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Preface

The human visual system is able to visually recognise arefpnét object be-
haviours under different conditions. Yet, the goal of bumitdcomputer vision based
recognition systems with comparable capabilities hasrde be very difficult to
achieve. Computational modelling and analysis of objebtli®urs through visual
observation is inherently ill-posed. Many would argue thatcognitive understand-
ing remains unclear about why we associate certain senraptinings with specific
object behaviours and activities. This is because meaniingkrpretation of a be-
haviour is subject to the observegspriori knowledge, which is at times rather
ambiguous. The same behaviour may have different semaegnimgs depending
upon the context within which it is observed. This ambigustyxacerbated when
many objects are present in a scene. Can a computer basethracdastructed that
is able to extract all necessary information for descritangehaviour from visual
observation alone? Do people behave differently in thegmes of the others and if
so, how can a model be built to differentiate the expectedhabbehaviours from
those of abnormality? Actions and activities associatetti tie same behavioural
interpretation may be performed differently accordinghie intended meaning, and
different behaviours may be acted in a subtly similar waye Testion arises as
to whether these differences can be accurately measuneallyisnd robustly com-
puted consistently for meaningful interpretation of bebax:

Visual analysis of behaviour requires not only to solve tfabfems of object de-
tection, segmentation, tracking, motion trajectory asialybut also the modelling of
context information and utilisation of non-sensory knatge when available, such
as human annotation of input data or relevance feedbacktpubsignals. Visual
analysis of behaviour faces two fundamental challengesrimpuitational complex-
ity and uncertainty. Object behaviours in general exhibihplex spatio-temporal
dynamics in a highly dynamical and uncertain environmemt,irfistance, human
activities in a crowded public space. Segmenting and miodgiuman actions and
activities in a visual environment is inherently ill-posed information processing
in visual analysis of behaviour is subject to noise, incatgiess and uncertainty in
sensory data. Whilst these visual phenomena are difficulbetranalytically, they
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can be probabilistically modelled much more effectivelyotigh statistical machine
learning.

Despite these difficulties, it is compelling that one of thestrsignificant devel-
opments in computer vision research over the last 20 yeadben the rapidly
growing interest in automatic visual analysis of behavigurvideo data cap-
tured from closed-circuit television (CCTV) systems ittis@in private and public
spaces. The study of visual analysis of behaviour has hathesaunique impact
on computer vision and machine learning research at latgaides many chal-
lenges and provides a testing platform for examining sorffecdt problems in
computational modelling and algorithm design. Many of tb&ues raised are rel-
evant to dynamic scene understanding in general, muliteitime series analysis
and statistical learning in particular.

Much progress has been made since the early 1990s. Mostablyc statistical
machine learning has become central to computer vision mergd and to visual
analysis of behaviour in particular. This is strongly retiéetthroughout this book as
one of the underlying themes. In this book, we study plaesibmputational models
and tractable algorithms that are capable of automatialewalysis of behaviour
in complex and uncertain visual environments, ranging fveeti-controlled private
spaces to highly crowded public scenes. The book aims tatdfle current trends,
progress and challenges on visual analysis of behaviouhdfe this book will not
only serve as a sampling of recent progress but also highdayhe of the challenges
and open questions in automatic visual analysis of objdtavieur.

There is a growing demand by both governments and commernddwyde for
advanced imaging and computer vision technologies capdd@tomatically se-
lecting and identifying behaviours of objects in imagerjedzaptured in both public
and private spaces for crime prevention and detectionjptrtbhsport management,
personalised healthcare, information management andetnstikdies, asset and fa-
cility management. A key question we ask throughout thiskhedchow to design
automatic visual learning systems and devices capable todiating and mining
salient information from vast quantity of data. The aldarit design characteris-
tics of such systems aim to provide, with minimum human weation, machine
capabilities for extracting relevant and meaningful seticagtescriptions of salient
objects and their behaviours for aiding decision-making situation assessment.

There have been several books on human modelling and visuaikance over
the years, includingrace Detection and Gesture Recognition for Human-Computer
Interactionby Yang and Ahuja (2001Analyzing Video Sequences of Multiple Hu-
mansby Ohya, Utsumi and Yamato (20028);Unified Framework for Video Summa-
rization, Browsing and Retrieval: with Applications to Gomer and Surveillance
Videoby Xiong, Radhakrishnan, Divakaran, Rui and Huang (20B5)mnan Identi-
fication based on Gaiby Nixon, Tan and Chellapa (2005); aAditomated Multi-
Camera Surveillancby Javed and Shah (2008). There are also a number of books
and edited collections on behaviour studies from cognitieeial and psychological
perspectives, includingnalysis of Visual Behaviowgdited by Ingle, Goodale and
Mansfield (1982)Hand and Mind: What Gestures Reveal about ThoumhMc-
Neill (1992); Measuring Behaviouby Martin (1993);Understanding Human Be-
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haviourby Mynatt and Doherty (2001); arldnderstanding Human Behaviour and
the Social Environmertty Zastrow and Kirst-Ashman (2003). However, there has
been no book that provides a comprehensive and unified teeathvisual analysis

of behaviour from a computational modelling and algorithesign perspective.

This book has been written with an emphasis on computationé@ble ap-
proaches that can be readily adopted for the design andageweht of intelligent
computer vision systems for automatic visual analysis dfav@ur. We present
what is fundamentally a computational algorithmic apphdounded on recent
advances in visual representation and statistical madbaraing theories. This ap-
proach should also be attractive to the researchers arehsystvelopers who would
like to both learn established techniques for visual anslysobject behaviour, and
gain insight into up-to-date research focus and directionthe coming years. We
hope that this book succeeds in providing such a treatmehecfubject useful not
only for the academic research communities, both also thenarce and industry.

Overall, the book addresses a broad range of behaviour timapetoblems from
established areas of human facial expression, body gestur@ction analysis to
emerging new research topics in learning group activity esdinsupervised be-
haviour profiling, hierarchical behaviour discovery, ldag behavioural context,
modelling rare behaviours, ‘man-in-the-loop’ active ld@ag of behaviours, multi-
camera behaviour correlation, person re-identificatiod @onnecting-the-dots’
for global abnormal behaviour detection. The book alsogiuedepth treatment to
some popular computer vision and statistical machine legriechniques, includ-
ing Bayesian information criterion, Bayesian networksagkof-words’ represen-
tation, canonical correlation analysis, dynamic Bayesiaetworks, Gaussian mix-
tures, Gibbs sampling, hidden conditional random fieldddé@n Markov models,
human silhouette shapes, latent Dirichlet allocationalldinary patterns, locality
preserving projection, Markov processes, probabilistipgical models, probabilis-
tic topic models, space-time interest points, spectradteling, and support vector
machines.

The computational framework presented in this book cantzsapplied to mod-
elling behaviours exhibited by many other types of spagiojioral dynamical sys-
tems, either in isolation or in interaction, and therefcaie be beneficial to a wider
range of fields of studies, including internet network bébavanalysis and profil-
ing, banking behaviour profiling, financial market analyasil forecasting, bioin-
formatics, and human cognitive behaviour studies.

We anticipate that this book will be of special interest tee@chers and aca-
demics interested in computer vision, video analysis anthina learning. It should
be of interest to industrial research scientists and cormialatevelopers keen to ex-
ploit this emerging technology for commercial applicagémcluding visual surveil-
lance for security and safety, information and asset managg public transport
and traffic management, personalised healthcare in aggsistilerly and disabled,
video indexing and search, human computer interactiomticdy animation and
computer games. This book should also be of use to post-gtadtudents of com-
puter science, mathematics, engineering, physics, belaliscience, and cogni-
tive psychology. Finally, it may provide government polimpkers and commercial
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managers an informed guide on the potentials and limitatinrdeploying intelli-
gent video analytics systems.

The topics in this book cover a wide range of computationafl@tiong and al-
gorithm design issues. Some knowledge of mathematics waeildseful for the
reader. In particular, it would be convenient if one were ifemnwith vectors and
matrices, eigenvectors and eigenvalues, linear algelptanisation, multivariate
analysis, probability, statistics and calculus at thelle¥@ost-graduate mathemat-
ics. However, the non-mathematically inclined reader &hbe able to skip over
many of the equations and still understand much of the ctinten

Shaogang Gong
Tao Xiang

London
February 2011
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Chapter 1
About Behaviour

Understanding and interpreting behaviours of objects,mpdrticular those of hu-
mans, is central to social interaction and communicatimm@only, one consid-
ers that behaviours are the actions and reactions of a persmmmal in response
to external or internal stimuli. There is, however, a plethof wider considera-
tions of what behaviour is, ranging from economical (Simt®55), organisational
(Rollinson, 2004), social (Sherman and Sherman, 1930krie@y attentional such
asvisual behaviour(Ingle et al., 1982). Visual behaviour refers to the actions
reactions of a sensory mechanism in response to a visuallesmfor example,
the navigation mechanism of nocturnal bees in dim light ¢afat; 2008), visual
search by eye movement of infants (Gough, 1962) or drivergsponse to their
surrounding environment (Harbluk and Noy, 2002). If visoehaviour as a search
mechanism is a perceptual function that scans activelyuabv@vironment in order
to focus attention and seek an object of interest amongpdistrs (Ltti et al., 1998),
visual analysis of behavious a perceptual task that interprets actions and reactions
of objects, such as people, interacting or co-existing witier objects in a visual
environment (Buxton and Gong, 1995; Gong et al., 2002; Xiamd) Gong, 2006).
The study of visual analysis of behaviour, and in partidylaf human behaviour,
is the focus of this book.

Recognising objects visually by behaviour and activityheatthan shape and
size plays an important role in a primate visual system (Baebal., 1980; Schiller
and Koerner, 1971; Weiskrantz, 1972). In a visual enviramnoé multiple objects
co-existing and interacting, it becomes necessary to iigeobjects not only by
their appearance but also by what they do. The latter previmder information
about objects especially when visual data is spatially godais and incomplete.
For instance, some animals, such as most snakes, have ao@ryigpual sensing
system, which is unable to capture sufficient visual appesraf objects but very
sensitive to movements for detecting preys and predattieshliman visual system
is highly efficient for scanning through large quantity oflléevel imagery data and
selecting salient information for a high-level semantiteipretation and gaining
situational awareness.



4 1 About Behaviour

1.1 Understanding Behaviour

Since 1970s, the computer vision community has endeavdorbdng about in-
telligent perceptual capabilities to artificial visual sers. Computer vision aims
to build artificial mechanisms and devices capable of miimigihe sensing capa-
bilities of biological vision systems (Marr, 1982). Thisdaavour is intensified in
recent years by the need for understanding massive quaftitgeo data, with the
aim to not only comprehend objects spatially in a snapshbalao their spatio-
temporal relations over time in a sequence of images. Foenstehding a dynam-
ically changing social environment, a computer vision eystan be designed to
interpret behaviours from object actions and interacticaystured visually in that
environment. A significant driver for visual analysis of betour is automated vi-
sual surveillance, which aims to automatically interpratian activities and detect
unusual events that could pose a threat to public securitysafety.

If a behaviour is considered the way how an object acts, dftezlation to other
objects in the same visual environment, the focus of thikli®on visual analysis
of human behaviour and behaviours of object that are maatigdlby humans, for
example, vehicles driven by people. There are many integdable terms used in
the literature concerning behaviour, including actiwtiactions, events, and move-
ments. They correspond to different spatial and temporatest within which a
behaviour can be defined. One may consider a behaviour tigraf three layers:

1. Atomic actions correspond to instantaneous atomiciestifpon which an action
is formed. For example, in a running action, the atomic actiould be ‘left leg
moving in front of the right leg’. In a returning action in t&is, it could be ‘swing
right hand’ followed by ‘rotating the upper body’.

2. Actions correspond to a sequence of atomic actions tifdtadunction or pur-
pose. For instance, walking, running, or serving a tennlis ba

3. Activities are composed of sequences of actions overespad time. For exam-
ple, ‘a person walking from a living room to a kitchen to fetltup of water’,
or ‘two people playing tennis’. Whilst actions are likely asgted with a single
object in isolation, activities are almost inevitably cented with either interac-
tions between objects, or an object engaging with the sodiog environment.

In general, visual analysis of behaviour is about constiganodels and devel-
oping devices for automatic analysis and interpretatiomlgéct actions and ac-
tivities captured in a visual environment. To that end, alsanalysis of behaviour
focuses on three essential functions:

1. Representation and modelling: To extract and encodalistormation from
imagery data in a more concise form that also captures gitricharacteristics
of objects of interest;

2. Detection and classification: To discover and search dberst, perhaps also
unique, characteristics of certain object behaviour pastérom large quantity
of visual observations, and to discriminate them againetkncategories of se-
mantic and meaningful interpretation;
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3. Prediction and association: To forecast future evensedan the past and
current interpretation of behaviour patterns, and to fasbgect identification
through behavioural expectation and trend.

We consider that automated visual analysis of behavioufigmation process-
ing of visual data, capable of not only modelling previouslyserved object be-
haviours, but also detecting, recognising and predictimggen behavioural patterns
and associations.

1.1.1 Representation and Modelling

A human observer can recognise behaviours of interesttljirfom visual ob-
servation. This suggests that imagery data embed usetirhiation for semantic
interpretation of object behaviour. Behaviour repressoneaddresses the question
of what information must be extracted from images and in vibiah, so that ob-
ject behaviour can be understood and recognised visudlé/himan visual system
utilises various visual cues and contextual informatianrézognising objects and
their behaviour (Humphreys and Bruce, 1989). For instatheespecific stripe pat-
tern and its colour is a useful cue for human to recogniseea &igd distinguish it
from other cats such as lions. Similarly, the movement a$ assposture of a tiger
can reveal its intended action: running, walking, or abousttike. It is clear that
different sources and types of visual information need Bised for modelling and
understanding object behaviour.

A behaviour representation needs to accommodate both ativeuand tempo-
ral information about an object. In order to recognise arectand its behaviour,
the human visual system relates any visual stimuli falling@the retina to a set
of knowledge and expectation about the object under obenvehow it should
look like and how it issupposedo behave (Gregory, 1970; Helmholtz, 1962). Be-
haviour representation should address the need for exigadsual information that
can facilitate the association of visual observation wémantic interpretation. In
other words, representation of visual data is part of a caatjmnal mechanism that
contributes towards constructing and accumulating kndgéeabout behaviour. For
example, modelling the action of a person walking can beidensd as to learn
the prototypical and generic knowledge of walking basedroiiéd observations of
walking examples, so that when an unseen instance of walkingserved, it can
be recognised by utilising the accumulagegriori knowledge. An important differ-
ence between object modelling and behaviour modellingasdtbehaviour model
should benefit more from capturing temporal informationutldmehaviour. Object
recognition in large only considers spatial informatioor ihstance, a behaviour
model is built based on visual observation of a person’sydailtine in an office
which consists of meetings, tea breaks, paper works andch kincertain times of
every day. What has been done so far can then have a signifithrice on the
correct interpretation of what this person is about to doréAd989).
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A computational model of behaviour performs both represtént and match-
ing. For representing object behaviour, one considers aehrmapable of captur-
ing distinctive characteristics of an object in action antivity. A good behaviour
representation aims to describe an object sufficiently feelboth generalisation
and discrimination in model matching. Model matching is anpatational pro-
cess to either explain away new instances of observationgiganown object be-
haviours, considered as its generalisation capacity,saridninate one type of ob-
ject behaviour from the others, regarded as its discrinunadbility. For effective
model matching, a representation needs to separate vissahation of different
object behaviour types or classes in a representationaéspad to maintain such
separations given noisy and incomplete visual observation

1.1.2 Detection and Classification

Generally speaking, visual classification is a process tefgraising selected visual
observations of interest into known classes. Classifinatdased on an assump-
tion that segmentation and selection of interesting olagiems have already been
taken place. On the other hand, visual detection aims tmwascand locate pat-
terns of interest, regardless of class interpretatioormfeovast quantify of visual
observations. For instance, for action recognition, a misdequired to detect and
segment instances of actions from a continuous observatiarvisual scene. De-
tection in crowded scenes, such as detecting people figbtiriglling in crowd,
becomes challenging as objects of interest can be swampdidtbgcters and back-
ground clutters. To spot and recognise actions from a seaakgoound activities,
the task of detection often poses a greater challenge thasifitation.

The problem of behaviour detection is further compoundedmthe behaviour
to be detected is unknowanpriori. A common aim of visual analysis of behaviour
is to learn a model that is capable of detecting unseen alaldvehaviour pat-
terns whilst recognising novel instances of known normddavéour patterns. To
that end, an anomaly is defined as an atypical and un-randbavioeir pattern not
represented by sufficient observations. However, in ordelifferentiate anomaly
from trivial unseen instances or outright statistical isul, one should consider that
an anomaly satisfies a specificity constraint to known notvedlviours, i.e. true
anomalies lie in the vicinity of known normal behaviourshaitit being recognised
as any.

1.1.3 Prediction and Association

An activity is usually formed by a series of object actione@xed following certain
temporal order at certain durations. Moreover, the ordeand durations of con-
stituent actions can be highly variable and complex. To rhedeh visual observa-
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tions, a behaviour can be considered as a temporal processiree series function.
An important feature of of a model of temporal processes ind&e prediction. To
that end, behaviour prediction is concerned with detectirfigture occurrence of
a known behaviour based on visual observations so far. Btare, if the daily

routine of a person’s activities in a kitchen during breakfane is well understood
and modelled, the model can facilitate prediction of thisspa’s next action when
certain actions have been observed: the person could betedge make coffee af-
ter finishing frying an egg. Behaviour prediction is partarty useful for explaining

away partial observations, for instance, in a crowded sedran visual observation
is discontinuous and heavily polluted, or for detecting praventing likely harmful

events before they take place.

Visual analysis of behaviour can assist object identiftcaliy providing contex-
tual knowledge on how objects of interest should behave ditiad to how they
look. For instance, human gait describes the way people aradkcan be a useful
means to identify different individuals. Similarly, the ywpeople perform different
gestures may also reveal their identities. Behaviour aislyan help to determine
when and where a visual identification match is most likelpdosalid and relevant.
For instance, in a crowded public place such as an airpaviabirall, it is infea-
sible to consider facial imagery identification for all thegple all the time. A key
to successful visual identification in such an environmemfiective visual search.
Behaviour analysis can assist in determining when and wblejects of interest
should be sought and matched against. Moreover, behavialysis can provide
focus of attention for visual identification. Detecting p&oacting out of norm can
activate identification with improved effectiveness arfit&fncy. Conversely, in or-
der to derive a semantic interpretation of an object’s biehayknowing what and
who the object is can help. For instance, a train statiorf'sthéhaviour can be
distinctively different from that of a normal passengerc&mising a person as a
member of staff in a public space can assist in interpretorgectly the behaviour
of the person in question.

1.2 Opportunities

Automated visual analysis of behaviour provides some kdylibg blocks towards
an artificial intelligent vision system. To experiment withmputational models of
behaviour by constructing automatic recognition devices fmelp us with better
understanding of how the human visual system bridges sgnsschanisms and se-
mantic understanding. Behaviour analysis offers a gresdtafattractive opportuni-
ties for application, despite that deploying automatedalianalysis of behaviour to
a realistic environment is still at its infancy. Here we glsome of the emerging
applications for automated visual analysis of behaviour.
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1.2.1 Visual Surveillance

There has been an accelerated expansion of closed-cigteaitision (CCTV)
surveillance in recent years, largely in response to riaimgeties about crime and
its threat to security and safety. Visual surveillance isnmnitor the behaviour of
people or other objects using visual sensors, typically €€ameras. Substantial
amount of surveillance cameras have been deployed in pgjidices, ranging from
transport infrastructures, such as airports and undengrstations, to shopping cen-
tres, sport arenas and residential streets, serving akfatedme reduction and risk
management. Conventional video surveillance systemshesyily on human op-
erators to monitor activities and determine the actionsetteBen upon occurrence
of an incident, for example, tracking suspicious targeinfrene camera to another
camera, or alerting relevant agencies to areas of concerffiortunately, many ac-
tionable incidents are simply miss-detected in such a mMayséem due to inherent
limitations from deploying solely human operators eyahglCCTV screens. These
limitations include: (1) excessive humber of video scraermonitor, (2) boredom
and tiredness due to prolonged monitoring, (3) lac& pfiori and readily accessible
knowledge on what to look for, and (4) distraction by additiboperational respon-
sibilities. As a result, surveillance footages are ofteedumerely as passive records
for post-event investigation. Miss-detection of impottamwents can be perilous in
critical surveillance tasks such as border control or atrporveillance. It has be-
come an operational burden to screen and search exhaystolessal amount of
video data generated from growing number of cameras in paphces. Automated
computer vision systems for visual analysis of behavioowrigie the potential for
deploying never-tiring computers to perform routine videwlysis and screening
tasks, whilst assisting human operators to focus attewtiomore relevant threats,
thus improving the efficiency and effectiveness of a sulaede system.

1.2.2 Video Indexing and Search

We are living in a digital age with huge amount of digital meedéspecially videos,
being generated at every single moment in the forms of dlamee videos, on-
line news footages, home videos, mobile videos, and breédgavideos. How-
ever, once generated, very rarely they are watched. Farnost most visual data
collected by surveillance systems are never watched. Thetiome when they are
examined is when a certain incident or crime has occurredadad enforcement
organisation needs to perform a post-event analysis. §sfgcific time of the inci-
dentis known, it is extremely difficult to search for an evemth as someone throws
a punch in front of a nightclub. For a person with a large hoidew collection, it
is a tedious and time consuming task to indexing the videothabthey can be
searched efficiently for footages of a certain type of actionactivities from years
gone by. For film or TV video archive, it is also a very challemgtask to search
for a specific footage without text meta information, spedifiowledge about the
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name of a subject, or the time of an event. What is missing asréasingly desired
is the ability to visually search archives by what has happethat is, automated
visual search of object behaviours with categorisation.

1.2.3 Robotics and Healthcare

A key area for robotics research in recent years is to devalpnomous robots
that can see and interact with people and objects, knownciel sobots (Breazeal,
2002). Such a robot may provide a useful device in servinggamgesociety, as a
companion and tireless personal assistant to elderly pemppeople with a dis-
ability. In order to interact with people, a robot must beeatdl understand the be-
haviour of the person who is interacting with. This abiligncbe based on gesture
recognition, such as recognising waving and initialisifgaad-shake, interpreting
facial expression, and inferring intent by body postureli&arobotics research had
focused more on static object recognition, manipulatioth mavigation through a
stationary environment. More recently, there has beenfatsiards developing
robots capable of mimicking human behaviour and intergatiith people. To that
end, enabling a robot to perform automated visual analysisiman behaviour be-
comes essential. Related to the development of a social, ésonalised health-
care in an aging society has gained increasing prominenoecant years. To be
able to collect, disseminate and make sense of sensoryriafmn from and to an
elderly person in a timely fashion is the key. To that endpanatted visual analysis
of human behaviour can provide quantitative and routinesssaent of a person’s
behavioural status needed for personalised iliness dmteatd incident detection,
e.g. afall. Such sensor based systems can reduce the cosvifipg personalised
health care, enabling elderly people to lead a more healtysacially inclusive
life style (Yang, 2006).

1.2.4 Interaction, Animation and Computer Games

Increasingly more intelligent and user friendly human catepinteraction (HCI)
are needed for applications such as a game console that @agniee a player’s
gesture and intention using visual sensors, and a telewmdi@g system that can
control cameras according to the behaviour of participdntsuch automated HCI
systems using sensors, effective visual analysis of hune&aviour is central to
meaningful interaction and communication. Not surprigingnimation for film
production and gaming industries are also relying more eoraated visual analy-
sis of human behaviour for creating special effects anddimglvisual avatars that
can interact with players. By modelling human behaviouhiding gesture and fa-
cial expression, animations can be generated to creatmhatharacters, known as
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avatars, in films and for computer games. With players’ behawrecognised auto-
matically, these avatars can also interact with playersaftime gaming.

1.3 Challenges

Understanding object behaviour from visual observatiamalis challenging be-
cause it is intrinsically an ill-posed problem. This is eljju&rue for both humans
and computers. Visual interpretation of behaviour can beignous and is subject
to changing context. Visually identical behaviours mayehdifferent meanings de-
pending on the environment in which activities are takewel#&or instance, when
a person is seen waving on a beach, is he greeting someboditthgvan insect? or
calling for help as his friend is drowning? In general, visaaalysis of behaviour
faces two fundamental challenges.

1.3.1 Complexity

Compared to object recognition in static images, an extreedsion of time needs
be considered in modelling and explaining object behavibhis makes the prob-
lem more complex. Let us consider human behaviour as an dgahigpman has an
articulated body and the same category of body behavioarbeacted in different
ways largely due to temporal variations, for example, wawest versus slowly.
This results in behaviours of identical semantics look &ilgudifferent, known
as large intra-class variation. On the other hand, behevioudifferent semantic
classes, such as jogging versus running, can be visualljasirknown as small
inter-class variation. Beyond single object behaviourehaviour can be of multi-
ple interacting objects characterised by their tempordéong. In a more extreme
case, a behaviour is defined in the context of a crowd where/ ipaople co-exist
both spatially and temporally. In general, behaviours &fendd in different spatial
and temporal context.

1.3.2 Uncertainty

Based on visual information alone to describe object behans inherently partial
and incomplete. Unlike a human observer, when a computeskisdato interpret
behaviour without other sources of information except ietggdata, the problem
is compounded by visual information only available in twiordnsional images of
a three-dimensional space, lack of contextual knowledgd,ia the presence of
imaging noise.
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Two-dimensional visual data give rise to visual occlusiarobjects under obser-
vation. This renders not all behavioural information carpbserved visually. For
instance, for two people interacting with each other, ddpgnon the camera angle,
almost inevitably part of or the full body of a person is seitluded. As a result,
semantic interpretation of behaviour is made consideraaigder when only partial
information is available.

Behaviour interpretation is highly context dependent. Eesv, contextual infor-
mation is not always directly observable, nor necessaligys visual. For instance,
on a motorway when there is a congestion, a driver often wigh&nd out the cause
of the congestion in order to estimate likely time delay, thiee the congestion is
due to an accident or road work ahead. However, that infoomagt often unavail-
able in the driver’s field of view, as it is likely to be locatedles away. Taking
another example, on a train platform, passengers starate lihe platform due to
an announcement by the station staff that the train lineoisedl due to signal failure.
This information is in audio form therefore not captured ligual observation on
passenger behaviours. To interpret behaviour by visuatrimdition alone introduces
additional uncertainty due to a lack of access to non-visaatextual knowledge.

Visual data are noisy, either due to sensor limitations @abse of operational
constraints. This problem is particularly acute for videséd behaviour analysis
when video resolution is often very low both spatially anaiperally. For instance,
a typical 24 hours 7 days video surveillance system in usaytggnerates video
footages with a frame-rate of less than three frames pemsge@md with heavy
compression for saving storage space. Imaging noise degrasual details avail-
able for analysis. This can further cause visual informmaficocessing to introduce
additional error. For instance, if object trajectories ased for behaviour analysis,
object tracking errors can increase significantly in lowrfearate and highly com-
pressed video data.

1.4 The Approach

We set out the scope of this book by introducing the problemisial analysis

of behaviour. We have considered the core functions of hebmanalysis from a

computational perspective, and outlined the opportusdied challenges for visual
analysis of behaviour. In the remaining chapters of Parelfivét give an overview
on different domains of visual analysis of behaviour to higt the importance and
relevance of understanding behaviour in context. Thislievieed by an introduction

to some of the core computational and machine learning gescsed throughout
the book. Following Part I, the book is organised into furttheee parts according
to the type of behaviour and the level of complexity involveghging from facial

expression, human gesture, single object action, multipject activity, crowd be-

haviour analysis, to distributed behaviour analysis.
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Part Il describes methods for modelling single-object bhas including facial
expression, gesture, and action. Different represemstimd modelling tools are
considered and their strengths and weaknesses are didcusse

Part Il is dedicated to group behaviour understanding. \Mesitler models
for exploring context to fulfil the task of behaviour profijrand abnormal be-
haviour detection. Different learning strategies are stigated, including super-
vised learning, unsupervised learning, semi-supervieadhing, incremental and
adaptive learning, weakly-supervised learning, and ad@arning. These learning
strategies are designed to address different aspects ofial learning problem in
different observation scenarios according to the avditghif visual data and hu-
man feedback.

Whilst Part Il and Part Ill consider behaviours observed frarsingle cam-
era view, Part IV addresses the problem of understandinghiited behaviours
from multiple observational viewpoints. An emphasis iscspity placed on non-
overlapping multi-camera views. In particular, we invgate the problems of be-
haviour correlation across camera views for camera togadstimation and global
anomaly detection, and the association of people acrosoventapping camera
views, known as re-identification.
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human action 19

human body

2D view ambiguity 116
2D view model 116
3D skeleton model 116
nonlinear space 117
observation distance
observation subspace
skeleton distance 121
skeleton subspace 121
view ambiguity 122

human computer interaction

human feedback 61,262,284
query criterion 291

human gait 7

human gesture 17

human intent 21

121
121

human silhouette 116
motion moment 143
spectrum feature 142

human-guided data mining 279
hybrid 2D-3D representation 116
hyper-parameter 233, 268, 271

Dirichlet prior 271
hyperplane 80
hypothesis test 216
|

identification 7

ill-posed 10, 180, 326

image cell 267

image classification 75

image descriptor 48

imbalance class distribution

importance sampling 277

inactivity 181

inactivity break-up 182

incremental EM seeincremental
expectation-maximisation

287

Index

9,16,18

incremental expectation-maximisation 59,

218,221
off-line 221
on-line 221

incremental learning 289, 348, 349

incremental structure learning
Naive method 349
information processing 5
inter-camera
appearance variance 303
inter-cameragap 303
inverse kinematics 116

irregularity 237 see alsdbehavioural

saliency
Isomap 85

isotropic distribution 102
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J linear combination 311
linear dimensionality reduction 85
joined-up reasoning 305 linear discriminant analysis 81, 231
joint feature vector descriptor 143 linear programming 82
joint probability distribution 53, 314 linearly non-separable 80
local (greedy) searching 211
K local binary pattern 76
local block behaviour pattern 287
k-means 207, 209, 256, 334 local motion event 230
k-nearest neighbour 82, 94, 164, 320 localisation 158
greedy 164 locality preserving projection 85
K2 algorithm 341 supervised 88
re-formulation 341 locally linear embedding 85
kernel function 80, 156 log-likelihood 104, 145, 213, 254, 255, 345,
kernel learning 155, 321 356
kernel space 80 normalised 213
key-frame matching 207 logistic regression 163
KL divergence seeKullback-Leibler low-activity region 311
divergence LPP seelocality preserving projection
Kullback-Leibler divergence 255, 277, 287,
294 M
distance metric 294
non-symmetric 294 man-in-the-loop 279
symmetric 294 manifold 84
manifold alignment 87
L MAP  seemaximum a posteriori
marginal likelihood 236, 240, 277
L1 norm 320 marginal probability distribution 314
label switching 237, 243 Markov chain 127,162, 230
Lagrange multiplier 80 Markov chain Monte Carlo 233, 234, 278,
Laplace Beltrami operator 85 344
Laplacian eigenmap 85 Markov clustering topic model 57,230, 231
Laplacian matrix 86 Markov process 127,128
largest eigenvector 209 first-order 128,334
latent behaviour 235 gesture 127
latent Dirichlet allocation 29, 231, 253,267, second-order 128
353 state 128
time-ordered 353 state space 128
latent structure 232 Markov property 93,128
latent topic 231 Markov random field
LBP seelocal binary pattern conditional random field 143
LBP histogram 78, 83 hidden conditional random field 143
LDA seelatent Dirichlet allocation Markovian assumption  335ee alsdViarkov
learning property
model parameter 193 maximum a posteriori 237, 349
model structure 191 maximum canonical correlation 312
procedure 234 maximum likelihood 104
rate 221 maximum likelihood estimation 104, 145,
strategy 57 178,192,211, 344
learning strategy seelearning maximum margin 80
Levenshtein distance 207 maximum posterior probability 221
likelihood function 94 MCMC seeMarkov chain Monte Carlo
likelihood score 291 mean field approximation 277

likelihood test 60 mean shift 105



372

message-passing process 111
metadata feature 231

minimum description length 126, 147

minimum eigenvalue solution 86
mixing probability 211, 220

mixture component trimming 223

mixture model 126
mixture of Gaussian

59

MLE seemaximum likelihood estimation

model exploitation 286
model exploration 286
model inference 270
model input

human annotation 284
model learning

batch mode 325, 339, 348
incremental 339, 348
shared common basis 266
statistical insufficiency 272
structure 267
model matching 6
model order 178
model order selection
automatic 209
model output
human feedback 284
model over-fitting 233, 240, 266
model parameter update 220
model robustness 229

model sensitivity 216

model specificity 216

model structure 191
adaptation 223

discovery 191

model topology 191

model under-fitting 210, 251
model-assisted search 279
modelling 4

behaviour 43

gesture 101

most probable explanation 192
motion

descriptor 47,162
feature 177
template 47

motion direction profile 289
motion history volume 46
motion moment 102
first-order 102
second-order 102
trajectory 102
zeroth-order 102

103,126, 129, 147
mixture of probabilistic principal components

126,178, 208, 334

motion-history-image 46

multi-camera behaviour correlation
multi-camera distributed behaviour

multi-camera system 26, 303
blind area 27

disjoint views 303
surveillance 303
multi-camera topology 314
connected regions 315

Index

region connectivity matrix 315

multi-channel kernel 162
multi-instance learning 159
multi-object behaviour 230

multi-observation hidden Markov model

185

multi-observation HMM seemulti-

observation hidden Markov model

multi-view activity representation
multimodal 210
multinomial distribution
conjugate 345
multiple kernel learning 155
mutual information 314
analysis 313

N

naive Bayesian classifier 290
natural gesture 122
nearest neighbour 60, 86
nearest neighbour classifier
k-nearest neighbour
negative training video 163
network scoring 352
neutral expression 86
Newton optimisation 323
non-visual context 114
nonverbal communication 131
normal distribution 211

306

&2e also

normalised probability score 291

normality score 260
o

object

appearance attribute 44
bounding box 44
descriptor 44

tracking 44, 327

tracklet 46

trajectory 44

object association 27
object association by detection
object representation 47

327

26
26

56,

231, 290, 294, 339



Index

bag-of-words 47
constellation model 47
object segmentation 47, 48,180
object-based representation 43
objective function 81, 86, 145, 156, 322
observation
distributed viewpoints
multiple viewpoints
oversampling 303
single viewpoint 303
observation probability 55
observation variable 55
observational space 185
factorisation 185
off-line processing 183
on-line anomaly detection
likelihood ratio test 217
maximum likelihood estimation
on-line filtered inference 236
on-line likelihood ratio test 216
on-line model adaptation 59
on-line processing 183, 230
on-line video screening 237
one class learning 283
one-dimensional 122,185
one-shot learning 266, 273
one-versus-rest 81, 83, 156, 217
open-world 310
optical flow 47,49, 231, 287
Lucas-Kanade method 287
optimisation problem 156
ordering constraint 344
outlier 59
outlier detection 266, 278, 283
over-fitting seemodel over-fitting
oversampling 83

303
303

206, 213

217

p

pair-wise correlation
pan-tilt-zoom 27
parallel hidden Markov model 56
parameter learning 344
maximum likelihood estimation
part-based representation 47
PCA seeprincipal component analysis

310, 337

344

Pearson’s correlation coefficient 307
pedestrian detection 83
person re-identification 24, 28, 319

absolute similarity score 321
context-aware search 326
contextual information 327
matching criterion 320
ranking 321

relative ranking 321
personalised healthcare 9
phoneme 122
pipelined approach 229
pixel-based representation 48
pixel-change-history 49,174
point clouds 150
point distribution model
point estimation 270
Polya distribution 269
polynomial 81
positive importance weight
posterior distribution 255
posterior probability 93
prediction 5,131

blind search 131

guided search 131
predictive likelihood 233,237,241
Prewitt edge detector 152
Prim’s algorithm 340
principal component analysis

dimensionality reduction

hierarchical 117
prior domain knowledge 243
probabilistic dynamic graph 191
probabilistic graphical model

337

probabilistic latent semantic analysis

116,117

323

85,117
117

373

51,53, 191,

53,258

probabilistic relative distance comparison

320
probabilistic topic model 53, 56, 230
hierarchical Dirichlet processes 53
latent Dirichlet allocation 53

probability density function 103, 210
probability theory 54
probe behaviour pattern 216

probe image 92,319, 320

probe pattern 213
probe video 259
profiling 59

PTM seeprobabilistic topic model
PTZ seepan-tilt-zoom

Q

Quasi-Newton optimisation 145
query criterion  291see alschuman
feedback

adaptive selection 294
query score 291
query-by-committee 286, 292

consensus probability 293
disagreement measure 293
modified 286
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vote entropy 292
R

radial basis function 81
random process 125
random variable 53,110,134
multivariate 54
RankBoost 321
ranking function 322
ranking problem 321
RankSVM 321
complexity 323
ensemble 324
scalability 323
spatial complexity 324

rare behaviour 262, 266
benign 284
classification 265
model 265

rarity seebehavioural saliency

re-identification  12see alsoperson
re-identification

reasoning 109

regional

context 253

correlational context 254

temporal context 254

regional activity 316

regional activity affinity matrix 312

regional activity pattern 310, 334

regional temporal phase 256

relative entropy 287

relative ranking score 322

relevance feedback 284

relevance learning 210

relevance rank 322

representation 4

representation space 6

robust linear programming 82

robustness 205, 230, 333

rule-based 53,58

run-time anomaly measure 216

S

salient behaviour 230, 242

salient pixel group 177

salient point 161

sampling bias 210

scalability 333

scale-invariant feature transform 48, 161
scaling factor 251

spatial 308

Index

scatter matrix

between-class 82

within-class 82

scene decomposition

activity-based 307

scene layout 305

scene vector 181

scoring function optimisation 340

seeding event 174

segmentation 47, 48,122,180, 250

self-occlusion 116, 120

semanticgap 190

semantic region 247

semantic scene

decomposition 250

segmentation 251

semantic video indexing 190

semantic video search 190

semantics 54

semi-supervised learning 60, 242, 285

sensitivity 216, 230, 333ee alsanodel
sensitivity

sequential minimisation optimization 157

shape descriptor 142

chain code 143

shape template 47

SIFT seescale-invariant feature transform

SIFT descriptor 161

silhouette 20, 47,142

similarity measure 86

single-camera system 303

situational awareness 29, 247

holistic 303

skeleton model 116

skin colour 103, 107

model 103

sliding-window 158, 162, 188, 189, 353

SLPP seelocality preserving projection

social robot 9

space-time cloud 149

space-time cuboid 162

space-time descriptor 149

space-time interest point 48, 132, 149

bag-of-words 133

cloud 150

cuboid 132

descriptor 132

detection 132

histogram 132

prototype 132

prototype library 132

volume 132

space-time shape template 47

sparse data 210

289, 306



Index

sparse example 262

sparsity problem 272

spatial topology 316

spatio-temporal space 17

specificity 216see alsanodel specificity

spectral clustering 208, 250, 289, 334

spectrum feature 142

state inference 198

state space 117,191

factorisation 191

state transition 18

state transition probability 55

static Bayesian network 54

statistical behaviour model

statistical insufficiency 266

stochastic process 18,128

string distance 207

strong classifier 83

structure learning 339

constraint-based learning 340

subspace 81

nonlinear 117

subspace analysis 81

subtle behaviour 266

model 265

subtle unusual behaviour 283

sufficient statistics 221, 350, 351

supervised behaviour modelling 266

supervised learning 58,173

limitation 266

support vector 80

support vector machine 80, 105, 135, 156,
163,321

support vector ranking 321

synchronised global behaviour

synchronised global space 305

51,57

334

T

template matching 79, 128
template-based representation
temporal correlation 191
temporal model 84,92
temporal offset 334
temporal process 7
temporal segmentation
temporal topology 316
text document analysis 47,57,231
text mining 57

46

122,124

texture descriptor 76
three-dimensional 109
time delay index 311

time series function 7

time varying random process 128

375

time-delayed mutual information 313
time-delayed probabilistic graphical model
337
top-down 51,196
rules 261
top-down model inference 200
topic
inter-regional
profile 258
regional 256
topic model 231
complexity 240
corpus 240
document 231, 240
topics 240
topic profile 256
topic simplex 256, 259
topological sorting 340
topology inference 27
tracking 44,103
body part 103
discontinuous motion
holistic body 102
salient point 161
tracklet seeobject
tractability 333
trajectory seeobject
trajectory transition descriptor
trajectory-based representation
transformation matrix 81
two-dimensional 103

256

106

161
44

u

uncertainty 10
under-fitting seemodel under-fitting
uniform pattern 77
unimodal 210
unit association 48
unit formation seesegmentation
unlikely
behavioural
dynamical 237
intrinsic 237
unsupervised behaviour modelling 266
unsupervised behaviour profiling 207
unsupervised clustering 191
unsupervised feature selection 210
unsupervised incremental learning 59
unsupervised learning 58, 201, 283
unusual behaviour 283
unusual behaviour detection

237

59,61
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\%

validation set 163, 324, 352
variance 154

variation 75

between-class 75
inter-class 10

intra-class 10
within-class 75
variational distribution 255
variational EM 255
variational inference 255, 356
variational parameter 255
vector descriptor 142
video 173,181
bag-of-words 48, 267
clip 231,254

clip categorisation 236
content 181

content trajectory 187
document 254, 259
representation 173
segmentation 173
semantic interpretation 173
stream 173

video analysis
behaviour-based 279
video content analysis 190
video content breakpoint 185
video corpus 267

video descriptor 48

video document 57,232, 267
video document category 232
video indexing 8

video mining 201

video polyline 183

Index

video saliency 236

video screening 236

video search 8

video segmentation 180, 183, 185
on-line 187

semantic content 183
video semantic content 181
extraction 181

video topic 57,232
videoword 48,57,232,267
view selection 120

visual analysis of behaviour 3,4
visual appearance 303

visual behaviour 3

visual context 15, 24, 247

visual cue 5,107

colour 107
motion 107
texture 50

visual saliency 161

visual search 7,9

visual surveillance 8,59

Viteribi algorithm 198

vote entropy seequery-by-committee

w

weak classifier 83

weakly-supervised joint topic model 267
weakly-supervised learning 61, 262
wearable camera 30

wide-area scene 26, 303, 333
wide-area space 303

within-class scatter matrix 81

within-set covariance matrix 312



