSC group | 10.38sec = 2 shots = 5 shots <10 shots
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Figure 12. Possible anchor head positions and news icon extraction
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indicators of news content, and acommon icon keeps its presence in anchor screens of
continuous news items referring to a same field. Thus, consecutive news items can
automatically be grouped into different topics (anew different icon coming out denotes
atopic change), forming ahigher level of semantic unit, the newsitem-group. Inaddition,
newsiconsare extracted asvisual annotation of the corresponding item-group. Accord-
ing to different anchor head positions, there are three possible scenarios, as shown in
Figurel2.

We can empirically set the dimensions of the two news icon boxes and keep
corresponding sub-images in the first two scenarios. Next, we calculate the visual
similarity between consecutive newsiconsby the CHI metricin Equation (5) (of course,
all pixelsinthesubimageareincluded). Two adjacent newsitemswithiconsaregrouped
together when

Smflcont, Icon2}> Ti ©)

In contrast to Tg used in MSC clustering, here Ti is set to astrict value quite close
to1(i.e., 0.95),for only the samenewsicon meansthe samenewsitem-group. Inparticular,
anewsitemwithout anicon (e.g., theleading anchorperson located in the middl e of the
screen) isregarded asanindependent newsitem-groupitself. Therefore, theitem-group
level parsing of thenewsvideo (Figure2) isformed andillustrated by different newsicon
images.
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VIDEO REPRESENTATION AND
ABSTRACTION BY SELECTIVE MSCS

Oncedifferent semantic unitsare extracted, they arealigned intimewiththemedia
dataso that proper representations of these events can be constructed in such away that
thevisual presentation can convey the semanticsefficiently. A commonly used presen-
tation for semantic structure istheform of atable of contents (Rui, Huang, & Mehrotra,
1999). Sinceitisaconcept that isfamiliar to most users, we adopted it in our represen-
tation. Additionally, in order to give users a sense of time, we also use a streamline
representation in a metric of shot number. As can be seen in Figure 13, this proposed
solution exploits essential characteristicsin dataitself at different levels.

Our presentation for the semantic structure of anewsprogram can bevisibly divided
into two main parts, each serving adifferent function. On the | eft of the framework lies
anews content index inafamiliar hierarchical fashion, with newsitemsalignedintime
order fromtop to bottom and bel onging to different newsitem-groups. Inaddition, news
iconsareprovided as“thumbnail images,” simultaneously appearing next to correspond-
ing groups. Toplay back aparticular item or item-group, auser simply clicksonthebutton
of the desired segment in this hierarchical table. On the right of thisinterface is the
streamlinerepresentation, whereatimeline (in shot) runsfromleft to right according to
eachitemlisted ontheleft. Themost characteristic componentsof thislinearethose M SC
shot positions that are pointed out, with types denoted by A (anchor) or P (any other
person), and serial number denoted by 1,2, 3.... Morevisually illustrated, agraphictable
of person group according to each M SC cluster is presented in Figure 14, with different
names possibly extracted from captions annotating every person. A user can see

Figure 13. News video representation
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Figure 14. Multi-level video abstraction by selective MSCs
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immediately who arethe main speakers showing upinacertain newsitem or item-group,
by just getting a glimpse of the M SC positions on the timeline. Moreover, with alittle
effort referring to the corresponding person iconsin table, amain ideais formed about
who they are and whether some of them deserve attention. Then locating and playing
back the particular M SC shots becomes as easy as picking up a known book from an
orderly shelf. Ingeneral, compared withlinear browsing or low-level scenecut browsing,
our system allows a more effective non-linear access and a more direct content-based
retrieval in the key persons phase.

This video structuring scheme also supports content-based abstraction. As indi-
cated before, our abstraction strategy takes a different perspective from generating a
normal overview of the video content. It is a kind of MSC-based abstraction with
emphasison key personsinthe newsprogram. Basically, we need to tackle queriesfrom
users such as how to find all the VIPsin aprogram or how to highlight specific scenes
with particular persons. Usually, it is hard to answer these requests for it is not known
where these persons are located in the video steam. However, in our approach, atable
of such key persons has already been built, thus it naturally meets such needs. In this
chapter, ahierarchical abstractionisproposed at threelevels (from alow-physical level
to ahigh-semantic level): shot level, item level, and item-group level. Asillustrated in
Figure 14, inthisexample, assuming auser isinterested in two persons appearing in the
news program: Bill Clinton and Jorge Sampaio. Hemay try tofind both of them fromthe
human tableby nameor representativeimagesand check the corresponding boxes. Then,
multi-level abstractions can be acquired: abstraction at shot level containsall the MSC
shots of these two persons; abstraction at item level is made up of newsitemsincluding
those M SC shots; and abstraction at item-group level extendsto every newsitem-group
with newsitemscontained at theitem|evel. To obtain asummarizing preview sequence,
frames belonging to all the video segments (at shot/item/item-group level) are concat-
enated together. Obviously, abstractions at three levels with different durations can
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adaptively fulfill users' needs, fromindependent close-upsto completevideoclips. From
this example, the effectiveness of key person abstraction for news programsis evident.

EXPERIMENTAL RESULTS
AND EVALUATION

The methodology described above has been applied to three news video clips
chosen from the M PEG-7 video content set for testing (Frame Rate = 25 frames/second,
Frame Size=288x352 pixel). Thedetail edinformation of these newsvideosissummarized
inTable3.

To evaluate the performance of the proposed scheme of MSC and anchor shot
detection, we use the standard precision and recall criteria, shown in the following:

number of hits
number of hits+ number of falseaarms

precision =

| number of hits
number of hits + number of misses

MSC Shot Detection Experiment

In the beginning, we evaluated the performance of the M SC shot-detection algo-
rithm. Thisisthe process of extracting the first specific visual cue. Table 4 shows the
output of the proposed two steps in the scheme for the three news clips. For the total
337 video shots, there are 89 MSC shots (identified manually). In the first step, 134
potential MSC shots are detected by MAMS analysis, and then 38 candidates are
excluded by Head-Motion-Model fitting. Overall, the proposed method detects 96 M SC
shots, including 85 real onesand 11 falsealarms. Thus, the precision is 88.54%, and the
recall is95.51%. Thefairly highrecall ensuresthe completenessof all theM SC shots, and

Table 3. Detailed information of experimental data

News video Duration Video shots Source
Clipl 16:35 91 Spanish TV, RTVE
Clip2 13:32 90 Spanish TV, RTVE
Clip3 17.58 156 Portuguese TV, RTP

Table 4. MSC shot detection results

News | #0fMSC | Candidatesdetected | | EXCU0SdDY Find reslls,
video shots by MAMS analysis fitting Hits Misses darms
Clipl 22 31 6 22 0 3
Clip2 24 35 10 23 1 2
Clip3 43 68 22 40 3 6
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the precision also seems high enough for the later classification and modification
process.

News Caption Detection Experiment

Next, we evaluate the performance of the news caption-detection algorithm. This
isthe process of extracting the second specific visual cue. Table 5 shows the output of
the first two steps in the proposed scheme. We assume that the last step of character
recognitionis best accomplished by atypical OCR engine. There are atotal of 72 shots
with captionsamong thethreenewsvideo clips. Inthefirst step, 107 potential M SC shots
are detected by MAMS analysis, and then 29 candidates are excluded by Band-Area
detection (using morphological operation). Overall, the proposed method detects 78
M SC shots, including 69 real onesand ninefalsealarms. Thus, the precision is88.46%,
and therecall is95.83%. Liketheresultsachieved in M SC shot detection, nearly all the
news captions are included as suggested by the high recall, and the precision isfurther
improved by following intersection operation{ SwC} )"{ MSC} (most of thefalsealarms
areremoved). Thisisthe great advantage of integrating two different visual cuesin our
video parsing strategy.

M SC Shot Clustering and Anchor Shot I dentification

Experiments

The experimental results of MSC shot clustering aregivenin Table6. First, based
on the CHI metric restricted to three body areas (Equation (5)), the 89 M SC shots are
clusteredinto 52 groups. Then, some clustersarefurther splitinto smaller onesusing 72
shots with caption. After that, we come to the final result of about 92.45% recall with
81.67% precision. A table of human close-ups is constructed including most of the
camera-focused speakers. However, afew falsetalking headsare combinedinit, which
ismainly caused by afixed Head-M otion-M odel becausethe M SC detection processfails
to filter out some objects with likely head shapesin a motionless background. In spite
of thisdeficiency, most of thefal se groupsare without news captionsand can be aligned
at theend of humantable. Asaresult, usersarerarely confused or misled when browsing

Table 5. News caption detection results

News | #of Shotswith | Candidatesdetected | pou0o0 Y Fnareals
video Caption by MAMS analysis detection Hits Misses slarms
Clipl 21 33 10 20 1 3
Clip2 19 28 8 19 0 1
Clip3 32 46 11 30 2 5
Table 6. MSC shot clustering results

News # of persons CHI clustering Corrected by Find resuits Fas
video inMSC results { MSC} {SwC} Hits Misses

aarms
Clipl 9 (with 1 anchor) 9 1 9 0 1
Clip2 15 (with 2 anchors) 16 2 14 1 4
Clip3 29 (with 1 anchor) 27 5 26 3 6
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News #of anchor #of anchor Anchor identification results L/M/R results

video persons shots Hits Misses allial = Errors
arms

Clipl 1 9 9 0 0 0

Clip2 2 8 8 1 0 1

Clip3 1 8 8 0 0 0

the human table (frequently by person names from start to end) to determine the key
persons in the new video.

Additionally, anchor groupidentificationresultsareshowninTable7. Onthebasis
of fine-grouped M SC shots, anchors are easily extracted by the three conditions listed
before. A high precision of 100% and recall of 96.15% are achieved for the three news
clips. Notethat we havenearly doneaperfect job with only onemiss. Thismissing anchor
shot isinanother scenario, wheretwo different anchorpersons appeared simultaneously
inthescreen. Sinceour M SC detection approach only concernsasingle, dominant talking
head in the frame, this two-person scenario was beyond its capability. It was expected
to have more misses when doing experimentsin such scenarios. However, compared to
other existing anchorperson detection algorithms (Avrithis et al., 2000; Gao & Tang,
2002; Hanjalicetal., 1998; Hanjalic, Langendijk, & Biemond, 1999), our approach not only
givesbetter performance in the one-anchor scenario, but is also computationally easier
and requireslittle human intervention. Finally, the head position (Left / Middle/ Right)
isdecided (with only one error according to the missed anchor shot) to make newsicon
extraction.

M SC-Based Video Indexing and Abstraction Experiment

Finally, based onthetwo specificvisual cuesextracted above, we can performvideo
parsing and indexing in the hierarchical structure of Figure 2. An exampleisgivenin
Figure 13. Thedetail ed statisticsare shownin Table 8 for thethree newsclips. Notethat
all newsiconsin consecutivenewsitemsin Clipl and Clip2 aredifferent from each other,
thus the same results are acquired at the news-item level and news item-group level in
these two clips.

Inaddition, in order to test the video abstraction strategy presented in this chapter,
weappliedittothethirdclip of our experimental data. Asshownin Table9, abstractions
demanded in two situations are tested: abstraction with all MSCs, and abstraction with
selective M SCs. The former oneisagood global picture of all key persons showing up
in the news program, and the latter one better fits the requirement of selective persons’
highlighting. Hierarchical video abstraction at threelevel s provides enough optionsfor
different length. Table 9 showsdetailsof these multi-level abstractionsin the number of
video units and in time duration (within brackets).

Table 8. News video parsing and structuring results

News video Shot Leve Item Level Item-Group Level
Clipl 91 shots 8items 8 item-groups
Clip2 90 shots 7 items 7 item-groups
Clip3 156 shots 7 items 4 item-groups
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Table 9. MSC-based three-level abstraction results

# of MSC groups Shot Level Item Level Item-Group Level
Clip 3* 32 156 shots 7 items 4 item-groups
Abstraction with all 22 44 shots 7 items 4 item-groups
MSCs (07:21) (17:58) (17:58)
Abstraction with 2 8 shots 2items 2 item-groups
selective MSCs (00:35) (06:09) (11:13)

* Whole length of Clip3 = (17:58)

FUTURE TRENDS

The procedure and techniques presented in the above could be further improved

and pursued in anumber of promising directions:

1

Theterm Main Speaker Close-Up (M SC) defined in this chapter isactually anew
concept, which has led to new applications on anchorperson detection and key
person abstraction. However, its vital drawback is the limitation of only one
dominant head appearing in screen, which excludes another important scenario:
two speakers appearing simultaneously on both sides of the screen (e.g., two
anchors, both interviewer and interviewee). To solve this problem, we need to
broaden the M SC definition to atwo-person version. Perhaps amore complicated
head motion model isrequired, and more efforts are needed to tackle noises.
The M SC detection method failsto filter out some objectswith likely head shapes
in motionless background. This deficiency caused afew false alarmsin the final
results. How to adaptively set up head motion model and to use some possibl e post-
processes should be studied in future.

We did not address the commercial breaks and the analysis of introductory or
summary parts of the newsvideo, since some of these additional partsare studied
by other existingwork (Hauptmann & Witbrock, 1998; Taniguchi, Akutsu, Tonomura,
& Hamada, 1995). Nevertheless, these techniques could be fused into our later
system to improve the robustness of parsing generic news programs.
Sincetheproposed scheme dependson asimply temporal structural model of news
video, it has some restrictions. For instance, it cannot identify a change of news
itemswithinasingleanchor shot sequence. Infact, itisquitedifficultto overcome
such a drawback using visual information alone. In situations where the simple
temporal structureisnot followed, speech signal smight be combined for newsitem
segmentation to develop a robust news-parsing system.

CONCLUSIONS

In summary, this chapter first reviewed related research works in content-based

news video analysis, representation, and retrieval. Then, it proposed a hierarchical
framework for news-videoindexing and abstraction by two specific visual cues: theM SC
shot and news caption. Thefirst visual cue, Main Speaker Close-Up (MSC), isdefined
as camera-focused talking headsin center of the screen. All the M SCs are detected and
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clusteredinto groups. The second visual cueisthe news caption appearing at the bottom
of screen, probably annotating the current speakers’ names. They are extracted to modify
theM SC clustering. Withthesetwovisual cues, an outlinetable of M SCsisbuilt up, each
M SC group containing close-ups of one key person isindexed by its name if possible.
Then, a number of criteria based on temporal features of the anchor shot are used to
identify anchor groupsfrom other M SC groups. Inaddition, newsiconsareextracted from
anchor shots, if present. After that, the news data is segmented into multiple layers to
meet different needsof indexing andretrieval: frames, shots, newsitems (by anchor shot),
news item-groups (by newsicon), and video clip. Finally, a unique M SC-based video
abstraction method is proposed with the focus on key persons. In contrast to providing
an overview of the video content in general cases, this abstraction especially meetsthe
user’'s needs of human preview and retrieval. Experimental results show that the
proposed scheme attains better performance than some similar research works and can
significantly improvestheeffectivenessinretrieval. Themost important advantageisthe
tableof key personsthat enhancesthe quality of video representation and givesaunique
content abstraction in the human phase.

Further research directions in broadening the MSC definition to include a two-
person scenario, in improving the robustness of MSC detection, in analyzing the
commercial breaks, introductory or summary parts, and in using audio information to
overcome drawbacks of visual analysis are indicated.
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Chapter Xl |

An Overview of
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ABSTRACT

Video information retrieval is currently a very important topic of research in the area
of multimedia databases. Plenty of research work has been undertaken in the past
decade to design efficient video information retrieval techniques from the video or
multimedia databases. Although a large number of indexing and retrieval techniques
have been developed, there are still no universally accepted feature extraction,
indexing, and retrieval techniques available. In this chapter, we present an up-to-date
overview of various video information retrieval systems. Since the volume of literature
available in the field is enormous, only selected works are mentioned.

INTRODUCTION

Research on multimedia systems and video information retrieval has been given
tremendous importance during the last decade. The reason behind thisis the fact that
video databases deal with text, audio, video, and image data that could provide uswith
enormous amountsof information and that have affected our lifestylefor the better. The
generation of huge amounts of data has al so raised the necessity of developing efficient
mechanisms for access and retrieval of these data, but the technologies developed so
far have not matured enough to handle theseissues. Thisis because manual classifica-
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tion and annotation of topics as provided by Y ahoo!, a text-only search engine, is not
capableof handling such alarge-scal evolumeof data, creating aninformation bottleneck
for the userstrying to obtain specific information. To automate the procedure requires
efficient and meaningful image segmentation and the ability to get semantic meanings
fromtheimage, but thisisproving very difficult because of the gap existing between low-
level featureslike color, texture and shape and high-level featuresliketable, chair, car,
house and so on. Automatic content-based information retrieval seems to be the only
answer to the problem of efficient accessand retrieval of the vast amounts of video data
that are generated everyday throughout the world.

Basically therearefour stepsinvolvedinany automatic videoinformationretrieval.
They are(a) video shot boundary detection, (b) key frameselection, (c) featureextraction
from selected key frames, and (d) content-based video information retrieval. These
points are discussed in the chapter.

Thefirst section gives an introduction to the area of discussion. Related works on
video information retrieval techniques are then presented in the next session. The
chapter ends with our concluding remarks.

RELATED WORKSON VIDEO
INFORMATION RETRIEVAL TECHNIQUES

Video Shot Boundary Detection

To model the unstructured video data, the first thing to do is to segment the data
into meaningful sections. This is achieved through video shot boundary detection
(Bescos, Menendez, Cisneros, Cabrera, & Martinez, 2000; Ford, Robson, Temple, &
Gerlach, 2000; Jiang, Helal, Elmagarmid, & Joshi, 1998; Lin, Kankanhalli, & Chua, 2000;
Y u& Wolf, 1999; Zhang, Kankanhalli, Smoliar, & Tan, 1993). Sincevideoisakind of time-
based media, it isvery important to break the video streamsinto basic temporal units of
shots (Zhang, Low, Gong, & Smoliar, 1995). This temporal partitioning of video is
generally called video segmentation or shot boundary detection (Hong & Wolf, 1998;
Idris& Panchanathan, 1997). When thevideo datais segmented, thelow-level structure
can be extracted. This temporal segmentation is the first and the basic requirement in
structured modeling of video (Chua& McCallum, 1996; Y oshinobu, Akihito, Y ukinobu,
& Gen, 1994). These shots stand as basi ¢ blocks, which together define the whole story
and are processed accordingly by the computer (Davenport, Smith, & Pincever, 1991).
To segment the video into shots, we need to |ocate the points where shots change from
onetypeto another type based on the techniques used in the editing process (Hampapur,
Jain, & Weymouth, 1994).

Data is stored in one of two ways, uncompressed or compressed. Basically two
categories of video shot boundary detection techniques have been developed. One
category is used for uncompressed data, whereas the other category is applicable to
compressed data. Methods in the uncompressed domain have been broadly classified
into five groups: template-matching, histogram-based, twin comparison, block-based
and model-based, whereas methodsin the compressed domain have been classified into
threegroups: using DCT coefficients of video-compression techniquesin thefrequency
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domain, making use of motion vectorsand hybrid motion/DCT, which combinesthefirst
two categories (Farag & Abdel-Wahab, 2003). A new shot boundary algorithm had been
proposed to deal with false shot detection dueto flashing lights. Earlier, it was assumed
that flashlight just occurred during one frame, but in practice, it could occur many times
during aperiod; torectify thisproblem, a“flashmodel” and a“ cut model” have been used.
A technique for determining the threshold that uses the local window-based method
combinedwitha reliability verify processhasal so been devel oped (Zhang, Qi, & Zhang,
2001).

The motion feature vector is incorporated in the video shot boundary detection
technique to detect flash and camera/object motion and automatically select thresholds
for noiseelimination by determining thetype of video (Feng, Chandrashekhara, & Chua,
2003). An automatic video sequence segmentation algorithm to extract moving objects
has been presented. The algorithm determines the local variation based on L*U*V*
space and combines it with motion information to separate foreground from the back-
ground(Liu& Hou, 2001).

Video classification has been an important topic of research for many years. In a
study on story segmentation for newsvideo by Chaisorn, Chua, and L ee (2003), thevideo
is analyzed at the shot and story unit (or scene) levels using a variety of features and
techniques. At the shot level, Decision Tree technique has been employed to classify
the shotsinto one of 13 predefined categories. At the scene/story level, Hidden Markov
Models (HMM) analysisto locate story boundariesis performed. Intheir work, Wang
and Gao (2001b) integrated audio and visual analysisto automatically segment news
items, and found that this approach can overcome the weakness of only using theimage
analysistechnique. The proposed approach identifies silence segmentsin accompany-
ing audio and integrates them with shot segmentation results and anchor shot detection
resultsto determineboundariesbetween newsitems. To automatically parsenewsvideo
and extract news item, a fast anchor shot detection algorithm based on background
chrominance and skin tone models was presented by these authors.

An automatic two-level approach to segment videosinto semantically meaningful
abstracted shots has been proposed by Chen and Lee (2001). In the first level, scene
changes are detected using a GOP-based approach that assists in quickly segmenting
avideo sequence into shots. In the second level, each of the shots generated from the
firstlevel isanalyzed by utilizing theinformation of cameraoperationsand object motion
that are computed directly from motion vectorsof MPEG-2 video streamsin compressed
domain.

In another study (Shih, Tyan, & Liao, 2001), a general shot change detection
algorithm has been proposed where two major stages, modeling and detection, are
involved. In modeling stage, shot transition is modeled by calculating the change of
color/intensity distribution corresponding to the shots before and after atransition. In
detection stage, avideo clip is considered as a continuous “frame flow,” and then the
Reynolds Transport Theorem is applied to analyze the flow change within a pre-
determined control volume.

Key Frames Selection

Once the shot boundaries are defined, we have to devel op efficient algorithms to
extract the large amount of information found in segmented shots (Farag & Abdel-
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Waheb, 2003). Thisisachieved by selecting representative or key frames for each shot
(Marques & Furht, 2002). In selecting key frames to represent video shots, various
features, such as motion, color, and region information are normally used (Kang, 1999;
Zhang, Wu, Zhong, & Smoliar, 1997). Selection of key frames will greatly affect the
amount of information that can be captured and the types of queries that are possible
(Chen, Ozsu, & Oria, 2003). Inavisual content-based approach, thefirst frameisselected
askey frame. Butinadditiontothis, other framescould al so be sel ected asadditional key
framesif these have substantial content changes comparedtothefirst key frame (Zhang,
Kankanhalli, & Mulhem, 2003). There are several other key frame sel ection algorithms
have been proposed (Defaux, 2000; Gunsel & Tekalp, 1998; Yeung & Y €0, 1996; Zhang
etal., 1993) that uselow-level visual featureslike color, shape, texture, luminance, and
motion to select key frames. Since these algorithms do not reflect semantic changes
within the shot such as change of aspatial relationship, manual and automatic interpre-
tation techniques have been combined toidentify appearance or di sappearance of salient
objectsand changesin spatial relationships. A key frameissel ectedto represent thetime
withinthe shot where spatial relationshipsamong salient objects contained inthat video
framehold (Chenetal., 2003).

Then an algorithm based on clustering has been proposed where the algorithm
assumesthere are N frames within ashot divided into M clusters. It selects key frames
from clustershaving number of framesgreater than N/M. The color histogramsare used
toobtain similarity between frames, and theframethat stands closest to the central point
of the cluster is selected as the key frame (Zhuang, Rui, Huang, & Mehrotra, 1998).

Optical flow (motion) has been used to extract the key frame within a shot
(Umamaheswaran, Huang, Palakal, & Suyut, 2002) whereoptical flow isthedistribution
of apparent velocities of movement of brightness patterns in an image, and is able to
easily detect the change in motion in two successive frames in a video sequence. The
frame showing the least motion is chosen as the key frame.

Feature Extractions

Inan analysisand interpretation of object-based videos, an attempt has been made
toaddresstwo very important i ssues: (a) the devel opment of acomprehensivealgorithm
that extracts objectsfrom low-level features, and (b) the modeling of object behavior to
asemanticlevel (Luo, Hwang, & Wu, 2003). Also, for efficient video representation, a
study by Chen et al. (2003) contributes by establishing links between image and video
data and considers the relationship between videos and images. This proposed model
expresses the semantics of video data content by means of salient objects and the
rel ationshipsamong them. Connections between video and image dataare made through
key frames, which are extracted from each shot. Based on these connections, techniques
used to query image data may be used to query video data.

A semantic object-generation algorithm is proposed by Fan, Zhu, and Wu (2001)
using collaborative integration of a new feature-based image segmentation technique
and a seeded region aggregation procedure. The homogeneous image regions with
closed boundaries are obtained by integrating the results of color edge detection and
seeded region growing procedures. The object seeds are then distinguished from these
homogeneous image regions. The semantic objects are finally generated by a seeded
region aggregation procedure. The extracted semantic objects can then betracked along
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the time axis. The video objects can then be used as the basic units for content-based
videoindexing.

With the enormous volume of digital information being generated in multimedia
streams, results of queries are becoming very voluminous. That makes the manual
classification/annotation in topic hierarchiesthrough text, result in information bottle-
neck, and it is becoming unsuitable for addressing users’ information needs. Creating
and organi zing asemantic description of unstructured dataisvery important to achieve
efficient discovery and access of video data. But automatic extraction of semantic
meaning out of video datais proving difficult because of the gap existing between |ow-
level featureslikecolor, textureand shapeand high-level semantic descriptionsliketable,
chair, car, house and so on. A method has been proposed where a general hierarchical
semantic concept treeisused to model and abstract the semantics of videos using sports
videos (Zhou & Dao, 2001). The classification of video data has been achieved by
extracting patterns in the temporal behavior of each variable and also in dynamics of
rel ationship between variablesand mapping these patternsto ahigh-level interpretation
throughtheuseof DynamicBayesian Network (DBA) framework (Mittal & Altman, 2003).

In order to achieve automatic summarization based on personal interest, an ap-
proach to automatic structuring and summarization of video captured by wearable camera
issuggested by Aizawa, | shijima, and Shiina(2001) where, in additionto summarization
based on objective visual features of video and audio, subjective feelings of the person
also have been taken into account. Another video summarization algorithm that works
inthecompressed domain, in particular for M PEG videos, hasbeen presented. A feature
called DC histogramthat can be extracted from MPEG videoswithout full decompression
has been used (Chew & Kankanhalli, 2001; Erol & Kossentini, 2001).

To detect movie events including two-speaker dialog scenes, multiple-speaker
dialog scenes and hybrid scenes from the daily movies, visual information is employed
todetect all possible shot sinksby using awindow-based sweep algorithm. All shot sinks
are then categorized into three classes using K-means algorithm. The accompanying
audio cuewill also beutilized for achieving more meaningful results. Theauthorsclaim
that by integrating audio-visual information, meaningful events could be successfully
detected and extracted (Li & Kuo, 2001).

Thecomplex background of thevideo framemakesit difficult to detect text areafrom
video frames. To extract text area, vertical edge information isused to detect candidate
text area. The horizontal edge information is then used to eliminate some of the false
candidates. Finally, shape suppression techniqueis applied to further refine the results
(Chen & Zhang, 2001). A technique to segment object(s) from video sequence by color
guanti zation has been presented by Oh (2002). According to the author, the scheme has
been made cost effective by avoiding expensive computations and automatic by
removing manual processing.

Content-based Video Information Retrieval

In content-based video information retrieval, we have to extract various low-level
features such as color, text, shape and spatial locationsfrom the query image and based
upon those features, symmetry has to be searched for and established with the similar
extractions from the objects of the video database. The video datamodel of the Digital
Video Album (DVA) system has been introduced to support semantic content-based
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videoindexingand vaguequery. Based on apredefined XML -schema, thismodel allows
high-level semantic annotation to describe the content of video including objects and
events. The annotation process makes use of low-level features processes during
tracking of objects and detection of faces (Zhang et al., 2003).

Toachievelocation-based recollection of past events, three functional methods—
imageretrieval with motioninformation, video scene segmentation, and real-timevideo
retrieval—have been proposed by Kawamura, Kono and Kidode (2001). The authors
claim experimental resultsshowed that thesefunctionsare effectiveto performwearable
information playing.

A method for searching and browsing news video based on multi-modal approach
hasbeen proposed (Kim, Kim, Chang, Kang, & Kim, 2001). Closed caption (CC) datahas
been used to index the contents of TV newsarticle. To achievetime alignment between
the CC texts and video data, a supervised speech recognition technique is employed.

In another paper (Jeong & Moon, 2001), an algorithm for content-based video
retrieval using motion information has been proposed. In temporal scale invariant and
spatial translation absolute retrieval using atrail model, the distance transformationis
performed on eachtrail imageinthedatabaseand then, fromagiven query trail, the pixel
values along the query trail are added in each distance image to compute the average
distance betweenthetrailsof query imageand databaseimage. |ntemporal scale absolute
and spatial translationinvariant retrieval using atrajectory model, anew coding scheme
referred to asthe M otion Retrieval Codeisproposed by Jeong and Moon (2001) that they
claim to be suitable for representing object motionsin video.

Todetect thehuman facein digital video, an automatic face detection system using
asupport vector machine (SVM) ensemble framework combining several SVMsinthe
scheme of majority voting has been proposed. It starts with skin block classification
stageto classify the8x8block in each key frameof digital videointo skin/non-skinblocks
using the skin color and texture information. This stage can search and detect several
face candidateregions. The next stagefindsthe true face position in a candidate region
that includesafacial feature. Thisinformation can be used for automatic facerecognition
onMPEG-7 standard for videoindexing (Je, Kim, Bang, Lee, & Choi, 2002). A video-based
facerecognition system by support vector machinesispresented by Zhuang et al. (2002).
The authors used Stereovision to coarsely segment the face area from its background
and then multiple-rel ated template matching method is used to | ocate and track the face
area in the video to generate face samples of that particular person. Face recognition
algorithmsare based on Support Vector Machines of which both“1vs. many” and“1vs.
1" strategies are discussed.

CONCLUSION

An account of the research being carried out in the field of video information
retrieval has been presented. Theresearch in thisfield has come along way during the
last decade, but it hasstill along way to go to provide userswith toolsto retrieve video
information efficiently. Oneof themajor problemsinthisareaisthe problem of computer
perception, that is, bridging the gap that exists between low-level features like color,
texture, shape, and spatial rel ationshipsand high-level featuresliketable, chair, car, and
so on. No proper solution to this problem has been achieved so far. Finding the correct
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symmetry betweeninputimageand image of the database using col or, texture, shape, and
spatial relationshipsalso still remainsto be resolved, although some progress has been
achieved. XM L-based i mage annotation of theimagesat thetimeof creation of theimages
in an automatic way has been suggested but not yet implemented. This method has the
potentiality to solve the problem of computer perception being faced by researchersin
this field. But this method is still in its infant stage and needs to be devel oped further
to attain maturity. Automating the efficient video shot boundary detection techniques
also remain aproblem, although some progress has been made. Sel ection of appropriate
key framesisanother i ssuethat needsmoreresearch attention. In short, therearedifficult
researchissuesstill unresolvedintheareathat callsfor more coordinated research efforts
in the coming years.
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Chapter Xl 11

A Framework for I ndexing
Per sonal Videoconference

Jigiang Song, Chinese University of Hong Kong, Hong Kong
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Jeng-Neng Hwang, University of Washington, USA

ABSTRACT

Therapid technical advance of multimedia communication has enabled more and more
people to enjoy videoconferences. Traditionally, the personal videoconference is
either not recorded or only recorded as ordinary audio and video files that only allow
linear access. Moreover, in addition to video and audio channels, other
videoconferencing channels, including text chat, file transfer, and whiteboard, also
contain valuable information. Therefore, it is not convenient to search or recall the
content of videoconference from the archives. However, there exists little research on
the management and automatic indexing of personal videoconferences. The existing
methods for video indexing, lecture indexing, and meeting support systems cannot be
appliedto personal videoconferencestraightforwardly. Thischapter discussesimportant
issues unique to personal videoconference and proposes a comprehensive framework
for indexing personal videoconference. The framework consists of three modules:
videoconferencear chive acquisition modul e, videoconfer ence ar chiveindexing modul e,
and indexed videoconference accessing module. This chapter will elaborate on the
design principles and implementation methodologies of each module, as well as the
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intra- and inter-modul e data flows and control flows. Finally, this chapter presents a
subjective evaluation protocol for personal videoconference indexing.

INTRODUCTION

Videoconferenceis an advanced type of meeting approach that employsreal-time
video communication technol ogy to enable participantsin different geographical loca-
tions to see and talk to each other. In fact, today’s videoconference employs richer
communication mediathan audio/video, such astext chat, filetransfer, whiteboard, and
shared applications. Therefore, it should bemoreprecisely called a“ multimediaconfer-
ence.” By convention, we still use the term “videoconference’ in this chapter. A few
years ago, videoconference was only an expensive option for big companies’ business
operations due to the requirement of special hardware and communication lines. With
the growth of Internet bandwidth and the development of multimedia communication
technologies in past years, videoconference has become more and more popular in
businessoperations (Sprey, 1997). Furthermore, with affordabl e video and audio capture
devices, the advanced low bit-rate coding, and pure-software videoconferencing tools,
home users can also enjoy visual communications at 56K bps or lower (Deshpande &
Hwang, 2001). For example, video-based distance learning has benefited significantly
from videoconferencing techniques.

A videoconference can be classified as either personal videoconference or group
videoconference based on the number of participants at each geographical location. A
videoconferenceisclassified as apersonal videoconference on the condition that there
is only one participant at each location; otherwise, it is a group videoconference. A
personal videoconferenceis usually held among several participants, and each partici-
pant sitsin front of acomputer equipped with acamera, amicrophone, and aspeaker (or
earphone). A group videoconference is often held in a multimedia conference room,
where more than one camera and microphones are installed. Existing research on
videoconference indexing all focuses on group videoconferences, leading to meeting
support systems. Since personal videoconferencesare becoming more and more popular
recently and the characteristics of personal videoconferences are different from that of
group videoconferences, thischapter aimsto proposeaframework for indexing personal
videoconferences.

A participant of apersonal videoconference usually wishesto save the content of
the conference for the later reference. However, current videoconferencing systems
providelittle support on thisaspect. Even if the streaming video and audio information
canberecorded asordinary video and audiofiles, thesefiles occupy too much spaceand
do not support non-linear access, soitisnot easy torecall thedetailsof avideoconference
without watching it again. Therefore, it is very difficult to manage and search those
videoconference records, revealing the timely importance of the research on indexing
personal videoconferences.

The rest of this chapter is organized as follows. The next section reviews the
background of multimedia indexing. Then, we discuss the characteristics of personal
videoconferenceindexing, followed by aproposed comprehensiveframework for build-
ing a personal videoconference archive indexing system. A subjective evaluation
protocol is then presented in the next section. Finally, we draw our conclusions.
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BACKGROUND

When talking about videoconference archiveindexing, one cannot ignorewhat has
been researched in general video indexing because video — containing both visual and
aural information — is the major medium during a videoconference. Before the wide
deployment of videoconferencing, research on general video indexing had been con-
ductedfor several years(Madrane & Goldberg, 1994; Sawhney, 1993). Sincethe content
of avideoclipishiddeninitsvisual and aural information, whichisnot directly searchable
liketext, the main purpose of video indexing isto support content-based video retrieval
(CBVR).CBVRismorecomplicated than the content-based imageretrieval (CBIR) since
avideoclipisatime-varyingimage/audio sequence (Zhang, Wang, & Altunbasak, 1997).
Therefore, thetemporal semantic structure of avideo clip alsoimpliesthevideo content.
Thesuccessof videoindexing research, not yet accomplished, will resultinadigital video
library featuring full-content and knowledge-based search and retrieval. A well-known
effortinthisfield isthe Informedia project (Wactlar Kanade, Smith, & Stevens, 1996)
undertaken at Carnegie Mellon University.

Video indexing has been studied in multifarious ways, producing a lot of useful
techniques for multimedia information retrieval and indexing. Early research mostly
draws on single or dual modality of video content analysis. Liang, Venkatesh, and
Kieronsak (1995) focused on the spatial representation of visual objects. Ardizzone, La
Cascia, Di Gesu, & Valenti (1996) utilized both global visual features(e.g., color, texture,
and motion) and local visual features (like object shape) to support the content-based
retrieval. Chang, Zeng, Kamel, and Alonso (1996) integrated both image and speech
analysesfor newsor sportsvideoindexing. Ardizzoneand LaCascia(1996), Wei, Li, and
Gertner (1999), Zeng, Gao, and Zhao (2002), and Hsu and Teng (2002) proposed that
motion was also an important clue for video indexing. To take advantage of video
encoding features, somevideo indexing work was performed in the compressed domain
(Chang, 1995). L ater, multimodal informationwasexploredfor videoindexing (Hauptmann
& Wactlar, 1997). Li, Mohan, and Smith (1998) and L ebourgeois, Jolion, and Awart (1998)
presented multimedia content descriptions of video indexation. Abundant multimodal
videoindexing methodshaveal so been proposed (Albiol, Torres, & Delp, 2002; Lyu, Y au,
& Sze, 2002; Tsekeridou & Pitas, 1998; Viswanathan, Beigi, Tritschler, & Maali, 2000).
They extracted information in many aspects, including face, speaker, speech, keyword,
etc.

On the other hand, high-level indexing aided by domain-specific knowledge has
also attracted much interest. Dagtas, Al-Khatib, Ghafoor, and K hokhar (1999) proposed
atrail-based model utilizing object motion information. Hidalgo and Salembier (2001)
segmented and represented foreground key regions in video sequences. Maziere,
Chassaing, Garrido, and Salembier (2000) and Hwang and L uo (2002) conducted obj ect-
based video analysis. Ben-Arie, Pandit, and Rajaram (2001) and Wang, M a, Zhang, and
Y ang (2003) performed view-based human activity recognition and people similarity-
based indexing, respectively.

Recently, researchers focus on understanding the semantic structure of video
sequences, that is, story, scene, and shot. Segmenting video into shotsisafundamental
task for this purpose. Segmentation is the partitioning of continuous media into
homogenous segments. There exist many ways for shot segmentation, for example, by
cameramotion (Corridoni & Del Bimbo, 1996), usingthehumanface(Chan, Lin, Tan, &
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Kung, 1996), analyzing image basic features (Di Lecce et al., 1999), and counting the
percentage of moving pixelsagainst thebackground (Kang & Mersereau, 2002). Itisalso
important to detect gradual shot transitions (Bescos, Menendez, Cisneros, Cabrera, &
Martinez, 2000). The segmented shots are annotated for subsequent searches (Ito, Sato,
& Fukumura, 2000; Wilcox & Boreczky, 1998) and for automatically summarizingthetitle
(Jin & Hauptmann, 2001). Based on the semantic structure analysis, various semantic
indexing modelsor schemeshavebeen proposed (Del Bimbo, 2000; Gao, Ko, & DeSilva,
2000; Gargi, Antani, & Kasturi, 1998; lyengar, Nock, Neti, & Franz, 2002; Jasinschi etal.,
2001a; Jasinschi et al., 2002; Luo & Hwang, 2003; Naphade & Huang, 2000; Naphade,
Kristjansson, Frey, & Huang, 1998). Most of them employ probabilistic models, for
example, Hidden Markov Models(HMMs) and/or Dynamic Bayesian networks (DBNS),
to represent the video structure.

The extensive research on video indexing has produced the following valuable
techniques to analyze the video and audio archives of a videoconference.

i Key Frame Selection. One basic means to remove the redundancy of video
sequences isto represent them by key frames. Some methods work in the MPEG
compressed domain (Calic & Lzquierdo, 2002; Kang, Kim, & Choi, 1999; Tse, Wel,
& Panchanathan, 1995), whereasotherswork intheuncompressed domain (Diklic,
Petkovic, & Danielson, 1998; Doulamis, Doulamis, Avrithis, & Kollias, 1998; Kim
& Park, 2000).

i Face Detection and Recognition. Since a videoconference is always human-
centric, human faces are principal objectsin the video. Sato and Kanade (1997)
associated human faceswith corresponding closed-caption text to namethefaces.
Ariki, Suiyama, and I shikawa (1998) indexed video by recognizing and tracking
faces. Gu and Bone (1999) detected faces by spotting skin color regions.
Tsapatsoulis, Avrithis, and Kollias, (2000) and Mikolgjczyk, Choudhury, and
Schmid (2001) proposed temporal face detection approachesfor video sequences.
Eickeler, Walhoff, Lurgel, and Rigoll (2001) and Acosta, Torres, Albiol, and Delp
(2002) described content-based video indexing system using both face detection
and face recognition.

i Speech Recognition. Speech of avideoconference containsthe most information.
Infact, there are many video-indexing methods only focusing on the audio track.
Hauptmann (1995) analyzed the usesand limitations of speech recognitioninvideo
indexing. The audio track can also be segmented for acoustic indexing (Y oung,
Brown, Foote, Jones, & Sparck-Jones, 1997). Barras, Lamel, and Gauvain (2001)
proposed an approach to obtain the transcript of the compressed audio.

i Speaker ldentification. Knowing who is speaking greatly enhances the
videoconference indexing. Speaker identification can be performed in video or
audioonly, or using audio and video correlation (Cutler & Davis, 2000; Nam, Cetin,
& Tewfik, 1997; Wilcox, Chen, Kimber, & Balasubramanian, 1994).

i Keyword Spotting. Other than recognizing every word in the speech to obtain the
transcript of the speech for later textual analysis, one can use a domain-specific
keyword collection to spot keywords in the speech for the indexing purpose
(Dharanipragada& Roukos, 1996; Gelin & Wellekens, 1996).
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i Video Text Detection. Since plain text is no doubt the most convenient medium
for indexing and searching, one may try to extract as much as possible textual
information from audio and video. Thus, video text detection has always been
emphasized (Cai, Song, & Lyu, 2002; Hua, Yin, & Zhang, 2002; Jain& Y u, 1998; Kim,
Kim, Jung, & Kim, 2000; Li & Doermann, 1998).

i Topic Classification. Locating the topic-switching point and summarizing the
topic for aconference session are critical to deliver the accurate, both intime and
topic, resultsto content-based searches. Jasinschi, Dimitrova, McGee, Agnihotri,
and Zimmerman (2001b) integrate multimediaprocessing to segment and classify
topics. Ngo, Pong, and Wang (2002) detect slide transitions for topic indexing

In addition to the research on video indexing, other research related to
videoconference archive indexing includes |ecture indexing systems and meeting sup-
port systems. L ectureindexing focuses on two points: (1) how to collect mediaarchives
of attractive lectures automatically, and (2) how to access these recorded archives. For
the first point, the problem is subdivided into “what should be captured?” and “how it
should becaptured?’ Sincealectureinvolvesoneor more speakersand an audience, who
may interact with each other from time to time, both speakers and audience should be
captured. Besidesthe verbal cues, non-verbal communication cues, e.g., body posture,
gestures, and facial expressions, also play an important role during the interaction (Ju,
Black, Minneman, & Kimber, 1997). Slides and handwritings on the whiteboard cannot
be missed either. To capture the multimodal information, one or more cameras and
microphones are necessary to construct an intelligent lecture room (Joukov & Chiueh,
2003; Kameda, Nishiguchi, & Minoh, 2003; Rogina & Schaaf, 2002; Stewart, Wolf, &
Heminje, 2003). Kamedaet al. (2003) even utilized ultrasonic equipment to capturethe
movement trajectory of the speaker. One principle of the capturing processisto keep it
minimally intrusive. For the second point, these systems can be divided into two groups
by providing static functionality or dynamic functionality, according to Stewart et al.
(2003). The systems with static functionality assume that the media archives, once
captured and produced, become frozen assetsfor later playback use. On the other hand,
dynamic systems provide some extended functionality so the mediaassets can be edited
and reused in addition to presentation.

M eeting support systems focus on real-life meetings or group videoconferences.
These systems develop special techniques or devices to free participants from paper-
based note-taking, to record meeting activities, and to provide post-meeting information
sharing. These systems also follow the principle of “minimally intrusive” to record
meetings. Chiu, Kapuskar, Reitmeier, and Wilcox (2000) described the multimedia
conference room in FX Palo Alto Laboratory, which iswell equipped with three room
cameras, oneVvideoconference camera, onedocument camera, ceiling microphones, rear
projector screen, whiteboard, and wireless pen computers. The indices of a captured
meeting can be classified into direct indices and derived indices. Direct indices are
created online during the meeting capturing, whereas derived indices require further,
usually offline, analyses.

Directindicesincludemeeting activitiesand participants’ comments. Ginsberg and
Ahuja (1995) explored various ways to visualize meeting activities, such as joining or
leaving a meeting, using whiteboard, and more. There exist many tools to record

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of ldea Group Inc. is prohibited.



298 Song, Lyu, & Hwang

participants’ comments. NoteL ook (Chiu et al., 1999) allows participantsto take hand-
written notesfor indexing audio and video. LiteMinutes (Chiu, Boreczsky, Girgensohn,
& Kimber, 2001) supportstyping notesor minuteson alaptop, whereeach line of text acts
as an index. TeamSpace (Geyer, Richter, & Abowd, 2003) emphasizes tracing those
domain-specific artifacts that connect several meetings.

Creating derivedindicesfocusesmostly onaudio, video, and slides. Therearemany
kinds of analyses that can be done on audio streams, for example, speech recognition,
speaker identification, keyword spotting, and interaction pattern classification. The
Jabber system (Kazman, Al-Halimi, Hunt, & Mantei, 1996; Kazman & Kominek, 1999)
proposes four paradigms for indexing videoconferences by audio. A speech recognizer
isused to obtain a partial transcript of the meeting, and topics or themes are identified
using lexical chaining. In addition, participants' interaction patterns, for example,
discussion or presentation, are classified. Kristjansson, Huang, Ramesh, and Juang
(1999) also described aunified framework for indexing and gisting spoken interactions
of people. Foote, Boreczsky, and Wilcox (1999) introduced an approach to find presen-
tationsin recorded meetings by correlating the slide intervalsin video streams and the
speaker-spotting resultsin audio streams. Grosset al. (2000) devel oped asystemthat did
speaker identification, speech recognition, action item recognition, and auto summari-
zation. The eM eeting system (L eung, Chen, Hendriks, Wang, & Sahe, 2002) provided a
slide-centric recording and indexing system for interactive meetings.

The review of literature indicates that personal videoconference indexing has
seldom been addressed, except for our preliminary study (Song, Lyu, Hwant, & Cai, 2003).
Sincepersonal videoconferencing isboomingand itsindexing bearsdifferent character-
isticsfromexistingvideolibrary indexing systems, lectureindexing systems, and meeting
support systems, this chapter will propose a comprehensive framework for building a
Personal Videoconference Archivelndexing System (PVAIS).

CHARACTERISTICS OF A PVAIS

This section describes the characteristics of a PVAIS in three aspects: archive
acquisition, archive indexing, and indexed archive accessing and presenting.

In the archive acquisition process, the principle of “minimally intrusive” applies.
The scenario of personal videoconferencing is that each participant sitsin front of a
computer, using pure-software videoconferencing client to communicate with each
other. Different fromvideoindexing, whereonly audioandvideo areavailable,aPVAIS
considerssix communication channels, including five medium channel sand one confer-
ence control channel. The five medium channels are the audio channel, video channel,
text chat channel, filetransfer channel, and whiteboard channel. The conference control
channel containsmember i nformation and conference coordinationinformation. Differ-
ent from lectureindexing and group videoconferenceindexing, whereadditional captur-
ing equipment isused, aPV Al Sisrestricted to software-based capturing because there
isno room for additional equipment between a participant and his/her computer.

The archive indexing process of a PVAIS should also be transparent to the user.
Since a personal videoconference is not as well-organized as a broadcasting video
program, the semantic video structureisnot emphasized inaPVAIS. Instead, aPVAIS
focuses on the conference events from the user’s viewpoint. Such conference events
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include both media events (e.g., speaker changed, topic switched, text transmitted,
whiteboard updated, andfiletransferred) and control events(e.g., member joined or | eft,
channel created or closed). In addition to these conference events, a PVAIS also
emphasizes the multimodal derived indices to provide content-based searches. As a
personal indexing system, aPV AlS can automatically create and maintain acontact list
for the user.

The access to the indexed videoconference archivesis restricted to the authenti-
cated users only. A PVAIS provides an interface for the user to search and review the
indexed videoconference archives. The user also needs to manage and edit the indexed
items via this interface. The user can conduct searches with various criteria based on
content of interest or videoconferencing events through the interface. A PVAIS sup-
ports synchronized presentation of multimedia searching results. During the presenta-
tion, aPVAIS allows the user to pause at any time and add annotations or bookmarks.

FRAMEWORK FOR A PVAIS

Figure 1 showsthetop-level view of theframework of aPVAIS, which consists of
three separate processing modules with a linear processing order:

i Videoconference Archive Acquisition Module. This module works together with
the personal videoconferencing terminal to extract and save the raw content
archivesfrom all communication channelsinreal time. Thismodule can beeither
embedded in the terminal or separated fromiit.

i Videoconference Archive Indexing Module. This module works offline after the
videoconference finishes. It takes the raw videoconference archives as input,
analyzes the videoconferencing events, integrates information from multiple
channels to produce derived indices, and finally outputs the indexed
videoconference archives.

i Indexed Videoconference Accessing Module. Thismodule serves asthe interface
tousers. It providesthe functions of managing indexed videoconferences, search-
ing for content of interest among them, and presenting the sel ected videoconference.

Thissection further elaborates the design principles and implementation method-
ologiesfor eachmodule. First, webriefly introduce theknowledge of videoconferencing
system. Generally, avideoconferencing system could beimplemented in various archi-

Figure 1. Top-level view of the framework of a PVAIS

Videoconference Videoconference Indexed videoconference
archive acquisition archive indexing accessing
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Figure 2. A centralized architecture of H.323 videoconference system
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tectures, such as the Client/Server architecture for intranet-based videoconferencing
and the H.323 architecture for Internet-based videoconferencing. To achieve the best
compatibility, thisframework should bedesignedto cooperatewith thevideoconferencing
systems compliant to the most widely adopted I TU-T H.323 Recommendation (ITU-T,
2001), whichisquite comprehensivefor multimediacommunication systems. Neverthe-
less, thisframework can be easily tailored to fit other videoconferencing architectures.
Figure2illustrates atypical centralized architecture of H.323 videoconferencing
system over aPacket Based Network (PBN). It consists of one Multipoint Control Unit
(MCU) and several (at least two) Terminals. A terminal isavideoconferencing clientin
onelocation. Participantsof avideoconference communicate with each other using their
local terminals. An M CU containsone M ultipoint Controller (M C) and n (n>0) Multipoint
Processors (MPs). The responsibility of an MC is to coordinate the videoconference,
while that of an MP is to process audio/video streams when necessary, such as video
switching and audio mixing. Thecommunications between aterminal andthe M CU may
include audio, video, data, and control channels. A PVAIS, particularly the
videoconference archive acquisition module, is only concerned with the terminal .

Videoconference Archive Acquisition Module

Sinceapersonal videoconferenceterminal ispuresoftwarewith only simplemedia
capture and playback devices attached (like WebCam, microphone, and speaker), the
videoconference archive acquisition module should also be pure software to be mini-
mally intrusive. Thus, athorough understanding of the structure of terminal isnecessary.

AsshowninFigure 3, the central double-bordered rectangl e enclosesthe elements
of a videoconferencing client, which consists of a User Interface (Ul) and an H.323
terminal model. The Ul part provides the interface for audio/video capture/playback
equipments, for user applications, and for system controls. The H.323 terminal model
containsaudio/video codecs, user datapath, system control unit, and H.225.0layer (ITU-
T, 2003a), whichisfor mediastream packetization and synchronization.

There are four types of communication channels: audio, video, data, and control.
Theaudio and video channel stransmit incoming/outgoing video and audioinformation,
respectively. The data channel carriesinformation streams for user applications, such
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Figure 3. Terminal structure and three interception levels
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astext chat, shared whiteboard, and file transfer. The control channel transmits system
controlsinformation, including H.245 control (ITU-T, 2003b), call control, and Registra-
tion, Admission, and Status (RAS) control. Note that the transportation protocols for
thesechannelsaredifferent. Sincereal -timeaudio and video transmission areextremely
sensitive to delays and jitters, but insensitive to the occasional loss of one or two
packets, the reliable Transportation Control Protocol (TCP) is not suitable to transmit
audio and video due to the delays introduced during the connection-setup routine and
the acknowledgment routines. Therefore, User Datagram Protocol (UDP) together with
Real-time Transportation Protocol/Real-time Transportation Control Protocol (RTP/
RTCP) is used for audio and video channels. In contrast to audio and video, data and
control information needsvery reliable, accuratetransmission, but they arenot sensitive
to afew delays. Thus, TCP is most suitable for data and control channels.

Wher e to Extract the Information

“Try to introduce the least delay into the terminal” is an important principle for
extracting videoconferencecontentinreal time. Thisprincipleimpliesthat theextraction
process should not be too complex. This section describes three levels of extraction
methods of thevideoconferencearchiveacquisitionmodule: high-level, middle-level and
low-level, as shown in Figure 3. Both the high-level extraction and the middle-level
extraction are embedded in the videoconferencing client, whereasthelow-level extrac-
tion is separated from the client.

The high-level extraction takes place between the Ul and the information codecs.
Theinterception pointsare marked with disksin Figure 3. For the audio channel and the
video channel, the extraction will get uncompressed information. For the data channel
and the control channel, the extraction can get the semantic operations from the Ul
directly.
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Themiddle-level extractionissituated beforetheH.225.0 module—that is, before
theinformationispacketized. Theinterception pointsaremarked with squaresin Figure
3. For the audio channel and the video channel, the extraction can utilize the features of
codecsto obtainlow-redundancy information, for example, taking |-framesfrom H.263-
encoded video streams as candidate key frames. For the data channel and the control
channel, the extraction should be aware of the structure of message stackstoretrievethe
information.

The low-level extraction is separated from the videoconferencing client, situated
beforethe network interface. Theinterception pointsaremarked withtrianglesin Figure
3. Theextraction processrunsasaDaemon monitoring the | Ptransportation ports of the
computer. When the communication of the videoconferencing client is detected, the
extraction will unpacketizethe bitstream to retrieve theinformation.

Comparing the threelevels of extraction methods, we realize that from high-level
extractiontolow-level extraction, theimplementation complexity increasesdramatically.
However, high complexity does not guarantee the commensurate enhancement to the
efficiency. Therefore, to minimizethe complexity of thevideoconferencearchiveacqui-
sition module, it is recommended that the high-level or middle-level implementation
methods is chosen if the existing videoconferencing client could be modified to or be
replaced with aninformation-acquisition-enabled client.

How to Extract the Information

There are two important principles for storing videoconference content into
archives:

i Try to reduce the information redundancy as much as possible.
i All recorded events must be labeled with atimestamp.

Toindex the content of avideoconference, theinformationin all thefour channels
should be extracted and stored. These channels could be further divided into logical
channels according to the user’'s point of view, as follows: video_in, video_ out,
audio_in, audio_out, text_chat, whiteboard, file_in, file_out, and control. Some useful
eventsin each channel are defined in Table 1.

Most of the above events do not take much time to detect except some eventsin
video channels. Sincevideo analysisisusually not fast enough, those eventsdemanding
complex analysis (e.g., face detection, slide classification, gesture, and head motion
detection) should not be detected in real time. Usually, only the scene change event,
resulting in key frames, is detected in real time. Other events will be recovered in the
offlineindexing by analyzing key frames.

Figure 4 showsthe paradigm of storing the extracted information in each channel
into the corresponding archive. The extraction processes of all logic channels begin
simultaneously when the videoconference starts. The operationsin each logic channel
are depicted as follows.

The extraction processes for the Video _in channel and those for the Video out
channel aresimilar. Thescenechange eventsaredetectedinreal time. Let f(t) denotethe
function of thevideo content feature, which varieswithtimet. Thus, the changesof video
content will be detected in f' (t) as peaks, and the valleys right after each peak can be
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Table 1. Event definition for logic channels

Logic Channel Events
video_in Scene change, face appeared, dide appeared, gesture made, head movement
video_out Scene change, face appeared, dide appeared, gesture made, head movement
audio_in Speech started, silence started, speaker changed
audio_out Speech started, silence started
text_chat Text sent, text received, chat type changed
whiteboard Whiteboard updated
file_in File sent
file_out Filereceived
control Member joined, member left, channel created, channel closed

selected as key frames. Notethat f(t) should consider not only the statistic distribution,
but also the spatial distribution of colorsto discriminatethe change between slides, such
as the definition in Dirfaux (2000). The resulting archive — the Video_in archive or
Video_out archive — consists of one text-based index file and a number of key-frame
pictures. The index file records the timestamp of each event and the location of the
corresponding key framepicture. To preservethedetailsof theslide pictures, we should
employ lossless compression methods, such as TIFF, to store the key-frame pictures.

The audio streams in the Audio_in channel and the Audio_out channel are first
mixedinto onestream. Then, silencedetectionisapplied tothemixed stream. Thus, only
the speech segmentswill bestored. The speaker changed eventsare detectedinreal time
by comparing the current vocal feature with the last one. Usually, the vocal featureis
modeled by a Gaussian Mixture Model (GMM). The Audio archive also includes atext-
based index file that records the timestamp for each event and the location of the
corresponding audio segment.

The Text_chat archive is just a text file containing the timestamp and the corre-
spondinginformation of each event. For example, for atext sent event, thecorresponding
information includes the sender’s username and the textual content. For a chat type
changed event, the corresponding information isthe new chat type, that is, either public
chat or private chat.

The Whiteboard archive consists of a text-based index file and a number of
whiteboard snapshot pictures. Theindex filerecordsthetimestamp for each whiteboard
updated event and the location of the corresponding snapshot pictures. Since the
Whiteboard channel contains handwritten texts and graphics, the update of thischannel
happens not at a point in time but in a period of time. To detect when the update begins
and finishes, Song et al. (2003) proposed a method to monitor the Whiteboard by
comparing samplingimages. One can al so obtain thisinformation by monitoring thedata
transfer in this channel. The whiteboard snapshots can be saved as grayscale/binary
images with lossless compression methods, such as TIFF/JBIG.
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Figure 4. Paradigm of storing the videoconference archives
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Oneachfileexchange, theextraction processwill copy thesent/receivedfilestothe
directory storing the videoconference archives. The file exchange information in the
File_in channel and the File_out channel is stored in one Document archive, which
consistsof atext-based index fileand anumber of exchangedfiles. Theindex filerecords
thetimestamp and the corresponding information of each event. For instance, for thefile
sent event, the corresponding information includes the recipient’s user name and the
location of the copy.

The Control archiveisatext file containing the timestamp and the corresponding
information of each event. For amember joined/| eft event, the correspondinginformation
is the involved member’s user name. For a channel created/closed event, the corre-
sponding information is the involved channel type.

Videoconference Archive Indexing Module

The videoconference archive indexing module is automatically started after the
videoconference finishes. This module should be transparent to users.

L EP Indexing Architecture

Sincethismodul eintegrates many content indexing functionalities, itsarchitecture
should becarefully designed to ensurethe devel opment flexibility, theruntimestability,
and the maintenance convenience. Therefore, the framework of a PVAIS employs an
Logic of Entity and Process (L EP) indexing architecture, as shown in Figure 5, which
consists of one Indexing Control Unit, one Indexing Logic Definition, 1~M Entities,
and 1~N Processes.
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Figure 5. LEP indexing architecture
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Entities include raw videoconference archives produced by the videoconference
archiveacquisition module and indexed videoconference archivesgenerated by perform-
ing indexing functions on raw videoconference archives.

A Process implements a content indexing function that takes one or more raw
videoconference archives and/or indexed videoconference archives as input and out-
putsanew indexed archive or updates an existing indexed archive. A processisastand-
alone executabl e file, separating from the main control and other processes.

The Indexing Logic Definition (ILD) describes the function of each process and
specifies the input entities and output entities of each process. Therefore, the relation-
ship among all processes and entities— the indexing logic — is defined. Theindexing
logic determines the priority of each process, that is, the process generating the input
entities of the current process should be accomplished before starting the current
process. ThelLD also definestheformat of the resulting Extensible Markup Language
(XML) indexfile.

The Indexing Control Unit (ICU) plays the role of main controller in the LEP
indexing architecture. It readstheindexinglogicfromthelLD, checkstheavail ability of
each entity, coordinates the execution of each process, and finally generates the
resulting XML index file. ICU is responsible for making the whole videoconference
archive indexing module work smoothly and automatically. Once an entity become
available, it should register to the ICU. When all the input entities of a process become
available, the ICU will create athread to start the process. When a process finishes, no
matter whether it succeedsor fails, it will notify thel CU. Moreover, thel CU should check
the status of every processfrom timeto timeto detect any abrupt termination caused by
unexpected exceptions.

Since the ICU and the processes are separately executable files that are loosely
coupled by thel LD inthe L EP architecture, therobustness, extensibility, and maintain-
ability of thevideoconferencearchiveindexing modulearegreatly enhanced. Therefore,
adding, removing, or updating aprocess only affectstheinvolved processand the ILD.

. Robustness: The failure of one function will not lead to the failure of the whole
indexing module.

i Extensibility: To add new functions implemented as stand-alone processes, one
only needs to edit the ILD to link the new processes in.

i Maintainability: To merely upgrade one function, just replace the involved
process with the upgraded version, without updating the wholeindexing module.
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Only when the requirement of input entities has been changed is it necessary to
editthelLD. Toremoveonefunction, simply modify thelLD to drop thisfunction.

Indexing Logic Definition of a PVAIS

How to definetheindexinglogicisthecoreof thevideoconferencearchiveindexing
module. ThelLD of aPVAISisillustrated in Figure 6, whereentitiesaredrawn aswhite
ellipses and processes as gray rectangles. The ILD defines twelve processes totally,
which are described in the processing order as follows.

At the very beginning, only the seven raw videoconference archives are available
(see Figure 4). There are six processes whose input entities are ready. They are slide
classification, conversation pattern analysis, speech recognition, chatting content
extraction, text detection and recognition, and contact list update. Thesefive processes
can be started simultaneously.

Notethat the Video_inarchiveandtheVideo out archivewill go through the same
processes enclosed in the top dashed rectangle separately. The slide classification
process takes a video archive (either Video_in archive or Video_out archive) asinput,
and classifies the key frames in the video archive into two classes: nature scenes and
slides. Foote et al. (1999) detected slides by first downsizing the key frame to a 64x64
grayscal e representation, then performing the DCT transform on the downsized frame,
and finally feeding the 100 principle transform coefficients to a trained diagonal-
covariance Gaussian model for theclassification. For asimpler implementation, theslide
classification can also be accomplished by analyzing both the maximum peak of color

Figure 6. Index logic definition of a PVAIS

a Conversatioq pattern Pattern details
analysis
Speaker

identification
Q

Audio
archive

XML
index
b—b file

Text_chat o
archive '——d  Chatting content
extraction Chat scri pt Time-based text

: merging
Whiteboard Text detection Whiteboard
. O L. O—> .
archive and recognition script
Text source —C

Contact list
Document

archive

uoireiBelul SAIR R EpOWNNIA

Control
archive

Keyword selection H T|tlegenerat|on

Contact list
update T

Legend: [ | Process <> Entityo—f [ Input | [>—> Output

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of Idea Group Inc. is prohibited.



A Framework for Indexing Personal Videoconference 307

histogram and the absol utedifferencein entropy between horizontal linesinakey frame
picture(Leungetal., 2002).

The conversation pattern analysis process takes the Audio archive as input,
analyzes speeches, silence and speaker changed events, and finally divides the whole
timeline into segments according to conversation patterns, for example, presentation,
discussion, and argument. Kazman et al. (1996) identify threesalient measuresto classify
conversation patterns: (1) who isspeaking and for how long, (2) thelength of pause, and
(3) the degree of overlap between speakers.

The speech recognition process al so takesthe Audio archive asinput and produces
the Speech transcript archive, which composes the majority of text source. Every word
inthe speech transcript istime-stamped. Sincetheaccuracy of the speech recognizer will
determine whether the speech transcript is useful or useless, this processis critical to
the system performance. The speech recognizer can be implemented in two ways: (1)
employ or improveexisting algorithmsfor large-vocabulary, speaker-independent speech
recognition (Barras et al., 2001; Hauptmann, 1995), or (2) utilize commercial speech
recognition engines, such as IBM ViaVoice® and Microsoft SpeechAPI®.

The chatting content extraction process extracts the chatting texts and the corre-
sponding time-stamps from the Text_chat archivetoyield the Chat script archive. This
processcan be easily implemented sincethestructureof the Text_chat archiveisknown.

Thetext detection and recognition process takes the Whiteboard archive asinput,
detects text from the whiteboard snapshot pictures, recognizes the text (if any), and
storestherecognized text and the corresponding time-stampsinto the Whiteboar d script
archive. Sincethewhiteboard snapshot may contain both graphicsandtext, thefirst step
is to segment text from graphics. This can be done by a connected-component based
method (Fletcher & Kasturi, 1988). Then, an off-line, handwritten text-recognition
method (Vinciarelli, Bengio, & Bunke, 2003) is applied to the segmented text image to
obtain the text.

The contact list update process checks the Member joined events in the Control
archive. If amember has not yet been recorded in the contact list, this process will add
thismember into thecontact list. Notethat the contact listisaglobal archive correspond-
ing to the whole PVAIS, not belonging to a specific videoconference.

Aftertheslideclassification processfinishes, itsoutput entities(i.e., natural scenes
and slides) becomeavailable. Then, theface detection processand the Optical Character
Recognition (OCR) process can be started.

The face detection process takesthe natural scenesasinput and detectsfacesfrom
them. Thedetected faceregionsand their corresponding time-stampsare stored asanew
faces archive. When the faces archive becomes available, the speaker identification
process can be started to identify speakersin every time period by integrating aural and
visual information (Cutler & Davis, 2000). The implementation of these two processes
involves face detection and recognition techniques, which are easily attainable in the
literature. Eickeler et al. (2001) detect facesby Neural Network and thenrecognizefaces
using pseudo-2-D HMMs and a k-means clustering algorithm. Acosta et al. (2002)
proposed a face detection scheme based on a skin detection approach followed by
segmentation and region grouping. Their face recognition schemeisbased on Principal
Component Analysis(PCA). Todiminishthelimitation that any singlefacerecognition
algorithm cannot handlevariouscaseswell, Tang, Lyu, and King (2003) presented aface
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recognition committee machine that assembl es the outputs of various face recognition
algorithmsto obtain aunified decision with improved accuracy.

The OCR processtakesthe Sidesarchiveasinput, binarizestheslidepictures, and
recognizestext fromthem. Therecognizedtextisstored asaSidetext archive. Themajor
task of this process is to identify text regions in the slide pictures. Cai et al. (2002)
proposed arobust approach to detect and | ocalize text on complex background in video
images. Thisalgorithm utilizesinvariant edge featuresto detect and enhancetext areas,
andthenlocalizestext stringswith variousspatial |ayoutsby acoarse-to-finelocalization
scheme.

Oncethe Speech transcript archive, the Chat script archive, the Whiteboard script
archive, andthe Slidetext archiveareall ready, thetime-based text merging processwill
be started to merge these four archives into one Text source archive according to their
associated time-stampinformation. Therefore, the Text source archiveintegratesall the
textual information obtainable from videoconference archives. When the Text source
archive becomes available, the keyword selection process and the title generation
process will be started.

Thekeyword selection processtakesthe Text sourcearchiveasinput and produces
keywordsontwo levels: global and local. Theglobal keywordsare selected in the scope
of thewholevideoconference, representing the overall subject of the conference. Onthe
other hand, thelocal keywordsareclusteredinalimited timeperiod; therefore, they only
indicate the topic of thisperiod. Providing two-level keywords enhancestheflexibility
in supporting the content-based retrieval. Global keywords enable the quick response
when searching videoconferences, whilelocal keywordsare more powerful inseekinga
point of interest in a videoconference. The Neural Network-based text clustering
algorithm (Lagus & Kaski, 1999) can be employed to select both global keywords and
local keywords.

The title generation process also takes the Text source archive as input and
generates a title for this videoconference by employing language-processing tech-
niques. Jin and Hauptmann (2001) proposed a novel approach for title word selection.
They treat thistask asavariant of an Information Retrieval problem. A good represen-
tationvector for titlewordsisdetermined by minimizing the difference between human-
assigned titles and machine-generated titles over the training examples.

In addition to employing existing algorithms, one may also need to develop some
specific multimedia processing techniques. In this case, one can find the fundamental s
of digital image processing, digital video processing, and speech analysisin the books
of Castleman (1996), Tekalp (1995), and Rabiner and Juang (1993), respectively.

Finally, whenall theentitiesareready, the multimodal archiveintegration process
is started. It takes thirteen archives as input to construct an XML index file, which
structurally organizesall index information fromthesearchivesand servesasaninterface
to the search engine.

All indexed videoconferences are stored in the home directory of a PVAIS. The
indexed archives of the samevideoconferenceare stored in the same subdirectory of the
home directory, as shown in Figure 7. Using the starting date and time of the
videoconference as the directory name is a good way to avoid conflicts.
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Figure 7. Storage structure of PVAIS
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Indexed Videoconference Accessing Module

The indexed videoconference accessing module provides a user with an interface
to manage, search, and review all indexed conferences. The search function allowsthe
user to search the videoconference of interest by avariety of criteria. The management
function can be divided into two levels: conference-oriented management and content-
oriented management. Conference-oriented management functions apply to the whole
conference, such as classifying the type of a conference (e.g., private or business) or
deleting a conference. Content-oriented management functions only apply to specific
content of aconference, such asediting keywordsor title. Thereview function supports
the synchronized presentation of a videoconference. During the presentation, it also
enables the user to pause the presentation and attach annotations or bookmarks to the
current time-stamp.

There are two types of implementation schemes for this module: the stand-alone
scheme and the Web-based scheme, as shown in Figure 8. The former restricts the user
to accessing the indexed videoconferences from the computer in which the indexed
videoconferences are stored, while the latter allows the user to access the indexed
videoconferences from any computer viathe Internet.

According to the stand-al one scheme (Figure 8a), thismoduleisimplemented asa
stand-alone applicationthat i ntegratesthree engines: asearching engine, amanagement
engine, and a presentation engine. These three engines handle the user’ s requests and
return the results to the user. The searching engine searches the index files of all
videoconferences for the content specified by the user, and then returns the
videoconferences satisfying the user’'s searching criteria. The management engine
mai ntai nstheindexed videoconferencesaccording to the user’scommand. It will affect
both the XML index file and the involved indexed archives. When the user selects a
videoconference to review, the presentation engine reads synchronization information
from the XML index file to control the display of multimediainformation stored in the
indexed archives.

In the Web-based scheme (Figure 8b), the user interface and the functionality
engines are separated. The Web server is situated in the same computer in which the
indexed videoconferencesarestored. Theuser can accesstheindexed videoconferences
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Figure 8. Two implementation schemes of the indexed videoconference accessing
module
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through any ordinary Web browser. Thefunctionality enginesare coupled withthe Web
server. In addition to the three engines discussed in the stand-al one scheme, the Web-
based scheme requires an authentication engine to verify the user’s identity because a
PVAIS is a personal system. In this scheme, Synchronized Multimedia Integration
Language (SMIL) can beemployed to provide synchronized multimediapresentationin
the Web browser.

The choice between the stand-al one scheme and the Web-based scheme depends
on the user’s habit. For those users who do videoconferencing on laptops and always
take their laptops with them, the stand-alone scheme is suitable. For other users,
especially those who wish to share their indexed videoconferences, the Web-based
scheme is better. From the development point of view, the Web-based scheme is more
advanced at the cost of demanding more complex development efforts. Infact, the Web-
based scheme contains the stand-alone scheme; therefore, one can first implement a
stand-alone accessing module as a prototype, and then extend it to the Web-based
accessing module.

Webuiltaprototype system of aPV Al Swhoseindexed videoconference accessing
module is based on the stand-alone scheme. The searching interface and the review
interface are shown in Figure 9 and Figure 10, respectively.

The searching interface (Figure 9) istheinitial interface of the stand-alone appli-
cation. Initially, the conferencelist containsall indexed videoconferences stored in the
homedirectory of aPVAIS. Thelist of participantsand thelist of speakersarebothloaded
from the contact list. Other items are the searching criteria to be set by the user. For
example, the user wants to find a business videoconference about “New Y ork stock
exchange.” Heonly rememberstheapproxi mate date of thevideoconference, but forgets
who participated in the videoconference. However, he is sure that someone gave a
presentation on “Profit” in the videoconference, and that speaker used text chat,
whiteboard, and file exchange to communicate. Therefore, the user sets his searching
criteriaas shown in Figure 9. After the “ Search now!” button is pressed, the searching
enginewill searchthe XML index filesof all indexed videoconferencesand then update
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Figure 9. Searching interface of the accessing module of PVAIS
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the conference list with those satisfying the searching criteria. The user may select a
videoconference from the list and press the “Review archive” button to review the
videoconference (Figure 10). The other button, “Delete archive,” is used to delete a
selected videoconference.

The review interface (Figure 10) provides the management functions and the
synchronized presentation of an indexed videoconference. The user can set the confer-
encetypeor edit thosetextual indexingitems, such astitle, keywords, and speaker name.
On pressing the “Update archive” button, the updated information will be saved to the
XML index file and archives. Thisinterface displaysrich information (both static and
dynamic) of avideoconference. Thestaticinformationincludesdate and time, duration,
participants, title, and global keywords. Thedynamicinformationispresented duringthe
synchronized playback. When the user presses the m button to play the audio archive

Figure 10. Review interface of the accessing module of PVAIS
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or dragstheslideof audiotimeline, thecontentsinthe Current status” frame, “ Text list,”
“Remotevideo,” “Local video,” “ Slides,” and “ Whiteboard snapshots” will beautomati-
cally scrolled and highlighted according to the current time-stamp. The user may also
change the key framein the “ Remote video” and “Local video” windows or change the
highlighted contents in the text list, the slide list, or the whiteboard snapshot list to
change the current time-stamp. At any time during the playback, the user can press the
“Annotation” button to write comments or press the “Bookmarking” button to insert a
bookmark associated with the current time-stamp. These two operations will automati-
cally pause the playback until the operations are finished. The existing annotations are
showninthe“ Current status” frame. The* Jumptothebookmark” button allowstheuser
to quickly change to the time-stamp associated with the selected bookmark. The
annotation and bookmark information will be saved after pressing the“ Update archive’
button. The function of the“ Search archive” button isto finish the review and go back
to the searching interface.

SUBJECTIVE EVALUATION PROTOCOL

This section discusses how to evaluate the performance of a videoconference
indexing system. Since the ultimate goals of such systems are to augment people’'s
memory and to accelerate the content-based searching, the evaluation should be
conducted in terms of recall capability and search capability. The recall capability
demonstrates how the system helps the user to recall the information in the
videoconference, from the overall level to the detailed level. The search capability
indicates how the system supports various means to let the user locate the content of
interest quickly and correctly. Sinceitisstill difficult to devel op an objectiveevaluation
protocol to represent these high-level criteria, this section defines a subjective evalu-
ation protocol. Table 2 showsthe aspects eval uated by this protocol. The upper limit of
scoring for each aspect represents the weight of this aspect in its related capability.

Theevaluation of recall capability considerseight aspects, asshownintheleft half
of Table 2. The “ Subject” aspect checks whether the title and global keywords outline
the videoconference. The “Details’ aspect further examines whether the important
details can be retrieved from the archives. The “Participant” aspect focuses on the

Table 2. Aspects of subjective evaluation

Recall capability Sear ch capability

Aspect Symbol Scoring Aspect Symbol Scoring
Subject Ry 0~6 Time S 0~6
Details Ry 0~10 Topic S 0~10
Participant Rs 0~6 Participant S 0~6
Key frame accuracy Ry 0~8 Visual pattern S 0~8
Speech fidelity Rs 0~8 Aural pattern S 0~8
Supporting tools Rs 0~6 Textua pattern S 0~10
Presentation R; 0~10 Conference event S 0~6
Extensibility Rs 0~6 Nonlinear access S 0~10

Overall R=ZR 0~60 Overall S=X§ 0~64
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completenessof participant’ sinformation, includingjoining or leaving. The“Key frame
accuracy” aspect and the “ Speech fidelity” aspect evaluate the effect of removing the
redundancy in video and audio streams. The “ Supporting tools” aspect checks whether
the content in other communication tools, for example, text chat, whiteboard, and file
exchange, iswell indexed. The“ Presentation” aspect pays attention to the presentation
modes of all types of media and the capability of synchronized presentation. The
“Extensibility” aspect checks whether the recall capability can be extended by user’s
interactions, such asediting, annotation, and bookmarking. Theoverall recall capability
(R) sums up the scores of the above eight aspects.

The evaluation of search capability also considers eight aspects, as shown in the
right half of Table 2. For the top seven aspects, we evaluate how the system supports
searching by these aspects. For the “Nonlinear access’” aspect, we check whether the
system can automatically locate the point of interest in the searching result according
to the user’ s searching criteria. The overall searching capability (S) sums up the scores
of the above eight aspects.

After obtaining the scoresfor all eval uation aspects, the performance (denoted by
P) of avideoconference indexing system is calculated as follows:

P=a-B+(1—a)-§
60 64

Where aristo adjust theweightsof therecal | capability and the searching capability.
The default value of o is 0.5. Thus, P ranges from 0 to 1. The higher P is, the better
performance the videoconference indexing system achieves.

CONCLUSIONS

Thischapter focuses on the videoconference archiveindexing, which bearsdiffer-
ent characteristics from existing research on video indexing, lecture indexing, and
meeting support systems. We proposed a comprehensive personal videoconference
indexing framework, i.e., PV Al Sthat consistsof threemodul es: videoconferencearchive
acquisition module, videoconference archive indexing module, and indexed
videoconference accessing module. This chapter elaborated the design principles and
implementation methodol ogiesof each modul e, aswell astheintra- and inter-modul edata
and control flows. Based on the PVAIS framework, one can easily develop a
videoconference indexing system according to his/her specific requirements. Finally,
this chapter presented a subjective evaluation protocol for personal videoconference
indexing.
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Video Abstraction
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ABSTRACT

This chapter introduces Video Abstraction, which is a short representation of an
original video, and widely used in video cataloging, indexing, and retrieving. It
providesa general view of video abstraction and presents different methodsto produce
various video abstracts. Also, it discusses a new approach to obtain a video abstract
called video digest that uses the closed-caption information available in most videos.
The method is efficient in segmenting long videos and producing various lengths of
video abstracts automatically. The authors hope that this chapter not only gives
newcomers a general and broad view of video abstraction, but also benefits the
experienced researchers and professionals by presenting a comprehensive survey on
state- of-the-art video abstraction and video digest methods.

INTRODUCTION AND BACKGROUND

Thevolume of digital video data has been increasing significantly in recent years
dueto the wide use of multimediaapplicationsin the areas of education, entertainment,
business, and medicine. To handlethishugeamount of dataefficiently, many techniques
about video segmentation, indexing, and abstraction have emerged to catal og, index, and
retrieve the stored digital videos. Thetopic of this chapter isvideo abstraction, a short
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representation of an original video that helpsto enablethe fast browsing and retrieving
of the represented contents. A general view of video abstraction, itsrelated works, and
anew approach to generateit will be presented in thischapter. Digital video datarefers
to the video picture and audio information stored by the computer using digital format.
Inthischapter, theterms*“digital video,” “video,” “film,” and“movie” al refer toadigital
video unless specified with clarifications.

Before discussing the details of video abstraction, we provide readers with a
fundamental view on video. Video consists of acollection of video frames, where each
frameisapicture image. When avideo is being played, each frameis being displayed
sequentially withacertainframerate. Thetypical frameratesare30and 25 frames/second
as seen inthevariousvideo formats (NTSC, PAL, etc.). An hour of video has 108,000
or 90,000 framesif it hasa30 or 25 frames/second rate, respectively. Nomatter what kind
of videoformat isused, thisisahugeamount of data, anditisinefficient to handleavideo
by using all the framesit has. To addressthis problem, video isdivided into segments,
and more important and interesting segments are sel ected for ashorter form — avideo
abstraction. With granularity fromsmall to large, the segmentation resultscan beframe,
shot, scene, and video. Shot is a sequence of frames recorded in a single-camera
operation, and sceneis a collection of consecutive shots that have semantic similarity
inobject, person, space, andtime. Figure lillustratestherelationshipamongthem. Video
abstraction methods will use these notions of video structure.

There aretwo types of video abstraction, video summary and video skimming (Li,
Zhang, & Tretter, 2001). Video summary, also called a still abstract, is a set of salient
images (key frames) selected or reconstructed from an original video sequence. Video
skimming, also called amoving abstract, isacollection of image sequences along with
the corresponding audiosfromanoriginal video sequence. Video skimmingisalsocalled
apreview of an original video, and can be classified into two sub-types: highlight and
summary sequence. A highlight contains the most interesting and attractive parts of a
video, whileasummary sequencerenderstheimpression of the content of an entirevideo.
Among all typesof video abstractions, summary sequence conveysthehighest semantic
meaning of the content of anoriginal video. Wewill discussthedetailsof video summary
and video skimming in the next two sections of the chapter. Inalater section, webriefly
describe the future work, and give our concluding remarks in the last section.

Figure 1. Structure of video
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VIDEO SUMMARY

As mentioned in the Introduction, video summary is a set of salient images (key
frames) sel ected or reconstructed from an original video sequence. Therefore, selecting
salient images (key frames) from all the frames of an original videoisvery important to
get a video summary. Several different methods using shot boundaries, visually
perceptual features, feature spaces, and/or clusters will be discussed in the following
subsections.

Shot Boundary-based Key Frame Selection

Inthe shot boundary-based key frame selection, avideo issegmented into anumber
of shotsand oneor morekey framesare sel ected from each shot. Together, these selected
key framesform avideo summary. Therefore, the main concern of thisapproachishow
to detect shot boundaries. As mentioned in the previous section, a shot is defined as
acollection of framesrecorded from asingle-cameraoperation. The principle method-
ology of shot-boundary detection isto extract one or more features from the framesin
avideo sequence, and then the difference between two consecutive framesis computed
using the features. In case the difference is more than a certain threshold value, a shot
boundary is declared.

Many techniques have been developed to detect a shot boundary automatically.
These schemes mainly differ in the way the inter-frame difference is computed. The
difference can bedetermined by comparing the corresponding pixelsof two consecutive
frames(Ardizzone & Cascia, 1997; Gunsel, Ferman, & Tekalp, 1996; Swanberg, Shu, &
Jain, 1993). Color or grayscale histograms can be also used (Abdel-Modttaleb &
Dimitrova, 1996; Lienhart, Pfeiffer, & Effelsberg, 1996; Truong, Dorai, & Venkatesh, 2000;
Yu & Wolf, 1997). Alternatively, atechnique based on changes in the edges has also
been developed (Zabih, Miller, & Mai, 1995). Other schemes use domain knowledge
(Lienhart & Pfeiffer, 1997; Low, Tian, & Zhang, 1996), such aspredefined modelss, objects,
regions, etc. Hybrids of the above techniques have also been investigated (Adjeroh &
Lee, 1997; Chang, Chen, Meng, Sundaram, & Zhong, 1997; Jiang, Helal, Elmagarmid, &
Joshi, 1998; Oh & Hua, 2000; Oh, Hua, & Liang, 2000; Sun, Kankanhalli, Zhu, & Wu, 1998;
Taskiran & Delp, 1998; Wactlar, Christel, Gong, & Hauptmann, 1999). Figure2 shows
theframe differencesbetween two consecutive frames computed using the edge change
ratio(Zabihetal., 1995) inacertainrange (Frame#91900to Frame#91960) of avideo. As
seen in the figure, three shot boundaries, between Frame #91906 and Frame #91907,
between Frame#91930 and Frame#91931, and between Frame#91950 and Frame#91951
can be detected.

Once shot detection is completed, key frames are selected from each shot. For
example, thefirst, themiddle, or thelast frame of each shot can be sel ected askey frames
(Hammoud & Mohr, 2000). If asignificant change occurswithin ashot, morethan one
key frame can be selected for the shot (Dufaux, 2000).

Perceptual Feature-based Key Frame Selection

In the perceptual feature-based key frame selection, the first frame is selected
initially asthe most recent key frame, then the following frames are compared using the
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Figure 2. Example of frame differences by edge change ratio
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visually perceptual features. Theexamplesof thosefeaturesinclude color, motion, edge,
shape, and spatial relationship (Zhang, 1997). If thedifference betweenthecurrent frame
and the most recent key frame exceeds a predefined threshold, the current frame is
selected asakey frame. Wediscussthree methodsthat use different featuresasfollows.

Color-Based Selection

Color isone of the most important features for video frames; it can distinguish an
image from others since there is little possibility that two images of totally different
objects have very similar colors. Color histogram is a popular method to describe the
color feature in a frame due to its simplicity and accuracy. It selects N color bins to
represent the entire color space of avideo and counts how many pixels belong to each
color bin of each frame. Zhang (1997) first quantizesthe col or spaceinto 64 super-cells.
Then, a64-bin color histogram is calculated for each frame where each bin is assigned
thenormalized count of thenumber of pixels. Thedistance(D,,_(I,Q)) betweentwo color
histograms, | and Q, each consisting of N bins, is quantified by the following metric:

N-1N-1

Dhis(I!Q)zzzaij(li_Qi)(lj_Qj) (D)

i=0 j=

where the matrix a, represents the similarity between the colors corresponding to bins
i andj, respectively. Thismatrix needsto be determined from human visual perception
studies. If a, isanidentity matrix, thisequation measuresthe Euclidean distance between
two color histograms.

After thefirst key frameis decided manually, the color histograms of consecutive
frames are compared with that of the last selected key frame using Equation (1). If the
distanceislarger than apredefined threshold, the current frameisdecided asthelast key
frame. The user can change the threshold val ue to control the amount of key frames. A
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larger threshold will produce less key frames. On the contrary, alower threshold will
produce more key frames.

Motion-Based Selection

A color histogram isinsensitive to cameraand object motion (Wolf, 1996; Zhang,
1997). Infilm production, adirector often pansand zoomsthe camerafrom onelocation
to another to show the connection between two events. Similarly, several distinct and
important gesturesby apersonwill appear in oneshot. Therefore, color-based key frame
selection may not be enough to render the visual contents of ashot. Wolf (1996) uses
motionsto identify key frames. In the algorithm for key frame identification, amotion
metric, M(t) based on optical flow is computed for frame t with a size of r"c using the
followingformula:

ME)=Y Ylo,l..t)+[o,(.i.t) @)

i=1 j=1

whereo (i, j, t) isthe x component of optical flow of apixel positionedi and j inframe
tand similarly oy(i ,J, 1) for they component. Then, the metricisanalyzed asafunction
of timeto select key frames at the minima of motion.

The analysis begins at t=0, and identifies two local maxima, m, and m, using
Equation (2) such that the difference between the two values (m, and m,) islarger than
apredefinedthreshold. A framewithavalueof thelocal minimum of M(t) between these
two local maximais selected as akey frame. The current m, is selected as m;, and the
algorithm continuesto find the next m, in temporal order. Figure 3 showsthe values of

Figure 3. Values of M(t)s and key frames from a shot in the movie, The Mask
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M(t)sfor theframesin ashot and acouple of key frames sel ected by thealgorithm. The
M(t) curve clearly showsthe local maximaand minimaof motion in the shot.

Object-based Selection

Object-based key frame sel ection methods can be found in the literature (Ferman,
Gunsel, & Tekalp1997; Kim & Huang, 2001). Figure4illustratestheintegrated scheme
for object-based key frameextraction (KFE) (Kim & Huang, 2001), which can bebriefly
described as follows.

First, it computesthedifference of the number of regionsbetweenthelast key frame
andthecurrent frame. When thedifferenceexceedsacertain threshold value, the current
frameis considered as anew key frame assuming a different event occurs.

In case the difference is less than a certain threshold value, two 7-dimensional
featurevectors(x, andx ) for thecurrent frameandthelast key framearegenerated using
the seven Hu moments (Nagasaka & Tanaka, 1991; Zhang, 1997), which are known as
reasonabl e shape descriptors. Then, thedistance, D(F_,, F,) iscomputed betweenx, and
X, DY using the city block distance measure (Zhang, 1997). Because the city block
distance, whichisalso called the“ Manhattan metric,” isthe sum of the distancesamong
all variables, it can measure spatial closeness, which hel psto decidewhether the current
frame can be anew key frame. If thisdifference exceeds a given threshold value, the
current frame is selected as a new key frame in the same event.

Feature Vector Space-based Key Frame Selection

The feature vector space-based key frame selection (DeMenthon, Kobla, &
Doermann, 1998; Zhao, Qi, Li, Y ang, & Zhang, 2000) considersthat theframesinavideo
sequence are characterized by not just one but multiple features. Each frame can be
represented by a vector with multiple features, which is a point in multi-dimensional
feature space. Andtheentirefeaturevectorsof theframesinavideo sequence canform
acurveinthefeature space. Key framesare selected based on the property of the curve
such as sharp corners or transformations. These perceptually significant pointsin the
curve can be obtained by the multidimensional curve splitting algorithm, which was
proposed by Ramer (1972).

Figure 4. Block diagram of integrated system for object-based key frame extraction
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Figure 5. Curve-splitting algorithm
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For illustrative purposes, we consider the two dimensional space (Figure5). f and
fj inFigure5(a) and (b) represent two feature vectorsof thefirst frameand thelast frame
inavideo, respectively. The curve representsthe feature vectors of the entire framesin
avideo. A new Cartesian coordinate system will be built by the axis, A, pointing fromf,
to fj andtheorthogonal axis, A,". Themaximum distance, d_ between the curve and the
axis, A, iscalculated, and compared with the predefined threshold (x). If d_ islarger than
X, the curve will be split into two curve piecesff andf f, and the same procedureis
applied recursively to each of the two curve segments (Figure 5b) until the maximum
distance is smaller than the threshold, x.

Inthe multi-dimensional feature space, we denote afeaturevector, f_of eachframe
inavideo sequenceasthefollowing:f ={f ,f,,...,f_},wherenisthedimensionof the
feature space. Asshownin Figure 6, the distance between the feature point, f_and the
featureline, ff iscalculated by thefollowings: Dist(f , ff )=If -pJ,where p,= f+m(f -f)
andm=(f f)(f f)/(f -B)(E-F).-

Thedifference between frames F,and F can be measured asthe Euclidean distance
in the feature space. The shape and the dimensionality of the feature curve in avideo
sequence can be formed based on the feature vectors to characterize each individual
frame. Therefore, choice of proper featuresisan important factor for thefeature vector
space-based key frame selection.

Figure 6. Multi-dimensional feature space
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Cluster-based Key Frame Selection

If the number of key framesfor each shotislimited to one, it may not represent the
content of ashot very well since the complexity of each shot ishardly reflected by one
frame. Several key frame-sel ection techniques based on clustering have been proposed
(Hanjalic & Zhang, 1999; Sun et al., 1998; Uchihashi, 1999; Wolf, 1996; Zhuang, Rui,
Huang, & Mehrotra, 1998) that select a proper number of key frames from a shot.

In abrief explanation of the cluster-based key frame selection, agiven shot, s has
N number of frames, and these N number of frames, {f,, f,, ..., f,} are clustered into M
number of clusters,{C,,C,, ...,C,}. Thisclusteringisbased on the similarity measures
among frames, where the similarity of two framesis defined as the similarity of their
features, such ascolor, texture, shape, or acombination of theabove. Initially, thefirst
frame, f, is selected as the centroid of the first cluster. Then, the similarity values are
measured between the next framef, and the centroids of existing clustersC, (k=1, 2, ...,
M), such that themaximum valueanditscorresponding cluster, CJ. aredetermined. If this
maximumvalueislessthanacertainthresholdvalue, it meansframef, isnot closeenough
tobeaddedinto any existing cluster, thenanew cluster isformedfor framef,. Otherwise,
framef, isput into the corresponding cluster, C.. The above processisrepeated until the
last frame f is assigned into a cluster. Thisisasimple clustering algorithm, but more
sophisticated algorithms(e.g., K-mean[Ngo, Pong, & Zhang, 2001]) can beused. After
the clusters are constructed, the representative frames are extracted as key frames from
the clusters.

Zhuang et al. (1998) usethe color histogram of aframeasthefeature and select the
framethat is closest to the centroid of acluster asakey frame. They also consider the
cluster sizesuchthat if thesizeof aclusterissmaller than apredefined value, thosesmaller
clustersaremergedintoalarger oneusingapruningtechnique. Sunetal. (1998) perform
an iterative partitional-clustering procedurefor key frame selection. First, adifference
iscomputed between thefirst and last framesin each shot. If thedifferenceislessthan
athresholdvalue, only thefirst and last framesare selected askey frames. If thedifference
exceedsathreshold valueandthesizeof thecluster issmaller than thetolerable maximum
size, all framesinthecluster aretaken askey frames. Evenif thedifferenceislarger than
the threshold but the size of the cluster is larger than the tolerable size, the cluster is
dividedinto sub-clusterswiththe samesize, and the partiti onal -clustering procedurefor
each sub-cluster isiterated. Hammoud and Mohr (2000) extract multiple key-framesto
represent acluster. First, they select akey framethat isthe closest frameto the centroid
of acluster. Thesimilarity betweenthekey frameand eachframeinaclusteriscal culated.
If thissimilarity islarger than apredefined similarity threshold, the frameisadded to a
set of key frames. A temporal filter isapplied ontheset of all selected key framesin order
to eliminate the overlapping cases among the constructed clusters of frames.

Other Methods

There are other methods for selecting key frames besidesthe key frame extraction
methods mentioned above. The most intuitive way isto select key frames by sampling
at fixed or random distances among frames. The others include face and skin-color
detection-based (Dufaux, 2000), statistic-based (Y fantis, 2001), and time-constrained-
based (Girgensohn & Boreczky, 2000) methods. |deas combining several of the above
methods are al so very common in practice.
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VIDEO SKIMMING

As mentioned at the beginning of this chapter, video abstraction is classified into
two types: video summary and video skimming. We have discussed methods in getting
video summary inthe previoussection. Inthissection, themethodsfor producing video
skimmingwill beexplored. Video skimming consistsof acollection of image sequences
along with the related audios from an original video. It possesses a higher level of
semantic meaning of an original video than thevideo summary does. Wewill discussthe
video skimming in the following two subsections according to its classification: high-
light and summary sequence.

Highlight

A highlight has the most interesting parts of avideo. It issimilar to atrailer of a
movie, showing the most attractive sceneswithout revealing the ending of afilm. Thus,
highlightisusedinafilm domainfrequently. A general method to produce highlightsis
discussed here. Thebasicideaof producing ahighlightisto extract themostinteresting
and exciting scenes that contain important people, sounds, and actions, then concat-
enatethemtogether (Kang, 2001a; Pfeiffer, Lienhart, Fischer, & Effelsberg, 1996). Itis
illustratedin Figure7.

Pfeiffer etal. (1996) used visual featuresto produceahighlight of afeaturefilmand
stated that a good cinema trailer must have the following five features: (1) important
objects/people, (2) action, (3) mood, (4) dialog, and (5) a disguised ending. These
features mean that a highlight should include important objects and people appearing
inanoriginal film, many actionsto attract viewers, thebasic mood of amovie, and dialogs
containing important information. Finally, the highlight needs to hide the ending of a
movie.

In the VAbstract system (Pfeiffer et al., 1996), a scene is considered as the basic
entity for ahighlight. Therefore, the scene boundary detection is performed first using
existing techniques (K ang, 2001b; Sundaram & Chang, 2000; Wang & Chua, 2002; Zabih
etal., 1995). Then,itfindsthehigh-contrast scenestofulfill thetrailer Feature 1, thehigh-
motion scenesto fulfill Feature 2, the sceneswith basic color composition similar to the
average color composition of thewholemovietofulfill Feature 3, thesceneswith dialog
of various speeches to fulfill Feature 4, and deletes any scene from the last part of an
original video to fulfill Feature 5. Finally, all the selected scenes are concatenated
together in temporal order to form a movie trailer. Figure 8 shows the abstracting
algorithm in the VAbstract system.

Figure 7. Diagram of producing a video highlight
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Figure 8. VAbstract abstracting algorithm
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Wewill now discussthemain stepsin VAbstract system, which are sceneboundary
detection, extraction of dialog scene, extraction of high-motion scene, and extraction of
average color. More details can be found in Pfeiffer et al. (1996).

. Scene Boundary Detection: Scene change can be determined by the combination
of video- and audio-cut detections. Video-cut detection finds sharp transition,
namely cut between frames. The results of this video-cut detection are shots. To
group therelevant shotsinto ascene, audio-cut detectionisused. A video cut can
bedetected by using color histogram. If thecol or histogram difference betweentwo
consecutive frames exceeds a threshold, then a cut is determined. The details of
the audio-cut detection method can be found in Gerum (1996).

. Extraction of Dialog Scene: A heuristic method is used to detect dialog scenes.
Itisbased onthefinding that adialog ischaracterized by the existenceof two“a’s
with significantly different fundamental frequencies, which indicates that those
two “a’s are spoken by two different people. Therefore, the audio track is first
transformed to a short-term frequency spectrum and then normalized to compare
with the spectrum of a spoken “a.” Because “a@’ is spoken as a long sound and
occurs frequently in most conversations, this heuristic method is easy to imple-
ment and effectivein practice.

. Extraction of High-Motion Scene: Motion in a scene often includes camera
motion, object motion, or both. Therelated motion-detection methods can befound
in Section 2.2.2, and in Oh and Sankuratri (2002). A scene with a high degree of
motion will beincluded in the highlight.

. Extraction of Average Color Scene: A video’'s mood is embodied by the colors
of each frame. The scenes in the highlight should have the color compositions
similar to the entire video. Here, the color composition has physical color
properties such as luminance, hue, and saturation. It computesthe average color
composition of the entire video and finds scenes whose color compositions are
similar to the average.

Summary Seguence

Being different from highlight, which focuses on the most interesting parts of a
video, summary sequence renders the impressions of the content of an entire video. It
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conveysthe highest level of semantic meaning of an original video among all thevideo
abstraction categories. Some representative methods, such astime compression-based,
model-based, and text- and speech-recognition- based methods are discussed in the
following subsections.

Time Compression-Based Method

The methods to obtain summary sequence are diverse. Text- and speech-recogni-
tion- based and model-based methods are two major categories. Also, there are other
methods such asthe speed-up method to generate avideo skimming. Omoigui He, Gupta,
Grudin, and Sanocki, (1999) use atime-compression technology to speed up watching
avideo. Thistime-compression method consists of two aspects: audio compression and
video compression. In this section, we will describe them briefly.

Audio compression can be obtainedinavery intuitiveway. Supposewedividethe
entire audio clip into the equal-sized segments with alength of 100 milliseconds (ms)
each. If wedeletea25 msportionfrom each segment and concatenate all theremaining
75 ms portions, the total length of the entire audio will be reduced to three-quarters of
the original one. The drawback of this simple method is that there is some sound
distortion, although theintelligibility of the audio (speech) isun-affected. Other ways
toimprovethequality of audiotime-compression are sel ective sampling (Neuburg, 1978),
sampling with dichotic presentation (Orr, 1971), and Short-Time Fourier Transform
(Griffin& Lim, 1984).

Asto video compression, it simply dropsthe frames according to the compression
ratio of the audio. If we use the audio time-compression example mentioned above, in
whichtheaudioiscompressed to three-quartersof an original video, then oneframewill
be dropped for every four video frames.

Model -Based Method

Some types of videos have fixed structures that can facilitate the process of
extracting important segments. Sports and news programs may fall into this category.
A number of video- skimming methods based on the modeling for these types of videos
have been reported (Babaguchi, 2000; Li & Sezan, 2002). The basic ideaof the model-
based method is to use the special structure of the video to select its most important
scenes. Thesespecial structuresincludefixed scene structures, dominant locations, and
backgrounds. Figure 9 shows the basic idea.

A model-based approachinLi and Sezan (2002) depictshow to model videosbased
on their domain knowledge. We will describe the details of the method in this section.
Li and Sezan summarizethe American footbal | broadcast video by defining aset of plays
appearing inan entiregame. Theideaisthat first, the start of aplay isdetected by using
fieldcolor, fieldlines, cameramotions, teamjersey colors, and player line-ups. Second,

Figure 9. Model-based method for summary sequence
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Figure 10. Diagram of a football video summarizer
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the end of the play isdetected by finding camerabreaks after the play starts. At last, the
waveform of theaudioisusedto find themost exciting plays, and asummary of thegame
isconstructed by combining them. Figure 10 givesageneral view of the whole process.

The method comes out from the observation that generally a football broadcast
lasts about three hours but the actual game time is only 60 minutes. There are many
unexciting video segmentsinthebroadcast when, for example, theball is“dead” or there
isnoplay. Therefore, the method definesa“play” asthe period between the time when
the offensive team hasthe ball and isabout to attempt an advance and thetime when the
ball isdead. Thewholefootball videoismodeled asaseriesof “plays” interleaved with
non-plays. Figure 11 illustrates the structure model of the football video.

Text- and Speech-Recognition-based Method

As mentioned in the previous section, the model-based approach can only be
applied to certain types of videos such as sports or news programs that have a certain
type of fixed structures. However, most of the other videos do not have these structures.
In other words, we need adifferent approach to apply to general videosthat do not have
any structurefor modeling. Toaddressthisproblem, theaudioinformation— especially
speech in avideo — is widely used. This speech information can be obtained from
caption data or speech recognition. Caption data usually helps people with hearing
problemswatch TV programs. Now itisbroadly used by themain TV channelsand many
educational audio and video materials. There are two types of captions, namely, open

Figure11. Structure model of football video (the inner loop (in dotted line) meansthat
there may have no non-play between plays)
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caption and closed caption. Open-caption dataisstored and displayed asapart of video
frames. Closed-caption datais stored separately from each video frame and displayed
as an overlap on video frames. When there is no caption data provided, speech
recognition technologies are used to obtain the corresponding text information. Some
brandsof commercial speech recognition softwareareavailablewith good performance,
such as Dragon Naturally Speaking by Scan Soft and Via Voice by IBM.

Inthissection, first, thegeneral ideaof existing methodsusing thetext from caption
data or speech recognition to get summary sequence will be presented. Then, a new
method called video digest is discussed.

General Ideaof ExistingM ethods

The general idea of text- and speech-recognition based methods (Agnihoti, 2001;
Alexander, 1997; Christel, Smith, Taylor, & Winkler1998; Fujimura, Honda, & Uehara,
2002; He, Sanoki, Gupta, & Grudin, 1999; Li, 2001; Smith& Kanade, 1997; Taskiran, Amir,
Ponceleon, & Delp, 2002) issimple, and fallsinto four steps:

Step 1. Segment avideo into anumber of shots (or scenes) according to its visual and/
or audio (not speech) contents.

Step 2. Obtaintext information from thevideo by capturing caption dataor using speech
recognition. One (i.e., Signal to Noise Ratio (SNR) technique) of the natural
language processing (NLP) techniques is used to get the dominant words or
phrases from the text information.

Step 3. Find the shots (or scenes) including the dominant words or phrases obtained in
Step 2.

Step 4. Concatenate the corresponding shots (or scenes) obtained in Step 3 together in
temporal order.

Themaindrawbacksof the existing approach areasfollows. First, the segmentation
results do not always reflect the semantic decomposition of avideo, so the generated
summary isnot alwaysoptimal. Therefore, we need adifferent ssgmentation technique
that considersthe semantic of avideo. Second, the dominant words or phrases may not
be distributed uniformly throughout a video so that the generated summary may miss
certain parts of thevideo. Thus, we need to get different units (e.g., sentences) instead
of dominant words or phrases. Third, the existing approach produces only one version
(withafixedlength) of asummary fromavideo duetothelack of itsflexibility. However,
it is desirable to have several versions (with various lengths) of summaries to satisfy
numerous applicationswith diverserequirements. Fourth, someexisting approachesare
dependent upon a number of specific symbols (e.g., “>", “>>", or “>>>") in caption or
domain knowledge so that they cannot be applied generally. We need a new approach
independent of any specific symbol or domain knowledge. To address the four issues
above, we introduce a new approach for video-summary sequence as follows.

Top-down Approachfor Video Segmentation

Thefirst task for video-summary sequenceisto partition avideo into anumber of
segments. Theexisting methodsfor video- summary sequence adapt one of the existing
shot- boundary detection (SBD) techniques to get the segments that are shots (or
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scenes). As mentioned previously, these SBD techniques are bottom-up, in which a
sequence of framesis extracted from avideo and two consecutive frames are compared
to find a boundary. Since these shots are very short, a number of related shots are
grouped into a scene. However, it is still an open problem to find optimal scene
boundaries by grouping related shots automatically, as mentioned in the literatures
(Corridoni, Bimbo, Lucarella, & Wenxue, 1996; Jiang & Elmagarmid, 1998; Rui, Huang, &
Mehratra, 1999; Zhong, Zhang, & Chang, 1997). To address this, we segment avideo
based on top-down fashion. In our technique, avideo is segmented into a number of
paragraphs using the time gaps that do not have any audio. We call this segment
“paragraph” sinceitisbased on the entiretext informationinavideo. Figure 12 shows
asampleof aclosed-caption script for adocumentary, “ TheGreat War.” Thetime-stamps
(that haveatimeformat of hour: minute: second: 1/100 second, and aretherel ativetimes
from the beginning of video) in thefirst columnindicate the starting times of the audios
(i.e., speech, music, etc.) in the second column. However, ablank lineis occasionally
followed by atime-stamp. For example, thefourthtime-stamp (0:1:40:75) isfollowed by
ablank line, and thefifthtime-stamp (0:1:42:78) hasasentence. Inother words, ano-audio
timegap lastsaround two seconds (00:1:40: 75~ 00:1:42:78) between [ Dramatic Music]
andasentence“|TCOLORED EVERYTHING...".

We usetheseno-audio time gapsto segment avideo, but, we only consider the gaps
between sentences, music, or sound effects. The gapsinthe middle of sentences, music,
or sound effects are not used for the segmentation. Figure 13 showsthe no-audio time
gaps between audios in Figure 12. The long gap between two audios implies semantic
segmentation of the original script. In Figure 13, thetwo largest gaps, #5 and #7, with
durationslarger than 10 secondsdividethe script into three paragraphs. Each paragraph
talksabout different topics. Thefirst paragraph, which isbefore Gap #5, tellsabout the
influence of the World War; the second paragraph, which is between Gap #5 and #7,
states the contributors of the video; the third paragraph, which is after Gap #7, begins
to state a story about aman. In general, an entire video is segmented into a number of
paragraphsbased on the predefined threshold (e.g., 10 seconds) about the no-audio time
gap. If aparagraphistoo long, it isre-segmented into subparagraphs.

Summary-Sequence Generation

After avideo is segmented into the paragraphs (or subparagraphs), we extract not
the words or phrases but the dominant sentences by using one of the Natural L anguage
Processing tools. We can get a number of different versions of summaries that have
various lengths by controlling the number of dominant sentences per paragraph (or
subparagraph). Since every sentence has its beginning time-stamp and ending time-
stamp (whichisthebeginning of the next one), itisconvenient to extract audio and video
corresponding to atarget sentence. Suppose the sentence, “THISIS THE STORY OF
THEMEN AND WOMEN ON FIVE CONTINENTS FORWHOM THE WARWASA
DEFININGMOMENT OF THEIRLIVES” inFigure12, appearsinthe summarized text.
Then, weuseitsbeginningtime-stamp“0:1:24:71" and ending time-stamp “0:1:32:12" to
allocate the corresponding audio and video with alength of 7.41 seconds.

Theresult of our video-skimming approach iscalled video digest to distinguish it
from the others. Here are the steps of our approach to get video digest:
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Figure 12. Sample of closed-caption script for “ The Great War”

TimeSarp Text Contert
\ r
0 12471 THISISTHE STORY OF THEMEN
AND WOMEN ON 5 CONTINENTS
0 1:2866 FORWHOM THE WARWASA DEANING
MOMENT OF THEIRLIVES
0121 [Dravetic Musd
0 14075
014278 IT COLORED EVERYTHING
THAT CAME BEFORE... .
0 14481 <« BlakLine
01499 AND SHADOAED EVERYTHING
THAT FOLLOWED.
01517
0 1530 [Bxplosior]
0 156:%
0243 [ThemeMusd
021266
023%% THISPROGRAM WASMADE PFOSSBLE
BY A GRANT FROM:
0 24061 A FEDERAL AGENCY THAT
SUPPORTSRESEARCH, EDUCATION,
0 24391 AND HUMANITIESPROGRAMS
FORTHE GENERAL PUBLIC.
024721 ANDBY:
02529 FUNDING FOR THISPROGRAM
WASALSOPROVIDED BY:
02583% AND BY ANNUAL ANANCIAL
SUPPORT FROM...
03187
0332 [ThemeMusd
03868
0317:60
03191 [Explosiong
032670 (Naretor)
ONONE OF THELAST
NIGHTSOFWOR DWARI,
032966 A YOUNGBRITISHSOLDIER
LIEUTENANT WLFRED OAEN,
03351  TOOK REFUGE FROM THE SHELLING
INTHE CELLAR OF AN OUTHOUSE
03BPR
033927  OWENAND THESOLDIERSWITHHIM
WEREINHIGHSARITS

Step 1. Extract the closed-caption script (including time-stamp) asseenin Figure 12 from
avideo using a caption-decoder device. If caption datais not available, speech
recognition can be used to get the same text information.

Step 2. Compute the no-audio time gapsfollowed by the blank lines as shown in Figure
13, then segment the entiretext into paragraphs (or subparagraphs) based onthese
gaps, using a certain threshold.
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Figure 13. No-audio time gapsin Figure 12

[ Gap #] [Start Time} [End Time} [Durationj

\ \j \j Y

1 00:01:40: 75 - 00:01:42:78 2.03
2 00:01:44:81 - 00: 01: 49: 09 4.28
3 00:01:51: 07 - 00:01:55:30 4.23
4 00: 01:56: 95 -  00: 02: 04: 03 7.08
5 00: 02:12:66 - 00: 02: 34: 96 22.30
6 00:03:01: 87 - 00:03:03: 02 115
7 00:03:08:68 - 00:03:19: 01 10.33
8 00:03:35:92 - 00:03:39: 27 3.35

Step 3. Extract anumber of dominant sentencesfrom each paragraph (or subparagraph).
We can control the length of the summary by controlling the number of dominant
sentences.

Step 4. Extract videos and audios corresponding to the dominant sentences and
concatenate them together in the temporal order.

The advantages of our approach are:

. Our segmentation resultsrefl ect the semantic decomposition of avideo so that the
generated summary isoptimal.

. Instead of words or phrases, weintroduce amore effective and efficient unit — a
sentence — for video segmentation and summary generation.

. Our approach can build several versions (with various lengths) of summaries to
satisfy numerous applications with diverse requirements.

. The proposed approach isindependent of any specific symbol or domain knowl-
edge.

. Since our approach is based on the spoken sentences, seamless concatenation is
easy to achieve automatically.

Experiment Results of Segmentation

Six documentary videos, “The Great War,” “Solar Blast,” “Brooklyn Bridge,”
“Nature’ sCheats,” “ Poison Dart Frogs,” and“ Red Monkey of Zanzibar,” areused asthe
test materials. A number of segments separated by the no-audio time gaps whose
duration is larger than 10 seconds are shown in Table 1.

For exampl e, Figure 14 showstheentireno-audiotime gapsfor avideo, “ The Great
War.” There are 11 gaps larger than 10 seconds that separate the entire video into 12
segments (paragraphs).

To measurethe effectiveness of our text segmentation approach, we usetherecall
and precisionmetrics. Recall (C/T) istheratio of thenumber (C) of paragraph boundaries
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Table 1. Segmentation results for test videos (video length format is hh:mm:ss: 1/
100second)

Video Name Video Length | Paragraphs
The Great War 00:58:38:20 12
Red Monkey of Zanzibar | 00:26:52:20 19
Solar Blast 00:57:07:15 16
Nature's Cheats 00:26:40:09 7
Poison Dart Frogs 00:27:12:18 19
Brooklyn Bridge 01:01:16:10 15
Total 04:17:45:92 88

detected correctly over the actual number (T) of paragraph boundaries. Precision (C/D)
istheratio of the number (C) of paragraph boundaries detected correctly over the total
number (D) of paragraph boundariesdetected correctly or incorrectly. The performance
of our method isillustrated in Table 2. The actual number (T) of paragraph boundaries
of each video issubjectively defined based on our understanding of the content because
theoriginal scriptsof all thevideosare not in paragraph format. Theremay beavariant
value of T, depending on different segmentation granularities used.

Asseenin Table 2, the overall results are very good. However, the performance
for thevideo, “Nature’ s Cheats” is not as good as the others because it has a collection
of different natural phenomena, and there are some long, speechless portions in the
original video that use just pictures to depict the phenomena.

Figure 14. Pauses of video in “ The Great War”

25

20

15
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Pause Length (Second)
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Table 2. Recall and precision of video digest

Video Name C D T C/ID CIT
The Great War 11 11 11 1 1
Red Monkey of Zanzibar 18 18 18 1 1
Solar Blast 15 15 15 1 1
Nature's Cheats 5 6 5 0.83 1
Poison Dart Frogs 18 18 18 1 1
Brooklyn Bridge 14 14 14 1 1

Experiment Results of Text Summarization

In our experiments, we use the AutoSummari ze tool of Microsoft Word to extract
the dominant sentences from the original text script because of its convenience in
changing the summary length. Figure 15 shows the AutoSummarize dialog window
requiring the user to choose “ Type of summary” and “Length of summary.”

Here, we give an example of applying different summarization ratios to the third
paragraph that is segmented from the video, “The Great War,” using the proposed
technique. The actual content of the paragraph is shown in Figure 16.

The results of applying different summarization ratios by changing “Percent of
Original” in Figure 15 areshownin Figure 17 (a), (b), and (c). If we put 5% as*“ Percent
of Original,” weget theresultin Figure 17(a) (Ieft). In other words, the most important

Figure 15. Dialog window of AutoSummarize

AutoSummarize

Ward has examined the document and picked the sentences most relevant
to the main themes,

Type of summary

Highlight key points | Insert an executive
= surarnary or abskrack
at the top aof the
document
e — Create a new Hide everything buk
= document and puk the = the summary withouk
summary there leaving the original
document
Length of summarsy
Percent of original: 20%: -
SUMMmMaky 1,676 words in 166 sentences
original document: 8,403 words in 623 senkences

Iv Update docurment skatistics {click Properties on the File menu)

OF, | Cancel
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Figure 16. The third paragraph of “ The Great War”

On one of the last nights of World War |, ayoung British soldier, lieutenant
Wilfred Owen, took refuge from the shelling in the cellar of an outhouse. Owen
and the soldiers with him were in high spirits. There was finaly hope they'd live to
see the end of the war. My dearest mother, so thick is the smoke in this cellar that |
can hardly see by acandle 12 inches away. So thick are the inmatesthat | can
hardly write for pokes, nudges and jolts. On my left, the company commander
snores on abench. It isa great life. | am more oblivious than aas, yourself, dear
mother, of the ghastly glimmering of the guns outside and the hollow crashing of
the shells. | hopeyou areaswarm as| am, assereneas| amin here. | am certain
you could not be visited by aband of friends haf so fine as surround me here.
There's no danger down here, or if any, it will be well over before you read these
lines. At 11:00 on November 11, 1918, the war ended. One hour later, in the
English town of Shrewsbury, there was a knock on the door of this house, the
home of Tom and Susan Owen. Astheir neighbors celebrated the end of the war,
the Owens were handed atelegram. Inthe war's fina week, their son Wilfred had
been killed, shot in one of the last assaults on the German lines. Wilfred Owen is
known as one of his nation's greatest poets. The loss of such apromising lifewas a
tragedy. And yet, he was just one of 9 million people killed in WWI. Of al the
questions, these come first: how did it happen? And why?

5% of this paragraph isasentence, “At 11:00 on November 11, 1918, thewar ended.” If
we put 10% as “ Percent of Original,” we get theresult in Figure 17(a) (right). If we put
20% as “ Percent of Original,” we get theresult in Figure 17(b), and so on.

The relationship among these different lengths of summariesisthat the summary
result of the larger summary ratio includesthat of the smaller summary ratio asseenin
Figure18. For instance, thesummary result of the 20% ratioincludesall that of the 10%.
Thesummary contentsof the 20~40% ratiosarefound to expresstheideaof the paragraph
reasonably.

Astheexamplesof using different summary ratiosdemonstrate, all six videosinour
test set are segmented into the corresponding number of paragraphsasseenin Table 1
by using a 10- second threshold for the no-audio time gaps. Then, by applying different
summarizationratios, weget theresultsin Table 3 (Timeformat ishh:mm:ss: 1/100s). It
isvery useful for auser since she/he can choose any ratio at runtime. If auser just wants
to see a quick view for the semantic meaning of the video content, the user can select
a brief video digest of about 5~10% of the original video length. Larger ratio values
(50~80%) can be used for various purposes, in case of time shortage. Figure 19, 20, and
21 show theactual contentsof summariesusingthe5%ratiofromthreetest videos, “ Red
Monkey of Zanzibar,” “Nature's Cheats,” and “Poison Dart Frogs.” As seen in these
figures, they have the most important points in the videos.

FUTURE WORK

The preliminary result of our video digest method is promising. It is efficient in
keeping the semantic meaning of the original video content, and provides various

Copyright © 2005, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of ldea Group Inc. is prohibited.



340 Oh, Wen, Hwang, & Lee

Figure 17(a). Summary results of ratio 5% (left) and 10% (right)

At 11:00 on November 11, 1918, On one of the last nights of World War |, ayoung
the war ended. British soldier, lieutenant Wilfred Owen, took
refuge from the shelling in the cellar of an
outhouse. At 11:00 on November 11, 1918, the war
ended.

Figure 17(b). Summary result of ratio 20%

On one of the last nights of World War |, ayoung British soldier, lieutenant Wilfred Owen, took
refuge from the shelling in the cellar of an outhouse. Itisagreat life. At 11:00 on November 11,
1918, the war ended. Wilfred Owen is known as one of his nation's greatest poets.

Figure 17(c). Summary result of ratio 50%

On one of the last nights of World War |, ayoung British soldier, lieutenant Wilfred Owen, took
refuge from the shelling in the cellar of an outhouse. Owen and the soldiers with him werein
high spirits. There was finally hope they'd live to see the end of the war. So thick are the inmates
that | can hardly write for pokes, nudges and jolts. On my |e&ft, the company commander snores
on abench. Itisagreat life. | am more oblivious than alas, yourself, dear mother, of the ghastly
glimmering of the guns outside and the hollow crashing of the shells. At 11:00 on November 11,
1918, the war ended. In the war'sfinal week, their son Wilfred had been killed, shot in one of
the last assaults on the German lines. Wilfred Owen is known as one of his nation's greatest
poets. The loss of such a promising life was a tragedy.

Figure 18. Relationship among the different lengths of summaries

10% 20% ) 30 %

versions with various lengths of video summaries automatically. To improve the
proposed scheme more, we will address the following issues:

i Currently, we are using 10 seconds as a threshold value for paragraph segmenta-
tion. Thisvalue cannot beuniversal for all different typesof videos. Wewill study
an algorithm to find an optimal value for each video since one value for all types
isnot practical.
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Table 3. Different summarization ratios of six test videos

Text 5% 10% 20% 50% 100%
Per centage
The Great War 00:02:47 00:05:20 00:10:05 00:24:24 00:58:34
Red Monkey of 00:00:42 | 00:0201 | 00:03:22 | 00:09:00 | 00:26:52
Zanzibar

Solar Blast 00:02:31 00:04:29 00:09:13 00:15:25 00:57:.07
Nature's Cheats 00:00:48 00:02:05 00:03:58 00:12:31 00:26:40
Poison Dart Frogs 00:00:39 00:02:08 00:03:28 00:09:35 00:27:12
Brooklyn Bridge 00:03:06 00:05:28 00:09:45 00:27:50 01:01:16
Total 00:10:33 00:21:31 00:39:41 01:38:45 04:17:41

Figure 19. Summary result of “ Red Monkey of Zanzibar” using ratio 5%

Shy and reclusive, these monkeys are lazing high in the trees the way forest monkeys have
aways lived. Zanzibar Island, 25 miles from the Tanzanian coast. Remarkably, every Shamba
monkey seems to know that there's nothing like a piece of charcoal to ease indigestion. As more
and more bush is destroyed, the duikers may have no place left to hide. A greater bush baby. In
the forest, the smell of smokeisa smell of danger. Soon the whole troop finds the courage to
taste the charred sticks.

Figure 20. Summary result of “ Nature's Cheats” using ratio 5%

Strong males fight for the right to win females. The plumage of the males variesin color. Not al
females are won by fighting. Male Natterjack toads court their females by serenading them at
dusk. Ant larvae and eggs are kept in a special chamber. Deep inside the reed bed, well hidden
from predators, areed warbler is brooding her eggs. The Nephila spider, goliath, has just caught
abutterfly for lunch. Asit moves from plant to plant, it unwittingly transfers the pollen, so
fertilizing the lilies. The most theatrical con artist is ahog nosed snake. The indigo snake retreats
in disgust. Thelily trotter stays put. Hardly a cheat? The male bees home in and make frenzied
attempts to mate with the flowers.

Figure 21. Summary result of “ Poison Dart Frogs’ using ratio 5%

The islands are thick with tropical vegetation. Most frogs stay hidden. Scientist Kyle Summers
isnot intimidated. This frog can be handled without any risk. It's called a strawberry poison dart
frog. These frogs eat alot of ants, and that's unusual. Brown tree frog males over-inflate their
throats to amplify their calls. Poison frogs do things differently of course. So females on one
idand might prefer red males, whereas on another island they might prefer agreen male. Banana
plantations and coconut groves have replaced naturd rainforest.
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i Thecurrent dataset of videoshasaround four hoursof six documentaries. Wewill
include other typesof videossuchasmoviesand TV dramastowhichwewill apply
our scheme to generate various summaries.

i We will implement a prototype that processes the first step through the last step

automatically.
i We will organize and represent the summary results using M PEG-7 standard and
XML.

CONCLUDING REMARKS

We presented two types of video abstractions, video summary and video skimming,
inthischapter. Aswementioned, video summary isaset of salient images (key frames)
selected from an original video sequence. Video skimming, whichiscalled a preview,
consists of a collection of image sequences along with the corresponding audios from
an original video sequence. It can be classified into two sub-types: highlight and
summary sequence. Thehighlight hasthe most i nteresting and attractive partsof avideo,
while the summary sequence renders the impression of the content of the entire video.
Among all typesof video abstractions, summary sequence conveysthehighest semantic
meaning of the content of an original video.

We discussed a number of methods for video summary and video skimming, and
introduced a new technique to generate video- summary sequences. In this new
approach, the video segmentation is performed by a top-down fashion to reflect the
content of the video. One of the natural language processing toolsis used effectively
to produce various lengths of different summaries. We tested the proposed approach
based on four hours of documentary videos, and the test results provided the promising
results. We will further investigate the issues mentioned in Future Work.
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Chapter XV

Video Summarization
Based on Human Face
Detection and Recognition

Hong-Mo Je, Pohang University of Science and Technology, Korea
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Sung-Yang Bang, Pohang University of Science and Technology, Korea

ABSTRACT

In this chapter, we deal with video summarization using human facial information by
face detection and recognition. Many methods of face detection and face recognition
are introduced as both theoretical and practical aspects. Also, we describe the real
implementation of the video summarization system based on face detection and
recognition

INTRODUCTION

The growing availability of multimedia data such as video and home equipment
createsastrong requirement for efficient tool sto manipul atethistype of data. Automatic
summarization is one such tool that automatically creates a short version or subset of
key frames that contains as much information as possible from the original video.
Summariesareimportant becausethey can rapidly provide userswith someinformation
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about the content of alarge video or set of videos. From asummary, the user should be
ableto evaluateif avideo isinteresting or not, for example, if adocumentary contains
acertaintopic, or afilm takes place partly in acertain location.

Automatic summarization is the subject of very active research, and several
approaches have been proposed to define and identify what is the most important
content in a video. Many researchers and engineers have been actively developing
technologies for video summarization in order to facilitate efficient management, ex-
change, and consumption of digital videos. Thegoal of video summarizationisto obtain
acompact representation of theoriginal video that usually containslargevolumeof data.
Oh and Hua (2000) stated that there are two methods of video summarization. Oneisto
extract key framesfrom each shot or sceneand present them asthe summary of thevideo.
Thisapproachisgood for quick browsing of lengthy videos. The other way isto extract
its“interesting” or “important” scenes using content-based features such as caption on
shot, audio, or visual information. The humanface can play animportant roleinindexing
key information for video summarization becauseit isauniquefeature of human beings
anditisubiquitousin TV news, dramas, documentaries, and movievideos. Soit canalso
be salient feature to represent importance of video shot.

In this chapter, we introduce an application of video summarization to extract
interesting/important scenes using human face detecti on and recognition and show how
to implement the system. The target person for the system can be aparticular personin
video sequences, such as an anchor of news or the main actor in adramaor movie. The
first step of this application, face detection, is presented in the second section. In the
third section, face recognition is reviewed. Then, we describe implementation of the
proposed system. Experimental resultsareshowninthefifth section. Finally, concluding
remarks and future works are summarized in the last section.

FACE DETECTION

A face detection problem can be defined as follows: an arbitrary image can be a
digitized video signal or ascanned photograph asinput, so we must determine whether
thereare any human facesintheimageor not, andif so, report their location. A first step
of any facedetection systemisdetecting thelocationsinimageswherefacesarepresent.
However, facedetection from asingleimageisachallenging task because of variability
in scale, location, orientation (upright, rotated), and pose (frontal, profile). Facial
expression, occlusion, and lighting conditions also change the overall appearance of
faces. The challenges associated with face detection can be attributed to the following
factors:

i Pose: Theimages of aface vary dueto the relative camera-face pose (frontal, 45
degrees, profile, upside-down), and some facial features (such as an eye or the
nose) may become partially or wholly occluded. .

i Presence or absence of structural components: Facial features such as beards,
mustaches, and glasses may or may not be present, and there is a great deal of
variability among these components, including shape, color, and size.

i Facial expression: The appearance of faces are directly affected by a person’s
facial expression.
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i Occlusion: Faces may be partially occluded by other objects. In an image with a
group of people, some faces may partially occlude other faces.

i Image orientation: Face images directly vary for different rotations about the
camera soptical axis.
i Imaging conditions: When the imageisformed, factors such aslighting (spectra,

source distribution and intensity) and camera characteristics (sensor response,
lenses) affect the appearance of aface.

Y ang (2002) hasclassified face detection methodsinto four categorieson hissurvey
report. The summary of thereport is asfollows:

Knowledge-based Top-down Methods

These rule-based methods encode human knowledge of what constitutes atypical
face. Usually, therulescapturetherel ationshipsbetween facial features. These methods
are designed mainly for face localization. In this approach, face detection methods are
devel oped based on therules derived from the researcher’ s knowledge of human faces.
It is easy to come up with simple rules to describe the features of a face and their
relationships. For example, a face often appears in an image with two eyes that are
symmetric to each other, a nose, and a mouth. The relati onships between features can
be represented by their relative distances and positions.

Facial features in an input image are extracted first, and face candidates are
identified based on the coded rules. A verification processis usually applied to reduce
false detections. One problem with this approach isthe difficulty in translating human
knowledgeinto well-defined rules. If therulesare detailed (i.e., strict), they may fail to
detect facesthat do not passall therules. If therulesaretoo general, they may give many
falsepositives. Moreover, itisdifficult to extend thisapproach to detect facesindifferent
poses since it is challenging to enumerate all possible cases.

On the other hand, heuristics about faces work well in detecting frontal facesin
uncluttered scenes. Yang and Huang (1994) used a hierarchical knowledge-based
method to detect faces. Kotropoulosand Pitas(1997) presented arule-based |ocalization
method thatissimilar tothat of Kanade (1973) and Y ang and. Huang (1994). First, facial
features are located with a projection method that Kanade (1973) successfully used to
locate the boundary of aface.

Bottom-up Feature-based Methods

These methods aim to find structural features that exist even when the pose,
viewpoint, or lighting conditionsvary, and then usetheseto | ocate faces. These methods
aredesigned mainly for facelocalization. Incontrast to the knowledge-based top-down
approach, researchers have been trying to find invariant features of facesfor detection.
The underlying assumption is based on the observation that humans can effortlessly
detect faces and objects in different poses and lighting conditions and so, there must
exist propertiesor featuresthat areinvariant over thesevariabilities. Numerous methods
have been proposed tofirst detect facial featuresand then to infer the presence of aface.
Facial features such as eyebrows, eyes, nose, mouth, and hair-line are commonly
extracted using edgedetectors. Based on theextracted features, astatistical model isbuilt
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to describe their relationships and to verify the existence of aface. One problem with
these feature-based algorithmsisthat the image features can be severely corrupted due
to illumination, noise, and occlusion. Feature boundaries can be weakened for faces,
while shadows can cause numerous strong edges that together render perceptual
grouping algorithms useless.

Sirohey (1993) proposed alocalization method to segment aface from acluttered
background for faceidentification. It usesan edgemap viaCanny Detector (Canny, 1986)
and heuristics to remove and group edges so that only the ones on the face contour are
preserved. An ellipse is then fit to the boundary between the head region and the
background. Graf, Chen, Petgjan, and Cosatto (1995) devel oped amethodtolocatefacial
features and faces in gray-scale images. After band pass filtering, morphological
operations are applied to enhance regions with high intensity that have certain shapes
(e.g., eyes). Leung, Burl, and Perona (1995) devel oped aprobabilistic method to locate
afacein acluttered scene based on local feature detectors and random graph matching.
Their motivation wasto formulate the face localization problem as a search problemin
which the goal wasto find the arrangement of certain facial featuresthat is most likely
to be a face pattern.

Y ow and Cipolla (1996, 1997) presented afeature-based method that used alarge
amount of evidence from the visual image and their contextual evidence. Takacs and
Wechsler (1995) described a biologically motivated face | ocalization method based on
amodel of retinal feature extraction and small oscillatory eye movements. Recently, Amit,
Geman, and Jedynak (1998) presented a method for shape detection and applied it to
detect frontal-view facesin still intensity images.

Humanfaceshaveadistinct texturethat can be used to separatethemfrom different
objects. Augusteijn and Skujca (1993) developed a method that infers the presence of
afacethrough the identification of face-like textures. Human skin color has been used
and proven to be an effective feature in many applications from face detection to hand
tracking. Although different people have different skin color, several studies have
shown that the major difference lies largely between their intensity rather than their
chrominance (Graf, Chen, Petajan, & Cosatto, 1995, 1996; Y ang & Waibel, 1996). Several
color spaceshavebeen utilized to label pixelsasskinincluding RGB (Jebara& Pentland,
1997, 1998; Satoh, Nakamura, & Kanade, 1999), Normalized RGB (Crowley & . Bedrune,
1994; Crowley & . Berard, 1997; Kim, Kim, Ahn, & Kim, 1998; Oliver, Pentland, & Berard,
1997; Qian, Sezan, & Matthews, 1998; Starner & Pentland, 1996; Y ang, Stiefelhagen,
Meier, &. Waibel, 1998; Y ang & Waibel, 1996), HSV or HSI (Kjeldsen & . Kender, 1996;
Saxe& Foulds, 1996; Sobottka& Pitas, 1996), Y CrCb (Chai & Ngan, 1998; Wang & Chang,
1997), Y1Q (Dai & Nakano, 1995), Y ES(Saber & Tekalp, 1998), CIEXY Z (Chen, Wu, &
Y achida, 1995),and CIELUV (Yang & Ahuja, 1998).

Wu, Y okoyama, Pramadihanto, and Y achida (1996) and Wu, Chen, and Y achida
(1999) presented amethod to detect facesin color images using fuzzy theory. They used
two fuzzy models to describe the distribution of skin and hair color in CIE XY Z color
space. Five (onefrontal and four side views) head-shape models are used to abstract the
appearance of faces in images. Sobottka and Pitas (1996) proposed a method for face
localization andfacial feature extraction using shapeand color. First, color segmentation
in HSV spaceis performed to | ocate skin-like regions. Range and color have also been
employedfor facedetection by Kimet al. (1998). Disparity mapsare computed and objects
are segmented fromthe background with adisparity histogram using the assumption that
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background pixels have the same depth and outnumber the pixels in the foreground
objects. UsingaGaussiandistributioninnormalized RGB col or space, segmented regions
with askin-like color are classified as faces. A similar approach has been proposed by
Darrell, Gordon, Harville, and Woodfill (2000) for face detection and tracking.

Template Matching

Several standard patterns of aface are stored to describe the face asawhole or the
facial features separately. The correlations between an input image and the stored
patterns are computed for detection. These methods have been used for both face
localization and detection.

In template matching, a standard face pattern (usually frontal) is manually pre-
defined or parameterized by afunction. Given aninputimage, thecorrelation valueswith
the standard patterns are computed for the face contour, eyes, nose, and mouth
independently. The existence of aface is determined based on the correlation values.
Thisapproach has the advantage of being simple to implement. However, it has proven
tobeinadequatefor facedetection sinceit cannot effectively deal withvariationinscale,
pose, and shape. Multiresolution, multiscal e, sub-templates, and deformabl e templates
have subsequently been proposed to achieve scale and shape invariance.

Craw, Ellis, and Lishman (1987) presented alocalization method based on ashape
template of afrontal-view face(i.e., the outline shape of aface). Later, Craw, Tock, and
Bennett (1992) described alocalization method using a set of 40 templatesto search for
facial features and a control strategy to guide and assess the results from the template-
based feature detectors.

Tsukamoto, Lee, and Tsuji (1993, 1994) presented a qualitative model for face
pattern (QMF). In QMF, each sample image is divided into a number of blocks, and
qualitative features are estimated for each block. Sinha (1994, 1995) used asmall set of
spatial image invariants to describe the space of face patterns. A hierarchical template
matching method for face detection was proposed by Miao, Yin, Wang, Shen, and Chen
(1999). Yuilleet al. (??7?) used deformabletemplatesto model facial featuresthat fit an
apriori elastic model to facial features (e.g., eyes). Inthisapproach, facial featuresare
described by parameterized templates. Kwon and da Vitoria Lobo (1994) introduced a
detection method based on snakes (Kass, Witkin, and Terzopoulos, 1987; Leymarie &
Levine, 1993) and templatesweredevel oped. Animageisfirst convolved withablurring
filter and then amorphological operator to enhance edges. Lanitis, Taylor, and Cootes
(1995) described afacerepresentation method with both shape andintensity information.
They started with sets of training images in which sampled contours such as the eye
boundary, nose, chin/cheek were manually labeled, and a vector of sample points was
used to represent shape.

Appearance-based Method

In contrast to template matching, the models (or templates) are learned from a set
of trainingimagesthat should capturetherepresentativevariability of facial appearance.
These learned models are then used for detection. These methods are designed mainly
for face detection. In general, appearance-based methods rely on techniques from
statistical analysisand machine learning to find the relevant characteristics of face and
non-face images. The learned characteristics are in the form of distribution models or
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discriminant functions that are consequently used for face detection. Meanwhile,
dimensionality reductionisusually carried out for the sake of computation efficiency and
detection efficacy. Many appearance-based methods can be understood in a probabi-
listicframework. Animageor featurevector derived fromanimageisviewed asarandom
variablex, andthisrandom variableischaracterized for facesand non-facesby the class-
conditional density functions p(x| face) and p(x|nonface). Bayesian classification or
maximum likelihood can be used to classify a candidate image |ocation as face or non-
face. Unfortunately, a straightforward implementation of Bayesian classification is
infeasiblebecause of the high dimensionality of x, because p(x | face) and p(x | nonface)
are multimodal, and because it is not yet understood if there are natural parameterized
formsfor p(x| face) and p(x | nonface). Hence, much of thework in an appearance-based
method concernsempirically validated parametric and nonparametri c approximationsto
p(x| face) and p(x | nonface). Another approach in appearance-based methods by Turk
and Pentland (1991) finds a discriminant function (i.e., decision surface, separating
hyperplane, threshold function) between face and non-face classes. Conventionally,
image patterns are projected to a lower dimensional space and then a discriminant
functionisformed (usually based on distance metrics) for classification, or anonlinear
decision surface can beformed using multilayer neural networksby Rowley, Baluja, and
Kanade(1998).

Recently, Osuna, Freund, and Girosi (1997) have proposed support vector machines
and other kernel-based face detection methods. These methods implicitly project
patterns to a higher dimensional space and then form a decision surface between the
projected face and non-face patterns. Turk and Pentland (1991) applied principal
component analysis to face recognition and detection. Similar to Kirby and Sirovich
(1990), principal component analysis on atraining set of face images is performed to
generatethe Eigen pictures (herecalled Eigenfaces) that span asubspace (called theface
space) of theimage space. |mages of facesare projected onto the subspace and clustered.
Similarly, non-facetraining imagesare projected onto the same subspace and clustered.
Images of faces do not change radically when projected onto the face space, while the
projection of non-face images appears quite different. To detect the presence of aface
in ascene, the distance between an image region and the face space is computed for all
locationsintheimage. Thedistance from face spaceisused asameasure of “faceness,”
and non-face clusters used by Sung and Poggio (1998). Their method estimates density
functions for face and non-face patterns using a set of Gaussians. The centers of these
Gaussians are shown on the right.

Recently, methods for video processing applications (for example, content-based
videoindexing, etc.) also have beenintroduced (Rowley, Baluja, & Kanade, 1998; Satoh,
Nakamura, & Kanade, 1999). Our proposed method, which can automatically detect a
human face on video, is presented in Je, Kim, and Bang (2003). The method consists of
two stagesthat useaSV M ensemble (Kim, Pang, Je, Kim, & Bang, 2002) for theirindividual
task. Thefirst stage performsaskin-block classification that classifiesthe 8X8 block in
each shot digital videointo skin/non-skin block using skin color and textureinformation.
This stage generates several face candidate regions by connecting and filling the skin
blocks with a connected component analysis and morphological filtering. The second
stage performs a face/non-face classification using another classifier that verifies the
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true faces among the face candidates. More detail structure will be described in alater
section.

FACE RECOGNITION

In recent years, face recognition hasreceived substantial attention from research-
ers in biometrics, pattern recognition, and computer vision communities (Chellappa,
Wilson, & Sirohey, 1995; Gong, M cK enna, and Psarrou, 2000; Wechsler, Phillips, Bruce,
Soulie, & Huang, 1996; Zhao, Chellappa, Rosenfeld, & Phillips, 2000). The machine
learning and computer graphics communities are also increasingly involved in face
recognition. This common interest among researchers working in diverse fields is
motivated by our remarkabl e ability to recogni ze people and thefact that human activity
is aprimary concern both in everyday life and in cyberspace, for example, in Human
Computer Interaction (HCI), multimedia communication (e.g., generation of synthetic
faces), and content-based image database management.

A number of facerecognition algorithms, alongwith their modifications, havebeen
developed during the past several decades as seen Figure 1. In this section, we discuss
two image-based face recognition techniquesthat are model -based (which usesholistic
texture features) and appearance-based (which uses employ shape and texture of the
face) methods. Now, we summarize many face recognition algorithms introduced in
Xiaoguang (2003).

Appearance-based (View-based) Face Recognition

Many approachesto object recognition and to computer graphicsarebased directly
onimageswithout the use of intermediate 3-D models. M ost of thesetechniquesdepend
on arepresentation of images that induces a vector space structure and, in principle,
requires dense correspondence. Appearance-based approaches represent an object in
terms of several object views (raw intensity images). Animageis considered asahigh-
dimensional vector, thatis, apoint inahigh-dimensional vector space. Many view-based

Figure 1. Face recognition methods
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approaches use statistical techniques to analyze the distribution of the object image
vectorsinthe vector space, and derive an efficient and effective representation (feature
space) accordingto different applications. Given atestimage, thesimilarity betweenthe
stored prototypes and the test view is then carried out in the feature space. Thisimage
vector representation allows the use of |earning techniques for the analysis and for the
synthesis of images. Face recognition can be treated as a space-searching problem
combined with amachine-learning problem.

Linear (Subspace) Analysis

Threeclassical linear appearance-based classifiers, Principal Component Analysis
(PCA) (Turk and Pentland, 1991), Independent Component Analysis (ICA) (Bartlett,
Lades, & Sejnowski, 1998), and LDA (Belhumeur, Hespanha, & Kriegman, 1997; Swets
& Weng, 1996) areintroducedinthefollowing. Each classifier hasitsown representation
(basis vectors) of a high-dimensional face vector space based on different statistical
viewpoints. By projecting thefacevector tothe basisvectors, the projection coefficients
are used as the feature representation of each face image. The matching score between
the test face image and the training prototypeis calculated (e.g., as the cosine val ue of
the angle) between their coefficients vectors. The larger the matching score, the better
the match. All three representations can be considered as a linear transformation from
the original image vector to a projection feature vector, that is, Y = W' X where Y isthe
dxN feature vector matrix, d is the dimension of the feature vector, and W is the
transformation matrix. Notethat d <<N.

Principal Component Analysis

TheEigenfacealgorithmusesthe Principal Component Analysis(PCA) for dimen-
sionality reduction to find the vectors that best account for the distribution of face
imageswithinthe entireimage space. These vectorsdefinethe subspace of faceimages,
and the subspaceis called face space. All facesin thetraining set are projected onto the
face space to find a set of weights that describes the contribution of each vector in the
face space. To identify atest image, the projection of the image onto the face spaceis
required to obtain the corresponding set of weights. By comparing the set of weights of
thefacesinthetraining set, thetestingimage can beidentified. Thekey procedurein PCA
is based on Karhumen-Loeve transformation (Kirby & Sirovich, 1990). If the image
elements are considered to be random variables, the image may be seen as a sampl e of
astochastic process. The Principal Component Analysisbasisvectorsaredefined asthe
eigenvectors of the scatter matrix S,

S =X 06 )"

Thetransformation matrix W, is composed of the eigenvectors corresponding to
the d largest eigenvalues. Several extensions of PCA are developed, such as modular

ei genspaces (M oghaddam, 2002) and probabilistic subspaces (Hyvrinen, 1999).
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Independent Component Analysis

Independent Component Analysis(ICA) issimilar to PCA except that the distribu-
tion of the components are designed to be non-Gaussian. M aximi zing non-Gaussianity
promotes statistical independence. Bartlett, Lades, and Sejnowski (1998) provided two
architectures based on Independent Component Analysis, statistically independent
basisimages and afactorial code representation, for the face recognition task. The ICA
separates the high-order moments of the input in addition to the second-order moments
utilized in PCA. Both architectures lead to a similar performance. The obtained basis
vectorsarebased onfast fixed-point algorithm (Hyvrinen, 2000) for thel CA factorial code
representation.

LD Analysis

Both PCA and I CA construct theface space without using theface class (category)
information. Thewholefacetraining dataistakenasawhole. InLD Analysis(LDA), the
goal isto find an efficient or interesting way to represent the face vector space,but
exploiting theclassinformation can be hel pful to theidentificationtasks. TheFisherface
algorithm (Belhumeur et al., 1997) isderived fromthe Fisher Linear Discriminant (FLD),
which uses class-specific information. By defining different classes with different
statistics, theimagesinthelearning set aredivided into the corresponding classes. Then,
techniques similar to those used in Eigenface algorithm are applied. The Fisherface
algorithm results in a higher accuracy rate in recognizing faces when compared with
Eigenfacealgorithm.

Non-linear (Manifold) Analysis

Thefacemanifoldismorecomplicated thanlinear models. Linear subspaceanalysis
is an approximation of this non-linear manifold. Direct non-linear manifold modeling
schemes are explored tolearn thisnon-linear manifold. Inthe following subsection, the
kernel principal component analysis (KPCA) isintroduced and several other manifold
learning algorithmsare also listed.

Kernel PCA

The kernel PCA-based method by Scholkopf, Smola, and Muller (1998) appliesa
nonlinear mapping fromtheinput space RN to thefeature space R*, denoted by y(x), where
L islarger than N. Thismappingismadeimplicit by the use of kernel functionssatisfying
the Mercer’ stheorem

KOG x) =w (%) w(X).

where kernel functions k(x;, xj) in the input space correspond to inner-product in the
higher dimensional feature space. Because computing covariance is based on inner-
products, performing a PCA in the feature space can be formulated with kernelsin the
input space without the explicit computation of y(x). Suppose the covariance in the

K =< (x)w(x)>"
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Similar to traditional PCA, the projection coefficients are used as features for
classification. Yang (2002) explored the use of KPCA for theface recognition problem.
Unlike traditional PCA, KPCA can use more eigenvector projections than the input
dimensionality, but asuitablekernel and correspondent parameters can only be decided
empirically.

Model-based Face Recognition

The model-based face recognition schemeisaimed at constructing a model of the
human face, whichisableto capturethefacial variations. Theprior knowledge of human
faceishighly utilized to design the model. For exampl e, feature-based matching derives
distanceandrelativepositionfeaturesfromthe placement of internal facial elements(e.g.,
eyes, etc.). Kanade (1973) developed one of the earliest face recognition algorithms
based on automatic feature detection. By localizing the cornersof the eyes, nostrils, etc.,
infrontal views, hissystem computed parametersfor each facethat were compared (using
aEuclidean metric) against the parametersof known faces. A morerecent feature-based
system, based on elastic bunch graph matching, was developed by Wiskott, Fellous,
Kriiger, and von der Malsburg (1997) as an extension to their original graph matching
system. By integrating both shape and texture, Cootes, Edwards, and Taylor (2001)
developed a 2-D morphable face model, through which the face variations are |earned.
A moreadvanced 3-D morphablefacemodel isexploredto capturethetrue 3-D structure
of human face surface. Both morphable model methods come under the framework of
“interpretation through synthesis.” The model-based scheme usually contains three
steps: (1) constructing the model; (2) fitting the model to the given face image; and (3)
using the parameters of the fitted model asthe feature vector to calculate the similarity
between the query face and prototype facesin the database to perform the recognition.

Feature-based Elastic Bunch Graph Matching

Bunch Graph

All humanfacesshareasimilar topological structure. Wiskott et al. (1997) presented
a general in-class recognition method for classifying members of a known class of
objects. Faces are represented as graphs, with nodes positioned at facial points (such
astheeyes, thetip of the nose, some contour points, etc.; see Figure 2 and edges|abeled

Figure 2. Multiview faces overlaid with labeled graphs (Wiskott et al., 1997)
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with 2-D distance vectors). Each node contains a set of 40 complex Gabor wavelet
coefficients, including both phase and magnitude, known asajet . Wavel et coefficients
areextracted using afamily of Gabor kernelswith fivedifferent spatial frequenciesand
eight orientations; all kernelsare normalized to be of zero mean. Facerecognitionisbased
on labeled graphs. A labeled graph is a set of nodes connected by edges; nodes are
labeled with jets; edges are |abeled with distances. Thus, the geometry of an object is
encoded by the edges while the gray value distribution is patch-wise encoded by the
nodes (jets).

ElasticGraphMatching

Toidentify anew face, theface graphispositioned on the faceimage using elastic
bunch graph matching. The goal of elastic graph matching isto find the fiducial points
on aquery image and thus to extract from the image a graph that maximizes the graph
similarity function. Thisis performed automatically if the face bunch graph (FBG) is
appropriately initialized. A face bunch graph consists of a collection of individual face
model graphs combined into astack-like structure, in which each node containsthejets
of all previously initialized faces from the database. To position the grid on anew face,
thegraph similarity betweentheimagegraph andtheexisting FBGismaximized. Let S,
be the similarity between two jets, defined as

2,- a,a, cos(®, — @, —dk,)

I

where a and ®, are magnitude and phase of the Gabor coefficients in the j-th jet,

$ (3,39 =

respectively d isthedisplacement betweenIocationsofthetwojets.ﬁ determinesthe

wavelength and orientation of the Gabor wavelet kernels. After the grid has been
positioned onthenew face, thefaceisidentified by comparing thesimilarity betweenthat
face and every face stored in the FBG. Graphs can be easily translated, rotated, scaled,
and elastically deformed, thus compensating for the variance in face images that is
commonly encountered in a recognition process.

Active Appearance Model (AAM)

An Active Appearance Model (AAM) is an integrated statistical model that
combinesamodel of shapevariationwithamodel of theappearancevariationinashape-
normalized frame. An AAM contains a statistical model of the shape and gray-level
appearance of the object of interest that can generalize to almost any valid example.
Matching to an image involves finding model parameters that minimize the difference
between the image and a synthesized model example, projected into the image. The
potentially large number of parameters makesthisadifficult problem.

AAM Construction
The AAM isconstructed based on atraining set of labeled images, wherelandmark
points are marked on each example face at key positions to outline the main features
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Figure 3. Thetraining imageis split into shape and shape-normalized texture (Cootes
et al., 2001)

(shown in Figure 3). The shape of aface is represented by a vector consisting of the
positions of the landmarks, s= (X, y,, ..., X, ¥)" , where (xj, yj) denotes the 2-D image
coordinate of the j-th landmark point. All shape vectors of faces are normalized into a
common coordinate system. The principal component analysisis applied to this set of

shape vectors to construct the face shape model, denoted s= S+ Pb,, where s isa

shape vector, s isthe mean shape, P is a set of orthogonal modes of shape variation
and b is a set of shape parameters. In order to construct the appearance model, the
example image is warped to make the control points match the mean shape. Then the
warped image region covered by the mean shape is sampled to extract the gray-level
intensity (texture) information. Similar to the shape model construction, a vector is
generated as the representation, g = (I,, ..., I )" ,where | denotes the intensity of the
sampled pixel in the warped image. PCA is also applied to construct a linear model

g= a + Pgbg , Where 5 is the mean appearance vector, Pgisaset of orthogonal modes

of gray-level variationand b_isaset of gray-level model parameters. Thus, all shapeand
texture of any example face can be summarized by the vectors b, and bg.The combined
model is the concatenated version of biand b, denoted as follows:

9

b:{sts): WP (s—59)
% ) | Pl(g-0)
where W, is a diagonal matrix of weights for each shape parameter, allowing for the

difference in units between the shape and gray-scale models. PCA is applied to b also,
b = Q_, where cisthe vector of parameters for the combined model.
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Figure 4. Examples of the AAM fitting iterations (Cootes et al, 2001)

dits Sits 1lits Converged Original

Initial

AAM Fitting
Given a new image and constructed model, the metric used to measure the match

quality between the model and imageis A = |51 |2 , Where §| isthe vector of intensity

differences between the given image and theimage generated by the model tuned by the
model parameters, called residules. The AAM fitting seeks the optimal set of model
parameters that best describes the given image. Cootes et al. (1998) observed that
displacing each model parameter from the correct value induces a particular patternin
the residuals. In the training phase, the AAM learned alinear model that captured the
relationship between parameter displacements and the induced residuals. During the
model fitting, it measurestheresidual sand usesthismodel to correct thevaluesof current
parameters, |eading to abetter fit. Figure 4 shows examplesof theiterative AAM fitting
process.

VIDEO SUMMARIZATION SYSTEM BASED
ON HUMAN FACE INFORMATION

Both overviews and methods for human face detection and recognition have been
presented previous sections. In this section, we will describe the detail structure,
operation of the video summarization system using human face, and actual implementa-
tion. The system iscomprised of three major components— the Face Detector, the Face
Recogni zer and the FaceDB.

Figure5illustrates the block diagram of the system. The Face Detector accepts a
single frame from video sequences as input and returns alocation of the human facein
theframeif one existsthere. Then, it extractsafew principle components projected on
eigenfaces as the feature vector for the Face Recognizer. The FaceDB contains a set of
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Figure 5. Block diagram of video summarization system based on the human face

Face Face
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Face Location/ Identification/ summarized
Feature Extraction  Description Information

facedescription featurevectors. The Face Recognizer find the best matched personwith
the query feature vectors that were given by Face Detector. Then, it indexes the face
descriptor for the current frameand notes some useful information, such asframenumber,
facelocation, and person name (if it was given), etc. Later, thisinformation isused for
summarization. More detail manuscript will be described.

Video Shot

Face Detector

The Face Detector of the proposed system has an ensemble method as face
detection. In this paragraph, we explain theoretical background and constructions of
Support Vector Machine (SVM) ensembl e-based face detection.

Support Vector Machine Ensemble

Basically, aconcept of the ensembleisakind of multiple classifier system (MCS)
based on the combination of outputs of a set of different classifiers. Therefore,an
ensemble of classifiersisacollection of several classifierswhoseindividual decisions
arecombinedin someway to classify thetest examples. Inthefield of patternrecognition,
itisknown that an ensemble often gives amuch better performance than the individual
classifiers that composeit.

Haris and Ganapathy (2000), Giacinto, Roli, and Bruzzone (2000), Hansen and
Salamon (1990), and many other researchers have investigated the neural network
ensemble. Moreover, using anideasi milar toaneural network ensemble, agenetic fuzzy
predictor ensemble was proposed by Kim and Kim (1997). They provided a high-
classification performance for various applications, such asimage classification, time
serious prediction, and financial trend analysis.

Hansen and Salamon (1990) show why theensembl egivesabetter performancethan
individual classifiersasfollows. Assumethat an ensembleof n classifiersexists: {f , f,,
..., T } and consider atest datax. If all theclassifiersareidentical, they are wrong at the
samedata, where an ensemblewill show the same performanceasindividual classifiers.
However, if theclassifiersaredifferent and their errorsareuncorrel ated, then whenf,(x)

fi (x) iswrong, most other classifiersexcept for f,(x) may be correct. Thus, theresult of

majority voting can be correct. More precisely, if theerror of individual classifierisp<
1/2 and the errors are independent, then the probability p_that the result of majority
voting isincorrect is
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n n 1 k 1 n-k n 1 n
k=2r1/2pk (1_ p)n_k - k=2nl2(5) (E) - k;Z(E)

When the size of classifiers nisinfinite, the probability p. goesto zero.

Burges (1998) stated that the SV M has been known to show agood generalization
performance and is easy to learn the exact parameters for the global optimum. So the
ensemble of SVMs may not be considered as a method to improve the classification
performance greatly. However, since apractical SVM has been implemented using the
approximated algorithmsin order to reducethe computati on complexity of timeand space,
asingle SVM may not learnthe exact parametersfor theglobal optimum. Sometimes, the
support vectors obtained from the learning is not sufficient to classify all unknown test
examplescompletely. Therefore, we cannot guaranteethat asingle SVM alwaysprovides
the global optimal classification performance over all test examples.

To overcome this limitation, we propose to use an ensemble of support vector
machines. Similar arguments are mentioned above about the general ensemble of
classifiers and can also be applied to the ensemble of support vector machines. Figure
6 shows a general architecture of the proposed SVM ensemble

Methods for Constructing the SYM Ensemble

Many methods for constructing an ensemble of classifiers have been devel oped.
We apply some general methods among them to construct a SVM ensemble. The main
point of constructing SVM ensemblesisthat each individual SVM isasdifferent from
one another as possible. A well-known approach is to use different training sets for
different SVMs. Its representative methods are bagging and boosting.

First , we will explain a bagging technique to construct the SVM ensemble. In
bagging, several SVMs are trained independently via a bootstrap method and they are
aggregated viaan appropriate combination technique. Usually, wehaveasingletraining

set TR={x;y, |i=12,..,1},butweneedK training samplessetsto construct the SVM

ensemble with K independent SVMs. From this statistical fact, we need to make the
training samplesetsasdifferent aspossiblein order to obtain higher improvement of the
aggregationresult. To accomplish this, we often use the bootstrap technique asfollows.
Bootstrapping builds K replicate training data sets {TR® |k =1,2,...,K} by randomly
re-sampling, but with replacement, fromthegiventraining dataset TR repeatedly. Each
example x in the given training set TR may appear repeated times or not at all in any
particular replicate training data set. Each replicate training set will be used to train a
certain SVM.

The representative boosting algorithm is the AdaBoosting algorithm (Schapire,
1999). Likebagging, each support vector machineistrained using adifferent training set.
There is probability distribution function p,(x) over all training samples x for the I-th
iteration. For thel-thiteration, atraining set for thel-th support vector machineissampled
with areplacement according to the distribution function p,(x). Thel-th support vector
machine is trained using that training set. The error rate ¢, of the |-th support vector
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Figure 6. A general architecture of the SYM ensemble
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machine on the training samples is computed and used to adjust the probability
distribution p ,,(x) for the (I + 1)-thiteration.

Aggregating Support Vector Machines

After training, we need to aggregate several independently trained SVMs in an
appropriate combination manner. We consider two types of combination techniques,
such asthe linear and nonlinear combination method. The linear combination method,
asalinear combination of several SVMs, includesthemajority voting and the L SE-based
weighting. The majority voting and the L SE-based weighting are often used for bagging
and boosting, respectively. A nonlinear method, as a nonlinear combination of several
SV Ms, includesthedouble-layer hierarchical combination that usesanother upper-layer
SVM tocombineseveral lower-layer SVMs.

Majority voting isthe simplest method for combining several SVMs.

Letf (k=1,2,...,K) beadecisionfunction of thekth SVM inthe SVM ensembleand

C (i=12,...,C) denotealabel of thej-thclass. Next, let N; =#{k | f,(x) =C;} ,i.e. the

number of SV Mswhose decisions are known to thejth class. Next, thefinal decision of
the SVM ensembl efmaj(x) for agiventest vector x duetothemajority votingisdetermined

by fmaj(x):argmjaxNj_
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L SE-based Weighting

TheL SE-based weighting treatsseveral SVMsinthe SVM ensemblewith different
weights. Often, the weights of several SVMs are determined in proportion to their
accuraciesof classifications. Here, we proposetolearn theweightsusing the L SE method
asfollows.

Letf (k=1,2,...,K) beadecisionfunction of thekth SV M inthe SVM ensembl ethat

istrained by areplicatetraining dataset T ={(X;y/|i =12,...,L} . The weight vector
w can beobtained by w_= Ay, where A= (f (x)),, andy= (yj)le. Next, thefinal decision
of the SVM ensemblef (x) for agiven test vector x dueto the L SE-based weighting is
determined by f () =sign(w.[(f(X)),..])-

Double-layer Hierar chical Combining

We use another SVM to aggregate the outputs of several SVMs in the SVM
ensemble. Thiscombination consistsof adouble-layer of SV Mshierarchically wherethe
outputsof several SVMsinthelower layer feed into asuper SVM intheupper layer. This
type of combination looks similar of the mixture of experts introduced by Jordan and
Jacobs(1994).

Letf (k= 1,2,...,K) beadecisionfunction of thekth SVM inthe SVM ensembleand
F be adecision function of the super SVM inthe upper layer. Then, thefinal decision of
the SVM ensemblef, (x) for agiven test vector x dueto the double-layer hierarchical
combiningisdeterminedf,, = F(f,(x),f,(x), ..., f, (X)), whereK isthenumber of SVMsin
the SVM ensemble.

Face Detection Using the SYM Ensemble

Figure 7 shows the schematic of our proposed face detection system. We imple-
mented thesystem onaPentium [11-1GHz, 256M B memory withVV C++6.0. All key frame
images are generated from a Shot Change Detection (SCD) program designed by our
research group. The images have the size of 320*240. For the SVM learning and
classification, wealso implemented the SV M modulewith SMO algorithm.

Stagel : Skin Block Classification

At this stage, skin block classification was performed based on chrominance and
thetextureinformation. Figure8 showsaschematic diagram of Stagel. Wetake8x8 sample
patches for the skin and the non-skin block training. All skin blocks are classified by
SVM_EN_1. Asaresult, abinary mask imageisgenerated for each framewheretheskin
block indicates”1” and non-skinblock indicates“0.” After Stagel, thebinary mask image
is post-processed by the connected component analysis and the morphological opera-
tion (Castleman, 1996); then we can obtain theface candidateregion, whichisalump of
askinblock. Inreal implementation, SVM_EN_ 1 consistsof fiveindependently trained
SVMs.

Stagell : Faceor Not Classification
Stage Il locates the true face location with sub-window matching over the face
candidate region generated from Stage |.
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Figure 7. Overview of face detection system

Stage | Stage |l

Face Candidate Region

1  Trainingstep: Eachfaceisrepresented by 40x40 sub-window imageand eachface
image is represented by a feature vector consisting of dominant 50 PCA compo-
nentsfor each sub-window sample. Face examplesarecollectedinasimilar manner
by Rowley et al.(1998). From each 50 peopl e, arbitrary rotation or scaling hasbeen
performed totheoriginal images. Fromit, we obtain 500 face examples. Non-face
examples are generated by bootstrapping and randomly selected from face-like
objects.

2 Classification step: SVM_EN_2 classifies whether the current sub-window is a
face or not. To detect faces larger than sub-window size(40x40), we scale up and
down the size of sub-window in the face candidates, but the selected sub-window is
rescal ed into the size of 40x40 and 50 PCA feature components are obtained fromiit.

We repeat the classification step until all sizes of the sub-window are considered

in the face candidate region. Inreal implementation, SYM_EN_2 consistsof fiveor 11
independently trained SVMs. Figure 9 shows the detail sequence of Stage I1.

Figure 8. Stage | - Skin block classification
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Figure 9. Stage Il - Find true face location
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InFigure 10 and Figure 11, part of the face and non-face examplesfor training are
shown. Each examplewasrescal ed into 20x20 size and applied histogram equalization.

Figure 10. Face examples
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Figure 11. Non-face examples
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The Face Recognizer

After the face detection step, the Face Recognizer hands over facial features of
detected face from the Face Detector. In this paragraph, we explain theoretical back-
ground and algorithms of face recognition using eigenface.

Eigenface Method

Thetask of facerecognitionisdiscriminating input feature datainto several classes
of personsinvideo. Theinput dataare usually highly noisy (e.g., the noiseis caused by
differing lighting conditions, pose, etc.), yet theinput imagesare not completely random
and, in spite of their differences, there are patterns that occur in any input signal. Such
patterns, which can be observed in all signals, could be the presence of some objects
(eyes, nose, mouth) in any face, as well as relative distances between these objects.
Thesecharacteristic featuresare called eigenfacesin thefacerecognition domain. They
can beextracted out of original image databy meansof amathematical tool called Principal
Component Analysis(PCA). By meansof PCA onecantransform each original image of
thetraining set into acorresponding eigenface. Animportant feature of PCA isthat one
can reconstruct any original image from the training set by combining the eigenfaces.
Remember that eigenfaces are nothing less than characteristic features of the faces.
Thereforeonecould say that theoriginal faceimage can bereconstructed from eigenfaces
if oneaddsup all the eigenfacesin theright proportion. Each eigenface represents only
certain featuresof theface, which may or may not be present intheoriginal image. If the
featureispresentintheoriginal imageto ahigher degree, the share of the corresponding
eigenface in the “sum” of the eigenfaces should be greater. If, on the contrary, the
particular featureisnot or almost not present in the original image, then the correspond-
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ing eigenface should contribute asmaller or not at all part to the sum of eigenfaces. So,
in order to reconstruct the original image from the eigenfaces, one hasto build akind of
weighted sum of all eigenfaces; that i s, thereconstructed original imageisequal toasum
of all eigenfaces, with each eigenface having a certain weight. Thisweight specifiesto
what degree the specific eigenface is present in the original image.

If one uses all the eigenfaces extracted from original images, one can reconstruct
the original images from the eigenfaces exactly. But, one can also use only apart of the
eigenfaces, and then thereconstructed imageis an approximation of the original image.
However, one can ensure that losses due to omitting some of the eigenfaces can be
minimized. This happens by choosing only the most important eigenfaces.

Face Recognition Algorithm

The algorithm for face recognition using eigenfaces is as follows: the original
images of the training set are transformed into a set of eigenfaces. Afterwards, the
weights are calculated for each image of the training set and stored in the set W. Upon
observing an unknown image X, theweightsare cal cul ated for that particular image and
storedinthevector W, . Afterwards, W, is compared with the weights of imagesthat one
knows for certain are faces.

The original scheme for determination of the eigenfaces using PCA is presented
follow as:

Step 1: Preparethedata
The faces constituting the training set (T",) should be prepared for processing.

Step 2: Subtract themean
Theaverage matrix y hasto be calculated, then subtracted from the original faces
(I";) and the result stored in the variable @,

1M
==3T ,® =T -y-
Vg 2T =Ty

Step 3: Calculatethecovariancematrix
In the next step the covariance matrix C is calculated according to

C—iidb @,
_M et n>n

Step 4: Calculatetheeigenvector sand eigenvaluesof thecovariancematrix

In this step, the eigenfaces u, and the corresponding eigenvalues A, should be
calculated. The eigenvectors (eigenfaces) must be normalized so that they are unit
vectors, that is, of length 1. The description of the exact algorithm for determination of
eigenvectors and eigenvalues is omitted here, as it belongs to the standard arsenal of
most math programming libraries.
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Step 5: Select theprincipal components

From M eigenfacesu,, only M" should be chosen, which have the highest eigenval -
ues. The higher the eigenvalue, the more characteristic features of a face does the
particular eigenvector describe. Eigenfaceswithlow eigenval uescan be omitted, asthey
explainonly asmall part of characteristicfeaturesof thefaces. After M' eigenfacesu, are
determined, the "training” phase of the algorithm isfinished.

Classifying the Faces

The process of classification of a new (unknown) face I, to one of the classes
(knownfaces) proceedsintwo steps. First, thenew imageistransformedintoitseigenface
components. The resulting weights form the weight vector Q'

wk:uI(FnM_W)1k:1"'M|'QEGNZ[COI wz a)M' ]

The Euclidean distance between two weight vectors d(€2,, Qj) provides a measure
of similarity between the corresponding imagesi and j.

System I ntegration

Figure 12 indicates the User Interface (Ul) of the proposed Video Summarization
System embedding the Face Detector and Recognizer. The System consists of three
stages. In Stagel, the Face Detector operatesface detection onto frameimage. If ahuman
faceexiststhere, thefacedetector returnstheposition of faceand extractsfacial features.
Inthenext stage, the Face Recogni zer performsadescriptionwithtwo modes: oneissemi-
automode, theother isfull-auto mode. If the systemworkson new video dataand FaceDB
hasnoinformation about humanfacesor indicesfor thevideo, itisessential to manually
describe human facial information by human-handed text annotation for a part of video

Figure 12a. Ul of video summarization system
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Figure 12b. Face detection
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frames. And then, for the rest part, the Face Recognizer can index face information
automatically. This mode is the semi-auto mode. Otherwise, the Face Recognizer is
operating in full-auto mode. For all video frames for which the description processis
done, Video Summarization System can support averification of facial information since
the Face Recognizer hasasmall degree of error, such asfalsealarm, falsereject. In last
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Figure 12d. Verification
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stage, the summarizer generates abstraction, browsing, or retrieval information of the
video using the descriptor(index) for human faces. Figure 13 shows the block diagram
of the processing flows. Figure 12(b-e) indicate the action or state of the Face Detector,
Recognizer and Summarizer, respectively.
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Figure 13. Block diagram of video summarization system
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EXPERIMENTAL RESULTS

Wewill present our experimental resultsin this section. To estimate the accuracy
of the face detection rate, we performed the simulation that is a face/non-face classifi-
cation onthe POSTECH_IM_DB (2001). In addition, results of the human-face-based
summarization for theexamplevideo clipsthat are TV newsand serial historical dramas
also presented.

Face Detection Results

Skin Block Classification

We have performed the skin block classification using four different experiment
conditions, such as SVM_P, SYM_G, SVYM_EN(5 SVM_P), and a neural network,
respectively. The training set consists of 100 examples of skin blocks and non-skin
blocks, respectively. Two-hundred and fifty skin and non-skin blocks were tested for
classification, respectively. Table 1 shows the result of the skin block classification.

Table 1. Result of skin block classification

SVM_P SVM_G SVM_EN NN
FALSE 18 11 5 7
MISS 15 7 2 12
Correct 93.4% 92% 98.6% 96.2%
#SV 16 52 20 N/A
Kernel 2D-Poly RBF 2D-Poly 50 hidden
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Table 2. Result of face/non-face classification

SVM_S

EN_5

EN_11

MLP

FALSE

75

a2

38

52

MISS

39

20

8

Correct

89.6%

93.8%

95.4%

94.0%

#SV

86

52

57

N/A

Here, “FALSE” refersto thefalse alarm that is classified into the skin even it isanon-
skin block; “MISS’ meansthat the skin block is misclassified into the non-skin block;
and “#SV” indicates the average number of support vectors. Usually, SVM will have a
greater computation as#SV increases. From thetable, we notethat SVM_EN showsthe
best performance among the four different experiments.

Face/Non-face Classification

We performed face/non-face classification on the POSTECH_IM_DB (2001) that
includes the 1,000 faces and 1,000 non-faces under various light conditions for the
training set. Thetest dataistheremaining examplesinthe Face DB that are not included
in the training set. Table 2 shows the results of the face/non-face classification
experiment. EN_5and EN_11 refer to the SVM ensembles that use fiveand 11 SVMs,
respectively. SVM_Smeansasingle SVM. Each SVM’skernel isused 2-D-Poly, because
it has abetter performance than the RBF kernel. Asthe number of SVMsincreases, the
classification performance improves. Especially, the performance of EN_11 iscompa-
rable with that of MLP’s, the best result.

Face Recognition Results

We performed our experiment onten new clipsandtwo serious TV dramas. Thetrain
data(manual description) isone news clip, one episode per dramas. The results for the
newsclipsaresuperior to dramas, because most newsanchorsarefrontal-view and static,
but the faces of actors/actresses in dramas are usually dynamic posed with various
conditions. Table 3 presentstheresults of Face Recognition wherea“FAR” isthe False
AlarmRate, “FRR” isthe False Reject Rate, “ Frame” isthenumber of framesinwhicha
human face exists, and “People” is the number of actors/actresses in the video.

Table 3. Result of face recognition

# Frames People FAR(%) FRR(%)
News 9 3670 2 2 0.5
Drama #1 5 256788 6 17.2 8.6
Drama#2 10 134566 3 105 31
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REMARKS AND FUTURE WORKS

Inthischapter, wedealt with video summarization using human facial information
by face detection and recognition. Also, we have described the real implementation of
avideo summarization system. In particular, we have presented an extensive survey of
human face detection and recognition. So many efforts and ideas were introduced.
Finding aface region and making out an identity from astill image or avideo is one of
the key first step in intelligent information processing. Both face detection and recog-
nition on video data are promising for user-friendly video applications (for example,
content-based indexing, intelligent video browsing). If any user wants answer to the
following type of queries: “Are there any faces in this video sequences that matches
Keanu Reeves?’ or “Inwhich moviesin this data base does Brad Pitt appear? or “ Find
the advent scene in which Angelina Joli performed.” The human face-based approach
may help provide the answers automatically. However, face detection and recognition
onvideo still have many challenging problemsas, in general, the human faceisexposed
to very different illumination conditions, poses, and sizes. In addition, direct face
recognition from a video sequences is avery meaningful challenge. Up to now, fairly
simplethresholding of difference images has been used for locating a moving person’s
face, and has been followed by 2-D recognition algorithms. In our opinion, recognition
from video offers excellent opportunitiesfor applying several conceptsfrom the Image
Understanding. In particular, the usefulness of flow fields for the segmentation of the
faceregion, and thereconstruction and refinement of 3-D structurefrom 2-D imagesmust
be investigated.
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