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Abnormal Detection in Video Streams via One-class Learnindg/ethods

Abstract: One of the major research areas in computer vision is visuge#lance. The
scientific challenge in this area includes the implemeonatif automatic systems for ob-
taining detailed information about the behavior of indivads and groups. Particularly,
detection of abnormal individual movements requires ssifsited image analysis. This
thesis focuses on the problem of the abnormal event deteaticluding feature descriptor
design characterizing the movement information and oassckernel-based classification
methods. In this thesis, threeffdirent image features have been proposed: (i) global op-
tical flow features, (ii) histograms of optical flow orientats (HOFO) descriptor and (iii)
covariance matrix (COV) descriptor. Based on these prapdsscriptors, one-class sup-
port vector machines (SVM) are proposed in order to detenbabal events. Two online
strategies of one-class SVM are proposed: the first strasdggsed on support vector de-
scription (online SVDD) and the second strategy is basedhtineleast squares one-class
support vector machines (online LS-OC-SVM).

Keywords: Signal detection; Multivariate analysis; Support vectacitines; Analysis of
covariance.







Algorithmes d’apprentissage mono-classe
pour la détection d’anomalies dans les flux vidéo

Résume:La vidéo surveillance représente I'un des domaines de releberivilégiés en
vision par ordinateur. Le défi scientifique dans ce domaimeprend la mise en ceuvre de
systemes automatiques pour obtenir des informationsliéégisur le comportement des
individus et des groupes. En particulier, la détection devements anormaux de groupes
d’individus nécessite une analyse fine des frames du fluxovid#ans le cadre de cette
thése, la détection de mouvements anormaux est basée sunckption d’'un descripteur
d'image dficace ainsi que des méthodes de classification non linéditess proposon-

s trois caractéristiques pour construire le descripteumdavement : (i) le flux optique
global, (ii) les histogrammes de I'orientation du flux opig(HOFO) et (iii) le descripteur
de covariance (CQOV) fusionnant le flux optique et d'autresci@ristiques spatiales de
'image. Sur la base de ces descripteurs, des algorithmesdhkine learning (machines a
vecteurs de support (SVM)) mono-classe sont utilisés péteatier des événements anor-
maux. Deux stratégies en ligne de SVM mono-classe sont pégsa la premiére est basée
sur le SVDD (online SVDD) et la deuxiéme est basée sur undorefmoindres carrés”
des algorithmes SVM (online LS-OC-SVM).

Les mots clés:Détection du signal; Analyse multivariée; Machines a vestesupport;
Analyse de covariance.
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CHAPTER 1

Introduction

Contents
1.1 Overview of video abnormal detection. . . . . . .. .. ... ......

1.1.1 Video abnormal detectionsystems . . . . . ... ... ... ..
1.1.2 Definition of abnormal detection. . . . . . . .. ... ... ...

1.2.1 Maincontributions. . . . . . .. ... ...

1
1
2
1.2 Summaryofthethesis. . . . .. .. ... ... . ... . . L. 2
2

1.2.2 Layoutofthethesis. . . . .. ... ... ... ... .. ... . 3

One of the major research areas in computer vision is visuakslance. The scien-
tific challenge in this area includes the implementationutbenatic systems for obtaining
detailed information about the behavior of individuals gndups. Obtaining detailed in-
formation about the behavior of individuals from video fresrobtained by a visual sensor,
is a challenging task. Particularly, detection of abnorindividual movements requires
sophisticated image analysis.

1.1 Overview of video abnormal detection

The abnormal detection problems have other names in thatlite, such as suspicious
event, irregular behavior, uncommon behavior, unusualiggeventbehavior, abnormal
behavior, anomaly, etc.Pppoola 201R The research focused on news broadcast video;
conference video; unmanned aerial vehicle (UAV) motiongargt and ground recognition
video; surveillance video of the areas including marketseum, warehouse, room of old
people, plaza, airport terminal, parking lot, fire, subway stations, aerial surveillance,
and sign language data. In this section, firstly, severawiabnormal detection systems
are introduced. And then, the abnormal event detectionlednd this thesis is generally
described.

1.1.1 Video abnormal detection systems

Video analytics gained significant research interest in@e of the last century, when
the defense advanced research projection agency (DARBAgdtsponsoring detection,
recognition, and understanding of moving object eve@@ndamo 2010 Digital image
processing, advanced video codec techniques and pattagnigon algorithms have been
applied to the visual surveillance field.



2 Chapter 1. Introduction

The video analysis and content extraction (VACE) projecufed on automatic video
content extraction, multi-model fusion, event recogmitiand understanding. DARPA
has supported several research projects, which includelv&irveillance and monitor-
ing (VSAM, 1997) [Collins 200Q, human identification at a distance (HID,2000), video
and image retrieval analysis tool (VIRAT, 200&€)dndamo 2010

The public transportation system is also a domain relatednagputer vision problems.
The New York city transit system is the busiest metro systethe U.S.A. (based on 2006
statistics) Metro b, Candamo 201J) Moscow metro is the busiest metro in Europe (based
on 2007 statistics)Nletro g, Paris public transportation network (RATP) is the second
busiest metro system in Europkiétro d. The challenge for real-time events detection
solutions (CREDS){iliani 2005 defined by the needs of RATP focused on proximity
warning dropping objects on tracks, launching objects sscmatforms, persons trapped
by the door of a moving train, walking on rails, failing on ttiack and crossing the rails.
The French project SAMSIT (Systéeme d’Analyse de Médias pimerSécurité Intelligente
dans les Transports publics) aims at designing solutionthebautomatic surveillance in
public transport vehicles, such as trains and metros, blyzing human behaviors based
on audio-video stream interpretatioviu 2009.

1.1.2 Definition of abnormal detection

Several normal and abnormal scenes are shown il Eigln Fig.1.1(a)(b), all the peo-
ple are walking, these scenes are considered as normalghXd), an unusual group
movement is detected, the people are suddenly runningfliereint directions. Another
abnormal example is shown in Figl(d), the major people in the frame are walking, while
one person is running. In abnormal detection problems, sufgosed that the samples
from a positive class are available. Thus, the one-classifileation method is used in this
thesis.

1.2 Summary of the thesis

The main contributions in this thesis and the layout ardlgrsimmarized below.

1.2.1 Main contributions

This thesis focuses on the abnormal detection problem \dectass classification methods.
The main thesis contributions are as follows:

Firstly, the algorithm is based on features of optical flow ame-class support vec-
tor machine (OC-SVM). The optical flow is computed at eactelpof the video frame,
and the nonlinear one-class SVM, after a learning periodacierizing normal behavior,
detects the abnormal pixels or blobs in the current frame Glbb extraction method in
the crowded video scenes is proposed to detect abnormalelkaiis. A structural high
dimensional descriptor, histograms of optical flow ori¢ginta (HOFO) is proposed as a
descriptor encoding the moving information of each videmrfe.
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(d) Abnormal plaza scene (e) PETS (f) 2 people scene

Figure 1.1: Examples of the normal and abnormal scenes. [(#)épeople are walking,
the normal plaza scene in UMN datasetdV[N 2006]. (b) All the people are walking,
the normal indoor scene in UMN datasets. (c) One person igimgrand the others are
walking, the normal and abnormal blobs. (d) All the peopkeranning, the abnormal plaza
scene. (e) All the people are walking, the normal scene inP&atasetPETS 2009 (f)
Two people are walking, a normal scene of UTT dataset.

Secondly, the covariance matrix descriptor (COV) is prepa® fuse the image inten-
sity and the optical flow. A multi-kernel learning strategygroving the detection perfor-
mance is proposed as well.

Thirdly, as the abnormal detection problem usually coreerfiong video sequence,
we propose two online detection algorithms, online suppector data description (online
SVDD) and online least squares one-class support vectanimafonline LS-OC-SVM).

The proposed feature descriptor, online one-class clestidh methods, and the dataset-
s on which the proposed methods are tested on are abstradtel TABLE 1.2.1

1.2.2 Layout of the thesis

The thesis is organized as follows.

In Chapter2, the state of the art of the abnormal detection and evengreton meth-
ods is introduced. Two main components, abstraction anct evedeling, are identified.

In Chapter3, the basic structure of our work, which is based on evenessmtion de-
scriptor and pattern classification method is introduceduk dlgorithm is based on optical
flow descriptor and one-class SVM classifier. Three featuteaetion strategies, pixel-
by-pixel, block-by-block, and blo@-by-block are proposed. A blob extraction method
is presented to extract blobs from crowded scenes. We pedmstogram of optical flow
orientation (HOFO) as a descriptor encoding the movingrintion of each video frame.
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Chapter Method Dataset
Chapter 3| Optical flow Pixel-by-Pixel UTT | UMN
Block-by-Block UTT | UMN
Block?"-by-Block UTT | UMN
HOFO Blob UTT | UMN | Mall
HOFO Frame UMN PETS
Chapter 5 COV Blob UTT | UMN | Mall
COV Frame UMN PETS
Chapter 6| online SVDD dictionary fixed through train UMN
dictionary fixed through test UMN
online LS-SVM | no dictionary through train UMN
dictionary through train UMN

Table 1.1: The proposed feature descriptors and onlinectarss- classification methods.
The proposed feature descriptors include block optical femture descriptor, histograms
of optical flow orientations (HOFO), and covariance matresctiptor (COV). The pro-

posed online one-class classification methods includeéneslpport vector data descrip-
tion (online SVDD), online least squares one-class suppector machine (online LS-
OC-SVM), sparse online least squares one-class suppaxrve@achine (sparse online
LS-OC-SVM). The datasets used for presenting the methddnpesince are labeled.

In Chapter4, we propose the covariance matrix descriptor fusing thegeviatensity
and the optical flow to encode moving information and imagaratteristics of a blob or
a frame. A multi-kernel strategy which consists of seveatptuning the importance of
each sub-image is proposed to improve the detection agcurac

In Chapter5, abnormal detection via online support vector data deonponline
SVDD) and via online least squares one-class support vesgmhine (online LS-OC-
SVM) are proposed. Covariance matrix descriptor is usedhese online implementa-
tions.

Chapter6 concludes this thesis and discusses the future work.
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State of the art of abnormal detection
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The abnormal events detection is the focus of this thesiacliides feature descrip-
tor characterizing the movement information and one-attassification methods. In this
chapter, the state of the art related to abnormal eventtitwmigaroblems and event recog-
nition problems [avee 2009aLavee 2009 are introduced. Two main components of
the abnormal detection and event recognition, namely atigin and event modeling, are
identified. Abstraction is the process of modeling the data informative units to be
used as input to the event model. Event modeling is devotémially describe events of
interest, enabling recognition of these events as theyrdndbe video sequence.

2.1 Abstraction

Abstraction is the organization of low-level inputs intaieais constructs (or “primitives”)
representing the properties of the video data. There age thain categories of abstraction
approaches: pixel-based, object-based, and logic-bdmssrhetions. Pixel-based abstrac-
tion describes the properties of pixel features in the level input. Object-based abstrac-
tion describes the low-level input in terms of semantic otge Logic-based abstraction
organizes the low-level input into statement of semantm®adge [avee 2009h
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2.1.1 Pixel-based abstraction

Pixel-based abstraction does not attempt to group pix@megnto blobs or objects, but
simply computes features based on the salient pixel regibars input video sequence. It
relies on pixel or pixel group features such as color, tex&urd gradient. This method is the
organization of low-level input into vectors in an N-dimemwsl metric spaceRibeiro 2005
Zhong 2004 Shechtman 2005 Additional information related to trajectory could besal
included in this category, such as Ripeiro 200% where the speed of the object is used as
an additional feature.
Pixel-based abstraction methods include histograms tibsgamporal gradientsZelnik-Manor 2006,
spatio-temporal patcheBpllar 2005 Laptev 2007Niebles 2008Haines 201 1Kim 2009,
Benezeth 201, Benezeth 200Bregler 1997Wang 2008; self-similarity surfaces$hechtman 2005
motion history images (MHI) motion energy images (MEI) aixebchange history (PCH)
[Bobick 2001 Zhong 2004Ng 2001, Ng 2003 Gong 2003Kosmopoulos 201Qiménez-Hernandez 2010
Bradski 2002Davis 2001]; optical flow [Utasi 2010 Utasi 2008aUtasi 2008hKwak 2011,
Adam 2008 Varadarajan 2009middle-level feature consisting of serval patchBeiman 2007
(please refer to details of middle-level feature $irjgh 2012 Doersch 201D.

2.1.2 Object-based abstraction

Object-based abstraction is an approach based on theanttiitat a description of the
objects participating in the video sequence is a good irgdiate representation for event
reasoning. Thus the low-level input is abstracted into a&ebjects within their associat-

ed properties such as speed, position and trajectory. Tjeetelof the interest are labeled

by bounding boxe$jongeng 200,LXiang 2008a Xiang 2005 Xiang 2008k Xiang 2002
Starner 1995Medioni 2001 Varadarajan 200%ao 201Q, silhouettesBlank 2005 Schuldt 2004
Wang 2007 Singh 2008 Chen 2007 Sminchisescu 20Q6 trajectories Piciarelli 2008h
Piciarelli 2006 Piciarelli 2005 Piciarelli 2007 Piciarelli 2008aCalavia 2012Jiang 2011

Jiang 2012and 3D trajectoriesljee 2012.

2.1.3 Logic-based abstraction

Logic-based abstraction aims at abstracting low-leveltspnto statements of semantic
knowledge which can be reasoned on by a rule-based eventl.m®bis abstraction is
motivated by the observation that the world is not descrimgdhulti-dimensional param-
eterizations of pixel distributions, or even a set of seicamijects and their properties,
but rather by a set of semantic rules and concepts, which ot units of knowledge
[Lavee 2009h The representation space after the abstraction is snibfe the original
space, the influence of uncertainty errors is reduced.

In [Siskind 2000, low-level input is abstracted into line segments assedidy kine-
matic stability concepts such as grounding and support.Ctrthf 2003, the chosen ab-
straction scheme focuses mainly on the spatial aspecte @vént, where a set of qualita-
tive spatial relations is applied to the video sequence.
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2.2 Event modeling

Event modeling is the subsequent problem to abstractioveri@he choice of an abstrac-
tion scheme, event modeling seeks formal ways to descrithesmognize events in a partic-
ular domain. There are roughly three categories: pat&rognition methods, state event
models and semantic event models.

2.2.1 Pattern-recognition methods

The classifiers in this category do not consider the probleevent representation, they fo-
cus on the event recognition problem formulated as a tawditipattern recognition prob-
lem. This class consists of nearest neighbor, support vesaehines, neural networks
[Lavee 2009k The main advantage of these techniques is that they canllpespecified
from a set of training data. As these methods exclude seosant. high-level knowledge
about the event domain, from the specification of the cla&sstfiey are usually simple and
straightforward to be implemented. The representatiooasicerations are usually left to
the abstraction scheme associated with the event recogmitethod.

2.2.1.1 Nearest neighbors

Nearest neighbors is widely used for classification. An belled sample is labeled using
its “nearest” labeled neighbor in the databalsenearest neighbor is a variation of nearest
neighbors methods where thenearest neighbors vote the label of the test example. The
notion of closeness is defined by a distance measure degidediuring the model specifi-
cation Bishop 2008. The distance measure can be Eucliddalafik 2005 Gorelick 2007
Masoud 2008 Chi-squaredZelnik-Manor 200§and Linear programming based distance
[Jiang 200& Event-domain dependent metrics such as spatio-tempegiin intersection
[Ke 2007 and gradient matrix of motion fieldghechtman 20Q%re also used as distance
measures. Template matching methdsislick 2003, Ng 2001, Ng 2003 also use nearest
neighbors models.

In [Bobick 2001, motion-energy images (MEI) and motion-history image (ke
used to represent the movement. There were two componeidweaf the templates. The
first value was a binary value indicating the presence ofanptand the second value was
a function of the recency of motion in a sequence. The Malbiardistance was used in
the nearest neighbor event model.

One can note that, the abstraction of video events is oftgh-timensional, a k-
ciently dense nearest neighbor event model is intractable€ognition (complexity grows
with the dataset size).

2.2.1.2 Support vector machines

Support vector machines (SVMEfistianini 2000 Burges 1998is a group of models de-
signed to find the optimal hyperplane separating two classedustering one-class, in a
multi-dimensional space. Support vector machines (SVM iwaially proposed by Vap-
nik and Lerner Yapnik 1963, it attempts to find a compromise between the minimization
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of empirical risk and the prevention of the overfitting. Byplpng a kernel trick, SVM can
handle nonlinear classification problenBoger 1992 Piciarelli 2008h Cristianini 2000
Canu 2005h

The basic two class SVM can be generalized to multi-classidecproblem (see for
example Pittore 1999 for an application of a multi-class SVM inflice surveillance).

Based on the theory of SVM and the soft-margin trigkfidlkopf 2000Ben-Hur 2002,
one-class SVM is proposed to address the problem where aelgategory of samples (the
positive samples) with a few outliers are available. Ric[arelli 2008k Piciarelli 2006
Piciarelli 2005 Piciarelli 2007 Piciarelli 20083, the authors presented a method for anoma-
lous event detection by means of trajectory analysis. Tdjedtories were subsampled to a
fixed-dimension vector representation and clustered witbree-class support vector ma-
chines (SVM) algorithm. In these works, SVM classifiers avepted with various feature
representation methods including pixel-badeittpre 1999, object basedRiciarelli 2008h
Piciarelli 2006 Piciarelli 2005 Piciarelli 2007 Piciarelli 2008aChen 2007T. In [Schuldt 2004,
an algorithm constructed video representations in ternhsocal space-time features based
on the silhouettes, integrated such representations wWittd 8lassification schemes for
recognition, the gestures of one person, such as walkiggirjg, running, hand-waving,
boxing and hand clapping were detected.

2.2.1.3 Neural networks

Neural networks is an another well know pattern recognitechnique. It simulates the
biological system by linking several decision nodes in tayén [Vassilakis 2008, gesture
recognition problems such as recognizing head movements addressed by applying
temporal data to both feedforward and generative feedbaitkally static network models.
In [Casey 201], a neural network was used to model the superior collic(B{3) to detect
abnormalities in a panoramic image.

2.2.2 State event models

State event models are a class of techniques which are @ésiging semantic knowledge
of the state of the video event in space and time. Reasonsflengtions about the nature
of video events have been included in these technologiese 8tent models capture both
the hierarchical nature and the temporal evolution of thtest

2.2.2.1 Finite-state machines

Finite state machine (FSM) is a deterministic formalismfuisior modeling the temporal
aspects of video events, it extends a state transitionatiagrith start and accept states to
allow recognition of processes. The hidden Markov model #h\ould be considered as
a “probabilistic FSM”

In [Hongeng 200]L. multi-agent event recognition was proposed, a singledtirof
action was recognized from the characteristics of the dtajg and moving blob of the
actor by using finite state machine (FSM), a multi-agent ewes represented by a number
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of action threads related by temporal constraints, mglkira events were recognized by
propagating the constraints and likelihoods of event tigéa a temporal logic network.

In [Medioni 2001, the moving regions in the sequence were detected ancetlathe
trajectories together with additional information in tloerfi of geo-spatial context and goal
context were used to instantiate likely scenarios, in otdeecognize aerial events.

2.2.2.2 Bayesian Networks

In order to deal with the uncertainty of observations engstn video events, Bayesian Net-
works are used. Bayesian Networks (BN) is a class of direatgdlic graphical models.
Nodes in the BN represent random variables which may bedal&s¢finite set of states)
or continuous (described by a parametric distribution)nditional independence between
these variables are represented by the structure of tha §lapsen 20QPearl 1988 BN
achieves a probability score indicating how likely the evauld occur given the input. A
typical approach to anomaly detection is the basic latenthlet allocation (LDA) model
[Blei 2003. LDA is a typical standard topic model which has been useshéadlel video
clips as being derived from a bag of topics drawn from a fixeshélly uniform) set of
proportions Popoola 201R Other Bayesian modeling approaches are probabilisténta
semantic analysis (pLSA) and hierarchical Dirichlet psszs (HDP).

BN models do not have an inherent capacity of modeling teaigmmposition. So-
lutions to this problem include single-frame classificatiBuxton 199% and choosing ab-
straction schemes which encapsulate temporal propektie2do6, Intille 1999.

Dynamic Bayesian Networks (DBN) benefits from a factormatof the state and the
observation space, and the temporal evolution of state. D&¥¢ralizes BN to a temporal
context. It can be described formally by intra-temporal etefencies and inter-temporal
dependencies.

2.2.2.3 Hidden Markov models

HMM is a class of directed graphical models extended to mtueltemporal evolution
of the state. The HMM structure describes a model where tBerghtions are dependent
only on the current state. The state is only dependent upost#te at the previous “time
slice” [Rabiner 1989Ghahramani 1997

In [Kosmopoulos 2010 multistream-fused HMM model (MFHMM) was used to rec-
ognize the real-life visual behavior understanding sdemsan a warehouse monitored by
camera networks. Injtasi 2010 Utasi 2008aUtasi 2008k, Gaussian mixture model (G-
MM) and hidden Markov model (HMM) were used to detect the abmad events of out-
door trefic areas based on the optical flow features.Jimgnez-Hernandez 20[LGHMM
model was used to identify uncommon motion events based diomooding. Motion
coding was similar to motion history image (MHI), it encodibe information and dis-
covered the intrinsic dynamics using only the visual infation. In [Kim 2009, a space-
time Markov random field (MRF) model was proposed to detectoaial activities in
video. Optical flow features were extracted at each franb{tzen a mixture of probabilis-
tic principal component analyzers (MPPCA) was utilizeddenitify the typical patterns.
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In [Benezeth 201,1Benezeth 2009 an approach using spatio-temporal models of scenes
was presented. A Markov random field model parameterized d+@ccurrence matrix
was built. Abnormal activities in the direction, speed aim ©f objects were detected.
The work is similar to the change detection method when tlokdraund is not stable.
In [Bregler 1997, low level primitive were areas of coherent motion found éx¥pecta-
tion maximization (EM) maximum likelihood clustering, miievel categories were simple
movements represented by dynamical systems, and highelewglex gestures were rep-
resented by hidden Markov models (HMM) as successive phafssisnple movements.
Human gait was recognized. Idifng 2011 Jiang 201} a context-aware method was
proposed to detect anomalies, all moving objects in theovidere tracked, a hierarchical
data mining approach, the co-occurrence anomaly deteatimmsidered as an observa-
tion sequence generated from hidden Markov model (HMM), ugzsl to detect abnormal
trajectories in the tifdic scenes. InZhu 2011h Zhu 20114 the people in the parking
lot were labeled by blobs, a clustering algorithm using biddlarkov models and latent
Dirichlet allocation based (HMM-LDA based) on action wards runtime accumulative
anomaly was measured, an online likelihood ration testh@édeT-based) normal activity
recognition method was proposed for online anomaly detecti

2.2.2.4 Conditional Random Fields

Conditional random field (CRF) is based on the idea that insarithinative statistical
framework only the conditional distribution is modeled. ER introduced inlLafferty 2001,

it is an undirected graphical model generalizing the hidslemkov model by putting fea-
ture functions conditioned on the global observation edtef the transition probabilities.
Learning of CRF parameters can be achieved by using conuéxrimption methods such
as conjugate gradient deceftjtton 200T. CRF based event detectiofffers several par-
ticular advantages including the abilities to relax stramippendence assumptions in the
state transition\Vang 2006. In [Yao 2010, the authors developed a random field model
using a structure learning method to learn important caiwigcpatterns between objects
and human body parts. IWang 2008, the event was presented by semantic, conditional
random field (CRF) was used to fuse temporal multi-modalitgscfor event detection in
the football match scene.

2.2.3 Semantic event models

The semantic event models are usually applied when the weénnterest are relatively
complex with large variations in their appearance. Thesmtsvcan be described as a
sequence of a number of states, they can be defined by semsdaticnships between their
composing sub-events. This type of approach allows thetenedel to capture high-level
semantics such as long-term temporal dependence, higraeaiial ordering, concurrency
and complex relations among sub-events and abstractionitipgs.
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2.2.3.1 Grammars

Grammar modelsAho 1977 specify the structure of video events as sentences cordpose
of words corresponding to abstraction primitives, it hasrbesed in computer vision
[Chanda 200 The grammar formalism allows for mid-level semantic cepis (parts
of speech in language processing). In the event model dpritesse mid-level concepts
are used to model composing sub-events. This formalisnralteaptures sequence and
hierarchical composition as well as long-term temporalkteencies. A grammar model
consists of three components: a set of terminals, a set efararinals and a set of produc-
tion rules. Terminals correspond to abstraction prim#tivélon-terminals correspond to
semantic concepts. Production rules correspond to thergenséructure of the event. The
recognition of an event is reduced to determining whethartdqular video sequence ab-
straction (sequence of terminals) constitutes an instahaa event. This process is called
parsing. The particular set of production rules used ingaizing the event is called the
parse.

There are two extension models, stochastic grammars aittbggtgrammars. The s-
tochastic grammars allow probabilities to be associated each production rule, it can
give a probability score to a number of legal parsgwlcke 199% Attribute grammars
associate conditions with each production rule, each texhtias certain attributes associ-
ated with it Knuth 1968. Stochastic grammars allow reasoning with uncertairttyibate
grammars allow further semantic knowledge to be introdun&mthe parsing process, it
can describe constraints on features in addition to theastintstructure of the input.

In [Calavia 2012, alarm detection in tiéic was performed on the basis of the param-
eters of the moving objects and their trajectories by usergantic reasoning and ontolo-
gies. In [Antic 2011], the author parsed video frames by establishing a set dafthgges
that jointly explain all the foreground, and by trying to findrmal training samples that ex-
plain the hypotheses. Abnormalities in theffiascene were discovered indirectly as those
hypotheses which were needed for covering the foregroutitbwt finding an explanation
by normal samples for themselves. Ryoo 2004, a context-free grammar (CFG) based
representation scheme was used to recognize two-peopltiest which were represented
as a composition of simpler actions and interactions. Higigs of interactions: approach,
depart, point, shake-hands, hug, punch, kick and push veeagnized. InJoo 2006,
the anomalies in a parking lot were detected by using at&igtammars, abnormal events
were detected when the input did not follow syntax of the greamor the attributes did not
satisfy the constrains in the attribute grammar to someegegr

2.2.3.2 Petri Net

Petri Net (PN) formalism is a bipartite graph, which allowgraphical representation of
the event model and can be used to naturally model non-sggjuesmporal relations as
well as other semantic relations that often occur in videsnées: Place nodes are represent-
ed as circles and transition nodes are represented asglestariPlace nodes hold tokens
and transition nodes specify the movement of tokens betwkmes when a state change
occurs. Transition nodes are enabled if all input place sadmnected to that transition
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node have tokens. Ilgdhanem 2004Ghanem 2007 events were composed by combining
primitive events and previously defined events by spathptoral, and logical relations,
these primitive events are then filtered by Petri Nets filtenecognize composite events
of interest to recognize airports andffraintersection events. IiAJbanese 200B a prob-
abilistic Petri Net was proposed to recognize human aig#viin restricted settings such
as airports, parking lots and banks, the minimal sub-vide@sgiven activity was identi-
fied with a probability above a certain threshold, and th&viagtfrom a given set with the
highest probability was detected .

2.2.3.3 Constraint satisfaction

Constraint satisfaction is used to recognize the event & af semantic constraints on
the abstraction. The event recognition task in this metsodduced to mapping the set of
constraint to a temporal constraint network and deterrgimihether the abstracted video
sequence satisfies these constraints. Constraint stitiefavent models represent video
events as a set of semantic constraints which include spatigporal and logical relation-
ships. An event is then recognized by determining wetherticpar video sequence ab-
straction is consistent with these constraints.Mn 2003 Vu 2004, the authors represent-
ed a scenario model by specifying the characters involvédeiscenario, the sub-scenario
composing the scenario and the constraints combining thessenarios. Stores totally
recognized scenarios (STRS) algorithm recognized usaa#igenario by performing an
exponential combination search. Stores partially recmghscenarios (SPRS) algorithms
tried all combinations of actors to recognize “multi-astoscenarios. InFusier 2007,

a video understanding system based on scene tracking,ecmgemaintenance and scene
understanding was proposed, the events in airport stame#l have been recognized.

2.2.3.4 Logic Approaches

In logic approaches, an event domain is specified as a segiofpoedicates. A particular
event is recognized using logical inference techniquek ageesolution. These techniques
are useful as long as the number of predicates, inferenes anld groundings are kept low.
In [Shet 2005Shet 200§ the architecture of a visual surveillance system thatlwoed
real time computer vision algorithms with logic programmio represent and recognize
activities involving interactions amongst people, pagesthe environment through which
they moved was described.

2.3 One-class classification

This section presents the theoretical framework of siedistearning theory. The early
work comes back to 1960s, and becomes popular at 1990s sieacaipport vector ma-
chines (SVM) have been proposed by Vapnipnik 200Q Vapnik 1998. Brief introduc-
tions to this theory can be found iGnn 1998Burges 1998Bousquet 2004ACristianini 2000.
In classification problems, the objective is to find the ielatbetween each sample
(input) and the tag (output). The linear models are firstgsoended, then, the kernel
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trick extends the framework into a nonlinear setting, vigroelucing kernel Hilbert spaces
[Aronszajn 1950Shawe-Taylor 2004

2.3.1 Support vector machines for binary classification

Support vector machines (SVM) are initially proposed bynik@nd LernerYapnik 1963.
SVM for classification and regression provides a powerfol for learning models that
generalize well even in sparse, high dimension settimiishl 2003. Traditional tech-
niques for pattern recognition are based on the miniminadiothe empirical risk, which
attempt to optimize the performance on the training set. $WNimizes the structural risk,
the probability of misclassifying patterns for a fixed buknown probability distribution
of the data Pontil 199§. It attempts to find a compromise between the minimizatibn o
empirical rick and the prevention of overfitting. By applyikernel trick, SVM can handle
nonlinear classification problemB¢ser 1992Piciarelli 2008k Cristianini 2000. Consid-
er the problem of separating the set of training déta., y1), (2, Y2), .. .. (n, Yn)}, = € RY
belong to two separate classgs= =1, the constraint is thate*(x;) = 1. In linear classi-
fication, the data are separated by a hyperplane,

w'zi+p=0, (2.1)

wherew is a vectorp is a constant.
The decision function for each datumis:

o(x) = sgn(w’ zi + p). (2.2)

Assuming the minimization distance of the data to the s¢jparalane is 1, one has:

w'xi+p>+1Ly =+1, 2.3)
w ' T +p<-1y=-1
The two equations above can be rewritten as:
Vilw i +p) > 1. (2.4)
The distance of each datum to the decision plane is:
A T . 1
d(a) = A2 20) @5)

llwll ~ lwll’

The problem maximizing the margin becomes minimizjag| under constraints.
By introducing Lagrange multipliera; composing the vectoe, the corresponding
Lagrangian is,

n

Lw.p. @) = Sl = 3" (e + ) ~ 1) 26)
i=1

Taking the derivatives of functior2(6) with respect tav andp, we have:
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Figure 2.1: Principle of support vector machines for twesés classification. The support
vectors are labeled by circle.
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p =

Replace 2.7) (2.8) into (2.6), the optimization problem becomes:

n n
1
mO?XZ aj — > Z aiajyiyja:iTa:j, (2.9)
i-1 =1
n
subject to: > aiyi = 0,0  O. (2.10)

i=1

This problem can be addressed by standard quadraticalgomnogrethod. Only few
entries ofa are not 0, these correspond training samples are callecdbgwggrtor (SV).
Once thax are calculated, the optimal hyperplane is:

n
w = Z aiYixi, (2.11)
i=1
1 5
p=-Zw (xr + xg), (2.12)

wherex, andxs are any support vectors from each class satisfying:

Qr, g > O,yr = —1,ys = +l (213)

As shown in Fig2.1, the samples marked by circle in supplementary hyperpkine
andH, are support vectors. The hard margin classifier is then,
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¢(x) = sgn(wz +p) = sgn (Y aiyix] x + p). (2.14)
i=1

Usually, the data cannot be separated linearly, it is ne¢dddlerate the errors of
classification results of some samples. The error of claasifin of samplex; is quantified
by relaxation variablg;, & > 0. The optimization problem becomes:

I 3
min |w] +c;§i, (2.15)
subjectto:yi(w i +p) = 1-&, & =0, i=1,...,n (2.16)

Address this optimization problem as the the method in handyin classifier, we have:

n n
1
max Zai — E Z CKiCL’jyiyj:I:iT:Cj, (2.17)
i=1 ij=1
n
subject to: Zaiyi =0, O0<¢qi<C, i=12...,n (2.18)

i=1

The standard quadratical program is used to address thisiaggin problem. In non-
linear situation, the scale product is replaced by a defirsitipe kernel which implicitly
transformers each sample by a nonlinear function. If anélerns given, the decision
function becomes:

p(x) = sgr( ) aiyix(wi, ) + p). (2.19)
i=1

2.3.2 Hyperplane one-class support vector machines

Based on the theory of SVM, one-class SVM is proposed to déhlproblems that only
one category of (the positive) samples are available. Qass&VM aims to determine a
suitable region in the input data spakewhich includes mostly the samples drawn from
an unknown probability distributioR. It detects objects which resemble training samples.
Hyperplane based one-class SVM is the extended versior @frthinal SVM to one-class
problems Schdlkopf 2001, it is also be called ag—SVM. It identifies outliers by fitting a
hyperplane from the origin, Fig.2illustrates the hyperplane. Hyperplane one-class SVM
is used as the one-class classification method in Ch8@ed Chapted. The hyperplane
one-class SVM is formulated as a constrained minimizatjimozation problem:

R T -
min =|lw||c-p+C s
min- Zlwl? - p Z;g 220

subject to: (w, @(xi)) > p - &, & >0,
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A .. one-class SVM
boundary

Origin
° g

>

Figure 2.2: The decision hyperplane of one-class SVM d#/itie data in the feature space.

wherex; € X,i € {1,...,n} arentraining samples in the input data spa¢es; is the slack

variable for penalizing the outliers. The hyperparam@ds the weight for restraining
slack variable, it tunes the number of acceptable outlifirs|| denotes Euclidean norm
of a vector. (w, ®(x;)) — p = 0 is the decision hyperplanew defines a hyperplane in
feature space separating the coordinate origin from thggfions of training data. The
nonlinear function® : X — H maps datume; from the input spac& into the feature

spaceH, which allows to solve a nonlinear classification problemdegigning a linear
classifier in the feature spadé. For computing dot products i, the positive definite

kernel functionk is defined ax(x, ') = (®(x), ©(x’)) to implicitly map the training or

testing datar into a higher (possibly infinite) dimensional feature spand compute the
dot product. Introducing the Lagrangian multipliers the decision function in the input
data spacg is defined as:

f(z) = sgn() ain(zi. ) - p). (2.21)
i=1

When f(x) = -1, the datume is classified as anomaly, otherwigeis considered as
normal.

If proper parameters are given, classical kernels, suchaasgen, polynomial, and
sigmoidal kernel, have similar performanc&cholkopf 2002 Gaussian kernel is chosen
for handling spatial features in our work. It is a semi-pusidefinite kernel that contents
Mercer condition Yapnik 200Q Vapnik 199§. Gaussian kernel is defined as the following
expression:

i — xj||?
k(xi, Tj) = eXpE—F——

502 ), (wixj) e Xx KX, (2.22)

wherex;, xj are the data in the original data spaXethe variancer indicates the scale
factor at which the data should be clustered.
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2.3.3 Hypersphere one-class support vector machines

Hypersphere one-class SVM was proposedTex[2001 Tax 2004, it identifies outliers

by fitting a hypersphere with a minimal radius, it is also b#ecasupport vector data
description (SVDD). The problem can be written as the foltmobjective function to be
minimized:

n
in RR+C )Y & 2.23
min R+ ;f., (2.23)
subject to: ||d(x) — || < RP+ &, i=12,....n. (2.24)

By introducing the Lagrange multipliees and-y, the Lagrangian becomes:

LeRE&ay)=R+CY &- > ailf+&-I0@) - cl’) - ) né.  (2.25)
i=1 i=1 i=1

By KKT conditions, we have:

n
Dai=1, (2.26)
i=1
n
c= Zai:ci, (2.27)
i=1
C-ai-y=0,i=12...,n (2.28)
«@; is obtained by:
n n
max Za/i k(xi, xj) — Z aiaj k(xi, Tj), (2.29)
* i3 =1
n
subject to: Zai =1 0<q <C, i=12...,n (2.30)

i=1

Each sample; is classified into 3 categories: the samples with- C are outside the
sphere, with O< «; < C are on the sphere, wiily = 0 are inside the sphere. The samples
with a; # 0 are called support vector (SV), they can be expresséd d%,. The radius is
computed as:

R=min [|®(z;) - ¢l (2.31)
ielgy

For classifying each sample, the distancdis= ||®(x) — ¢||. If dis < R, the sample is
normal. The distance is computed as:
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|P(x) — cl? = Z aiaj k(xi, j) — 2 Z aj k(xj, x) + k(x, ). (2.32)

i,jelsv ielsy

Fig.2.3illustrates the hyperplane one-class SVIMIVC) and hypershpere one-class
SVM (or support vector data description, SVDD).

A A

A\
v

| |

Figure 2.3: Data descriptions by theSVC and the SVDD where the data is normal-
ized to unit norm Tax 2003. v-SVC is for hyperplane one-class SVM or one-class SVM
[Schdlkopf 2001 SVDD is for hypershpere one-class or support vector des&ription.

2.3.4 Kernel PCA for abnormal detection

Kernel PCA extends standard principal component analy&3A( to a nonlinear setting.
Before performing a PCA, one can map thdata points; € RY to a higher-dimensional
feature spacé®(x;) € H where standard PCA is performaddffmann 200T.

xi > O(x;). (2.33)

This mapping can be omitted by adopting a kernel functian =), which replaces the
scalar product(®(x) - ®(z’)). In kernel PCA, an eigenvectd of the covariance matrix
in H is a linear combination of point®(x;):

V= Zn: @i (i), (2.34)
r=1

D(x;) = (i) - Do

1< (2.35)
= D) — - Zl O(z),
where they; are the components of a vecier which is an eigenvector of the Gram matrix
Kij = (®(x;) - D(x;)). Do is the center of the data.
For abnormal (novelty) detection, the reconstructionrerrehe feature spacp(®(x))
is defined as:
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p(@(z)) = (D(z) - D(x)) - (@(z) - V') - (@(z) - V1)) (2.36)
with

(D(x) - D(x))

= {(®(z) — Do) - (P(z) — o)) (2.37)
= k(z, z) — % iZn;K(;c, i) + n—12 iil k(i ),

@)V :
= Zn;a: [k(z, i) - % i K(wi, ) - (2.38)

n

1 1
- Zl k(x, ;) + =
r=

where(®(z) - ®(x)) is the potential of a point in the original space, which is computed
by the squared distance from the mappﬁ(@) to the centedq. The indexl denotes the
I-th eigenvector, with = 1 for the eigenvector with the largest eigenvall(@(m) Vhyis
the projection ofd(x) onto the eigenvectov'.

If only first g rows of vectolV' are chosen, the reconstruction error of the original space
datax can be expressed as:

D K@, @),

=1

5

1
n
S=

-

q
p(z) = D)’ - ) (@) V). (2.:39)
I=1

All the components in the eq239 can be computed by the kernel function while the
data are in the original space.

2.4 Conclusion

The event understanding process can be generally decochjrisetwo parts, abstrac-
tion and event modeling, respectively. Abstraction is tiganization of low-level video
sequence data into intermediate units that capture salfehtliscriminative abstract prop-
erties of the video data. Event modeling is defined as theeseptation of occurrences
of interest, using those units (“primitives”) generatedtbg abstraction of the video se-
guence, in such a way that allows recognition of these evantiey occur in unlabeled
video sequenced fivee 2009k Hyperplane one-class support vector machines (ona-clas
SVM, or OC-SVM, orv-SVC) method is used in Chaptgrand Chapted. Chapter5 has
two parts. Hypersphere one-class support vector machsuggp@rt vector data descrip-
tion, or SVDD) based online algorithm is used in the first pi€hapter. Least squares
one-class support vector machines (LS-OC-SVM) based emigorithm is used in the
second part of Chaptéx
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Because abnormal visual events are mainly characterizezbjegts movements and
interactions in the scene, the optical flow is chosen as thddgel features based on which
various descriptors and classifiers could be designeffitiemtly detect abnormal events.
Also, because only normal-event video sequences are blegilariants of nonlinear one-
class support vector machines (OC-SVM) are used as clatificalgorithms. It is worth
noting that the proposed detection methods do not requirmagtep of object tracking in
the scene, which makes it versfieient in practical situations.

The rest of the chapter is organized as follows. In SecBdnthe abnormal events
detection method based on optical flow is introduced. IniGe@&.2, after presenting an
efficient technique to extract the foreground, abnormal dietec locally applied to detect
abnormal blobs (abnormal moving objects). In Seco8 the proposed histograms of
optical flow orientation (HOFO) descriptor is described.rtker, the fast version of the
detection algorithm is designed by fusing the optical flomnpatation with a background
subtraction step. Finally, Sectié4 concludes this chapter.
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3.1 Abnormal detection based on optical flow

3.1.1 Feature selection

The optical flow can provide important information aboutspatial arrangement of the ob-
jects and the change rate of this arrangemiotifi 1981. It is the apparent velocity distri-
bution of brightness patterns movement in an image. B.HodBa Schunckiiorn 1981
proposed an algorithm computing the optical flow by intradgca global constraint of
smoothness. We adopt the Horn-Schunck (HS) optical flow ogetiombining a data term
with a spatial term. The data term assumes constancy of the saage property, and the
expected flow variation is modeled by the spatial term. Theabflow is formulated as
the minimization of the following global energy functional

E :ff[(lxu + 1y + 1)? + 2(IVUll? + [|VVi%)]dxdy, (3.1)

wherely,ly andl; are the derivatives of the image intensity along xhg and timet di-
mension,u andv are the horizontal and vertical components of the optical,flois the
parameter representing the weight of the regularizatiom.té.agrange equations are uti-
lized to minimize the functiondk, yielding:

Ix(Ixu+ 1V + It) = @?au=0
(3.2)
ly(Ixu+ IV + 1t) — a?av =0,

subject to

AU(X,Y) = T(X,Y) — U(X,y)
(3.3)

AV(XY) = V(X Y) = V(X Y),

wherel andV are weighted averages ofandv calculated in a neighborhood around the
pixel location. The optical flow is computed in an iteratiaheme as shown below:
kel ok (Al
e =u a?+13+17
(3.4)
Vel = K 1y (1T 1V +1¢)

a?+12+12

bl

wherek denotes the algorithm iteration. A single time step wasrd&enormal scene and
abnormal scene, so that the computations are based on uadjacent images.

3.1.2 Abnormal detection method

In this subsection, we describe a method of detecting absawents based on optical flow
in video streams. Assume that a set of frarfied,, . . ., I} in which the person is walking
or loitering, are considered as normal events. The fram&gioh the person is running
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or walking with a sudden split are regarded as abnormal svent abnormal detection
problem, it is assumed that the data from only one class, dbiiye class (or the normal
scene), are available. The one-class SVM frameworks isghiable to the specificity of
the abnormal event detection problem where only normalessamples are available. The
general architecture of the abnormal detection methodeisgmted in Fig.1, and outlined
in the following.

Features selection Classification
on original image
learning step (offline): ,,,,,,f??!f[}}@ 777777
ical-fl
optical-flow i SVM Train:
! 4 F=x,%. - %] (online training)
\ PNt B ]
Ve PN 4, | people walk
R B
detection step (online): ~ feature
optical-flow 3 one-class SVM abnormal event
4 E=x,%. %] detection:
Y Ao e
v H/ , people run
N L Ene]
/ / - Ny Origin

Figure 3.1: Major processing states of the proposed orss-8%M abnormal frame events
detection method. The optical flow features is constructed.

Step 1: The first step consists of computing the optical flow featwaegray scale
image. Each training frame is processed via Horn-Schun& ¢tical flow algorithm to
get the moving features at every pixel. This step can be ptedeas the following:

(1l 10} 22 (OPL, OP,, ..., OP,), (3.5)
where{lq, lo, ..., I} are the training original image$QPy, OP,, ..., OP,} are the corre-

sponding optical flow.

Step 2: One-class SVM is used to classify feature samples of incgvigdeo frames.
Three strategies are proposed for obtaining the featurd®diage. The sketch image for
choosing the features is shown in B

Method 1: Take the optical flow at each pixel of the image as feature &mnps
shown in Fig3.2@). In the dataset UMNJMN 2006], define the movement of walking as
the normal event, running as abnormal event. The video segue our work is labeled
as normal and abnormal for performance evaluation. Trgidata for one-class SVM are
extracted from the normal images. Take the optical 1@ j as featurer; j for (i, j)-th
pixel on thek-th frame. For each point at Cartesian coordinatg of ntraining frames, we
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(a) Pixel by pixel (b) Block by block (c) Block" by block

Figure 3.2: Three strategies for choosing the optical flaatfiees. (a) Choose the features
pixel-by-pixel. (b) Choose the features block-by-block) Choose all the blocks in the
frame as the training sample, and test by block.

can get the training samplé$ 1, n > 1, and then compute the support vectors. Based
on the support vectors, the incoming sam#¢sn.1..m at coordinatei( j) are classified.
For the whole image, the abnormal events are detected lpyxplxel.

Method 2: Take the optical flow of all points in the block as feature sk®plin this
strategy, the image is segmented into several blocks, asnsimoFig.3.2(b), the image is
separated intg x q blocks, p is the number of blocks at the vertical (height) dimension
of the image(q is the number of blocks at the horizontal (length) dimensibthe image.
The height of the block ik pixels, the length of the block is pixels, there aréx w points
in theblock The feature oblockati-th row andj-th column in thek-th frame is noted as
Flb'JokCk For each block, the featu€®° is arranged by the optical flow of all the points
in the form{OP;, OP,, OP;5, - - - , OPyw}. For the video streams, take the features of block
in the normal images as the training samples for one-cla$d,a¥d then abnormal events
are detected block-by-block.

Method 3: The image is also split into blocks, but the training samplesall the
blocks at one frame, as shown in Bd(c). Similar toMethod 2 we separate one frame
into pxqblocks, the size of each blockhscw. At k-th frame , the feature sample of all the
blocks on this frame isF 9%, FY0%K, .., Fgfgfkk}, a vector of dimensiong(x g) x (h x w).

To get the training data in the normal frame from 1-shith, the data are arranged as
{F‘i'i“ik, F*i'gj", o Fgfgflk, o F*i'i‘f(", e Fg'gﬁ(k e F‘l)"if]k, o Fgfgf:nk}, a vector of dimen-
sion (p x g x k) x (h x w). For abnormal detection, the test sample is the featureef o
block.

The sequence which just has one person is taken as an examgktdiling the algo-
rithm performance. The scene is presented ind8).Four pictures in Fig®.3 show the
scene without people, the person walking and the persoringirat diferent directions.
The training sequence, where the person is walking, legr&\M is shown in Fig3.3(b).
The detected sequence, where the person is running, is shavign3.3(c)(d). The results
of these three strategies are shown in &i.In Fig.3.4(b)(c), the abnormal detections on
the background are marked by white circles, they are takealses alarms. The detec-
tion result via pixel-by-pixel feature selection stratdgpgs more false alarms than others.
Because pixel-by-pixel strategy takes the feature at oxal,pt is more susceptive to the
optical flow changing. The feature chosen by block can gdebeetection result than
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pixel-by-pixel result. The block-by-block strategy whishshown in Fig3.4(c) take each
block as the local monitor, it considers the situation ofesal/pixels. The block-by-block
strategy is more robust than pixel-by-pixel strategy. gkill the blocks on the image as
the training samples has no false alarms and has similactddtezsults on the person.

(a) Scene without persons (b) One person walking

(c) One person running (d) One person running

Figure 3.3: Video stream of one person walking and runniag.The scene without per-
sons. (b) One person is walking. (c) One person is running. Tk& person is running
toward another direction.

Step 3: As the objective of abnormal event detection problem is ty@e human ac-
tion, the SVM detection result can be combined with foregbdetection which extracts
moving objects. The abnormal detections on the backgroande deleted, they are con-
sidered as noise of the detection results. The backgroustdastion method presented by
O. Tuzel et al.Tuzel 2005 Porikli 2009 is adopted. Then, optical flow one-class SVM
classification results and the foreground information asedfl. When the points or block-
s are detected as anomaly and also from the foreground, teegedected as abnormal
finally.

Step 4: After acquiring detection results of each point or each kldlzen the decision
of global frame anomaly is detected by presetting a numbéhrashold. If the number
of abnormal points or blocks is larger than the threshold, fthme is considered as an
abnormal one.

Case 1:If there are no abnormal detected points or blocks in the drahis frame is
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(a) One persons running (b) Result pixel by pixel

(c) Result block by block (d) Result blocR' by block

Figure 3.4: Abnormal detection results of one person wagllkkind running scene based on
three optical flow feature selection strategies via onesc&/M. (a)One person is running.
(b)Detection result vidviethod 1 pixel-by-pixel. (c)Detection result vislethod 2 block-

by-block. (d)Detection result viethod 3 training sample is all blocks on whole image.

considered as a normal one.

Case 2: If the number of abnormal points or blocks in the frame exsdkd threshold
but this frame is labeled as a normal one, the detectiontrestie whole image via one-
class SVM is considered as a false alarm.

Case 3: If the number of abnormal points or blocks on the frame exsd¢leel threshold
and this frame is labeled as an abnormal one, then the détestelt via one-class SVM is
considered as a true positive.

3.1.3 Experimental Results

This section presents the results of experiments conduotadalyze the performance of
the proposed method of detecting abnormal events based tmaldijow features. The
normal and abnormal scenes are shown inFig.

The detection results of the lawn scene are shown irBEgThe points marked with
white color are the abnormal detections via OC-SVM, the tgonarked with cyan color
are the abnormal detections and also on the foreground. gi8.gib)(c), the abnormal
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(c) Lawn abnormal

b u” |

(9) Plaza normal (h) Plaza normal (i) Plaza abnormal

Figure 3.5: The lawn, indoor and plaza scenes of UMN datdagfb)(c) The first row is

lawn scene. (d)(e)(f) The second row is scene indoor. (@) (fe third row is plaza scene.
(a)(b)(d)(e)(g)(h) Normal events, all the persons are imglk(c)(f)(i) Abnormal events, all

the persons are running.

detection results on the background are marked by whitéesird=ig3.6(d) is the result
taking all blocks at the whole image as the training samjiiéss the best performance.

We present one special situation of the abnormal eventgilattn scene. As presented
in Fig.3.7, when most people are running, in the lower half part of thage) one person
is walking. The walking person is cut out from the walking segce at UMN dataset.
The detected results of this special situation are showngi3H. The pixel-by-pixel and
block-by-block feature selection strategies detect thikim@g person as abnormal. These
two strategies model the movement of pixel or block at thedfixasitions in the frame. At
the lower half part of image, there are no people on the tigisequence, so the walking
person is regarded as an abnormal event. The appropriategstrshould be chosen by
depending on the application. If the region is “no admite&nthe walking person in this
region is abnormal. The feature selected strategy can le¢Ipyxpixel or block-by-block.
If only the running movement is abnormal, the strategy fatdee selection should take
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F

(a) Original image (b) Pixel by pixel (c) Block by block  (d) Block?" by block

(e) Foreground (f) P-by-p on fg (g) B-by-b onfg (h) B2"-by-b on fg

Figure 3.6: Abnormalramedetection results of the lawn scene based on three optigal flo
feature selection strategies via one-class SVM. (a)Thgirmal image. (b)The abnormal
detection via pixel-by-pixel. (c)The abnormal detectiaa klock-by-block. (d)The ab-
normal detection via taking all the blocks on the whole imagéraining samples. (e)The
dilative foreground of the image. (f)The abnormal detetti@ pixel-by-pixel and also on
the foreground. (g)The abnormal detection via block-lyekland also on the foreground.
(h)The abnormal detection via taking all blocks on the whinlage as training samples
and also on the foreground.

all the blocks on the whole image as training samples. 3Fid) has the less abnormal
detections. Because the feature selection strategy talirtge blocks in the image as
training samples considers an overall situation, it is thestmobust and least sensitive.
In Fig.3.7(b)(c)(d), the abnormal detection results are not on allphrsons. Because the
frame is the beginning of the running sequence, the optioal it not much dierent from
walking. Some parts of these persons are detected as normal.

The abnormal detected results of indoor scene and plaza scershown in Fi§.8.
The detection results show that the pixel-by-pixel featsetection strategy is the most
sensitive method for abnormal events detection. Whilentakhe blocks at the whole
image as the training samples is the most robust method.

Performance summary on the UMN dataset compares with pafsgue 201D is
in TABLE 3.1 For these three scenes, we get approximative detectierwigth paper
[Haque 201) and the false alarms are reduced.

3.2 Blob extraction

In case of a stationary camera, the moving object segmenthtcomes feasible due to
a background subtraction algorithm. The foreground of deamime is obtained by the
background subtraction method presented by O. Tuzel etTaize] 200%. The moving

objects are usually conflicted with others. As shown in &&a), the running person on
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(c) Block-by-block result (d) Block"-by-block result

Figure 3.7: Abnormalramedetection results of a special situation of the lawn sceseda
on three optical flow feature selection strategies via dasscSVM. (a) The original image
of one person walks on the lower part of the image. (b)The @babdetection by pixel-
by-pixel strategy. (c)The abnormal detection by blockbbyek strategy. (d)The abnormal
detection by taken all the blocks on the whole image as trgisample.

the upper half in the 1-st rectangle is overlapped with agrotfalking person. The running
person is moving from the right to left; the walking persomisving from the left to right.
We present a method to improve the blob extraction perfoomdny adopting optical flow,
which presents the moving information. The method is sunmedrin Algorithm3.9, and
explained below in detail.

Stepl: The first step consists of labeling connected componenis &dinary fore-
ground image. DenotB';G for the k-th blob in the foreground image. Because there are
usually occlusions of the people, some rectangles contaieral objects. As shown in
Fig.1(a), the 1-st rectangle includes two people.

Step2: The second step is labeling the blobs based on the optical ffalve size of
the foreground blob is bigger than a presetting threshgigl the optical flow in this area
is taken into account to refine the blob extractidmyy, is set with respect to the scene to
represent the size of one person. In the mall scene, thefsilze nage is 246 320, Ty,
is set as 5« 100. As the action of the people can be exhibited by the dine@nd the
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- ! i ‘
(c) Block by block  (d) Block" by block

M‘Mn T ,:* i) il
;, H‘ﬂl Hrqgjg_,"e\: .
(e) Plaza (f) Point by point (9) Block by block (h) Block?" by block

Figure 3.8: Abnormalramedetection results in the indoor and plaza scenes basedeam thr
optical flow feature selection strategies via one-class SM@MT he original image of indoor
scene. (e) The original image of scene on the plaza. (b)@ abnormal detections by
pixel-by-pixel strategy. (c)(g) The abnormal detectiogsblock-by-block strategy. (d)(h)
The abnormal detections taken all the blocks in the imageaasng samples.

| | DR[6] | FPR[6]| DR | FPR]|
lawn | 100% | 0% | 100% | 0%
indoor | 80% 12% | 99.4% | 1%
plaza | 100% | 4% | 100% | 2%

Table 3.1: The comparison of our proposed optical flow fesgtand one-class SVM based
method with the state-of-the-art methods for abnorfrene events detection of UMN
dataset. DR“detection rate”, FPR"“false positive rate”. The last two columns are the
statistic results of the proposed method.

amplitude of the movement, the optical flow is chosen as teeesdescription. The optical

flow algorithm introduced by Suat al. [Sun 2010 is used in our work. It is a modified

method of the formulation of Horn and Schunékdrn 198] allowing higher accuracy by

using weights according to the spatial distance, briglstnesclusion state, and median
filtering.

In the proposed method, we generate a color imagérom the optical flow, as shown
in Fig.3.9(c), the mean-shift algorithmJomaniciu 2002Cheng 1995bis used to cluster
each channel of the optical flow image intétdrent patches. If the flierence of the speed
is larger than the bandwidth parameter, which is set as 0.the mean-shift algorithm,
these two objects can be distinguished. This blob labelie¢ghod can not only be used
to distinguish diferent directions, but also be used suitably to distinguigh conflicted
objects moving in the same direction withférent speeds.

Step3: The third step consists of applying non-maximum suppres@itvS) algorith-
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@) (b) (©

Figure 3.9: The blobs of the objects before and after ourgseg blob extraction method.
(a) 2 extracted blobs based on the foreground template. égjracted blobs via the pro-
posed blob extraction method, which is based on the foregréemplate and the optical
flow. (c) The optical flow image of Fig.(a)(b). A black borderadded to illustrate the
image clearly.

Algorithm 1 Blob extraction.
Require:
Foreground imag€&G, optical flowOP

1: Label the separate blobs KG, the blob of foreground ima@';G is obtained.

2: if Blob size inFG > presetting sizd ), then

3:  Draw the optical flow imagépp in this blob.

4:  The optical flows with similar magnitudes and directionsdustered by mean-shift
algorithm.

5. Delete redundance cluster by NMS algorithm, blob of optftal image BiOP is
obtained. The remaining part of the bl8ay = Brg — Bop.

6: TraverseBry by arectangle template to find the blobs overlapped by tregfound.
NMS algorithm is used to delete the redundance templatesb B&M of Brwm is
obtained. _

7. Replace foreground bloBf by B, + Bky,-

8: The blobs of the image are extracted.

m [Neubeck 200pto select largest weight value bIcBJ'OP. Take Fig3.9 as an example,
denote the moving direction from the left to the right by tiadée “1”, and denote the mov-
ing direction from the right to the left by the value “-1”. Tlsemmation of the directions
of all the pixels in the blob is used as the weight of the NMS.

Step4: The fourth step is labeling the remaining regi®gy, which is in the bloBgg
except theBiOP. Traverse the remaining region by a preset size rectangipléte, with
the same size iStep2 The blob BgM overlapped by the foreground image is recorded.
The non-maximum suppression (NMS) algorithm is used to shdloe bIothWI from the
recorded blob se{thM}.

The foreground bIokB';G is replaced by the optical flow bIoB‘OP and the remaining
part bIobBéM. As shown in Fig3.9, the 1-st rectangle in Fig.9(a) is split into 3-rd and
4-th rectangle in Fi®.9b).
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3.3 Abnormal detection based on histograms of optical flow o+
entations

In Section3.1, optical flow has been used to characterize movement infasméan abnor-
mal detection problems. The optical flow field was arrangeslvector form as an input to
the classification algorithm. Although this technique sbhdwgood results for some visual
scenes, using directly the optical flow does not ensure dnonlgustness for challenging
situations. In this section, we propose histograms of apfiow orientations (HOFO) as a
descriptor encoding moving information of each blob and @i$ormation about interact-
ing parts in the whole video frame. Furthermore, a fast varsif the detection algorithm
is designed by fusing the optical flow computation with a lgeokind subtraction step.

3.3.1 Related work

Quantized optical flow directions have been used in sevayedsy In [Dalal 2006h Dalal 2006,
a histogram of optical flow method was used to identify humeimdps, the derivatives of
optical flow,du anddyv, were considered. Injtasi 201(, a histogram of optical flow di-
rections in region of interest (ROI) was applied to build thedel, the magnitude of the
optical flow vectors was neglected. While in our work, the teonponentsiy andv of op-
tical flow, are used to compute the orientation feature ol gixel at a fixed resolution, and
then the magnitude of optical flow is considered as the wdightlculate the histogram.
In [Adam 2008 Kwak 2011, optical flow was used as the basic feature to charactegze b
havior. The frame was split into small patches, and a bagesfis feature was computed
to represent the patch. In our work, the histograms of opfioa/ orientation (HOFO)
descriptor is computed over dense grids of overlappingKsloéurther, each block is s-
plit into small cells, for example one block is split into 4llseand then the histograms
of the cells are gathered into a high dimensional vector poesent the whole block. In
[Laptev 2008, a histogram of optical flow was computed in the neighbothobdetected
points to build a spatio-temporal descriptor. In our woikf@ature points are pre-detected.

3.3.2 Histograms of optical flow orientations (HOFQO) descptor

In this subsection, we propose a novel scene descriptor wtimgpthe histogram of op-
tical flow orientation (HOFO) of theriginal image, or theforegroundimage obtained
after applying background subtraction. The HOFO desariigtcomputed over dense and
overlapping grids of spatial blocks, with optical flow oriation features extracted at fixed
resolution and gathered into a high dimensional featuréoveo represent the movement
information of the frame. Fi@.10illustrates the HOFO feature descriptor of thrginal
image andoregroundimage. Each block is divided into cells where HOFO is comgufe
weighted vote of each pixel is calculated for the edge caigom histogram channel based
on the optical flow element orientation centered on it, thenvotes are gathered into ori-
entation bins over local spatial regions. The optical flovgniaude of a pixel is considered
as a weight in the voting process.
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The calculation procedures of HOFOadriginal frame andoregroundframe are simi-
lar. The HOFO descriptor is calculated at each block, ana #iceumulated into one global
vector denoted as featuFg for thek-th frame. Fig3.11shows the computation of HOFO,
it is a feature vector imP'°%ks x nPins dimension. Horizontal and vertical optical flow (
andyv fields) are distributed into 9 orientation bins, over a homi£’-360°. The HOFO is
computed with an overlapping proportion set as 50% of twdigaonus blocks. A block
containsb™ x b" cells ofc" x ¢V pixels, whereb" andb" are the number of cells ipand
x direction in cartesian coordinates respectivelyjs the height of the cell, and” is the
width of the cell. Analyzing jointly local HOFO blocks pertsius to consider the behavior
in the global frame. Put another way, concatenation of HOE3 allows us to model the
interaction between the motions of the local blocks.

Fig.3.12illustrates HOFO descriptor of the blobs. Each blob is te&enne frame, and
the HOFO computation processes are the same as the ones3riEign SVM abnormal
detection algorithm, all the blobs in normal frame are ta&ketraining samples or normal
testing samples, while the blobs in the abnormal frame arsidered as abnormal samples.

consecutive frame

optical flow field

histograms of the
optical flow orientation

\\i \ T on the original image
\):v\/\r { the original imag

on the foreground image

<block,

Icell

optical flow on the foreground pixels

LowT

e
Y A1 -
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Figure 3.10: Histograms of optical flow orientations (HOF®Djhe original frame and of
theforeground framebtained after applying background subtraction.

3.3.3 Abnormal detection method

For a given scene in video streams, suppose that a set dhggditobs or training frames
describing the normal behavior is available. The abnornedlaior is defined as the
event deviating from the training set behavior. In this sghien, the abnormal events
detection consist of three parts. Firstly, the abnormab leleent detection based on HOFO
is proposed. Secondly, the abnormal global frame eventiietes introduced. Thirdly, a
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Figure 3.12: Histograms of optical flow orientations (HOF®@)nputation of thévlob in
thek™™ frame

fast implementation of the HOFO descriptor will be giverefat

3.3.3.1 Abnormal blob events detection method

Assume that a set of bIok{)Bim{} of the image seff /"™, 1 <i < (™ +n®), 1 < m <m
describing the training (normal) and testing (normal andoaimal) blob behavior of the
given scene is availabl@™ is the number of the training frames$t is the number of the
testing frames is the number of the blobs in thieéh frame,ny is the index of a bIobBim{
is thenY-th blob in thei-th frame. The abnormal blob behavior is defined as an eveictwh
deviates from the training set of the blob events. The gémecaitecture of the abnormal
blob event detection via one-class SVM is explained below.

Step 1. The first step consists of computing the optical flow featwatea gray scale
image. The blobs are extracted via the method introduce@dtich 3.2
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1 l2y e Dt} (3.6)
— {(FG1,0Py),..., (FGum nist, OPpim nist)} (3.7)
— {(BL,...,B™), .., (Bl - ., BRI (3.8)
— {(OP},...,OP"),(OP5, ..., opgb), ,(OPYn, ysts - - - » OPT iy, (3.9)

wherel; is thei-th frame, £G;, OP)) are the foreground image and optical flow of tkté
frame,{Bil, Bi2, e Bi’“} are the 1-st tan-th blobs in tha-th frame,m is the number of the
blobs in thei-th frame,{OPil, e, OPim} are the corresponding optical flow of the blobs.

Step 2: The second step is calculating the covariance matrix feadfirthe blobs.
Fig.3.12illustrates the details of this step.

{(OP%7 B%a LR OPTJ" BT1)9 (O nlrn+nlsla Bntrn+ntsts . OP:::ET”H:S{’ B:}:;T:]?SI) (3 10)
—s {(HOFO, . . ., HOFOTl), ....(HOFO,,, str - - ., HOF O ™ilh), '

where{HOFOll, e, HOFOI’“} are the corresponding HOFO descriptor of the blobs in the
i-th frame.

Step 3: The third step is applying one-class SVM on the extractedrgesrs of the
training normal blobs to obtain the support vectors.

{((HOFO}...HOFQM),...,(HOFCky ... HOFO ™)
(3.11)
S support vectofS p.,S p, ..., S p},

where{(HOFOL...HOFQ™),...,(HOFOY,,...HOFO ")} are the covariance matrix
descriptors of the training blobs. The number of blobs inithdrame ism;, the total
number of training samplesiBym = M +NMb+...+Mun. AsubsetE p,Sp,....Spl.0 <«
my are the support vectors contributing to the decision famcti

Step 4: Based on the support vectors obtained from the trainingshlah incoming
blob sampIeHOFOIm{ is classified. The flowchart of the abnormal detection metisod
shown in Fig3.13 and described as the following equation:

f(HOFO) = sgn(}  aix(S p. HOFQ") - p) (3.12)
i=1

(3.13)

1 if f(HOFd") >0
-1 if f(HOFg™) <0,

whereHOFOI'W is the HOFO descriptor of they-th blob in thel-th frame needed to be
classified.S p is the support vector. “1” corresponds to the normal blol; Gorresponds
to the abnormal blob.



36 Chapter 3. Abnormal detection based on optical flow and HOP

Features selection Classification
on foreground image

learning step (offline): HOFO

optical-flow

SVM Train:

people walk

detection step (online): HOFO

one-class SVM
- boundary abnormal detection:
Y ®£xj)

optical-flow

people run

Figure 3.13: Major processing states of the proposed ams&VM abnorméblob event
detection method. HOFO of th#ob is calculated.

The abnormablob detection and localization conceptions are defined by d#pgn
on the implementation. Firstly, if the blobs of moving oligeare provided, the abnormal
action of the objects can be detected. Alternatively, thgitjpm of the object yielding
an abnormal behavior in crowded scenes can be localized. target that triggers the
abnormal event is labeled automatically without humarrimetion, thus the target can be
tracked.

3.3.3.2 Abnormal frame events detection method

The blob abnormal detection method can be adjusted to di@rak visual abnormal event
detection by taking the whole frame as one blob. The prosesfsieature descriptor com-
putation and one-class SVM classification are similar as omeoduced in Sectio8.3.3.3
but the descriptor changes frdstob HOFO toframeHOFO. Moreover, for abnormélame
events detection, the precondition of one event could beekfas normal or abnormal is
that it occurs during several consecutive frames. In ottmds; the normal or abnormal
event is not punctual. Based on this premise, the sidmmbrmalevent clip which occurs
intermittently at few frames in the long normal video seqieecould be modified toormal
state. Likewise, th@ormal event frames which are detected among the long consecutive
sequence of abnormal frames could be alterebtmrmal A thresholdN of the number of
image frames is preset, the post-processing of the dateetsults is illustrated in Fig.14

If the number of abnormal states (negative predicted rseitceed the threshold within
normal states (positive predicted results), thenrtbiemal prediction labels are converted
into abnormal The performance of this state transition model is analymedhapter3.
The abnormalframe detection results in Chapt@&and ChapteB are obtained by SVM
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classification method without applying the state transitivodel.

normal
umber(-1)> N frames

otherwise otherwise

number(+1) = N frames

Figure 3.14: State transition mod&|.is the preset threshold number to adjust the detection
result.

3.3.3.3 Abnormal frame events detection method based on feground image

In case of a stationary camera, the foreground segregagoontes feasible by using
change detection algorithm. In the following, we proposast implementation of the
abnormal detection algorithm based on the foreground qixel

Step 1: The first step consists of calculating the optical flow featof the foreground
image. The training frames are processed via optical flowhatet And then the optical
flow on the foreground is extracted. This procedure can beritbes! as:

{l1,12,...,1n} — {OP[¢,OP5C, ..., OF S}, (3.14)

where{ly, Io,.. ., I} are the training normal frameg)P{®, OP5C, ..., OP;®} are the cor-
responding optical flows of the training foreground frames.

Step 2: The second step is calculating the HOFO of training foregdofiames. The
sketch map of choosing the features of the foreground immgkdwn in Fig3.15 HOFO
is computed on the global foreground image, the backgrouea ia not considered when
the HOFO is being calculated. The proportion of consuminmgetbetween computing the
HOFO of foreground patches and computing the HOFO of whomg'feﬁsfﬁ, whereArg
is the area of the foregroundymg is the area of the whole image. The foreground area
can be regarded as the pixel number of the foreground. Tpecsie be described as the

following expression:

(OPC,0P5C, ..., 0P8 % (HOFO[®, HOFCOES, ..., HOFO[®),  (3.15)

where{OP[®, OP5C, ..., OPEC} are optical flows of the training foreground framgdOF O, HOF OG5S, ... H
are the HOFO descriptors of the training foreground frames.
The following classification steps are the same as the stagsoged previously in
section , but the features of the frame change fidolh HOFO descriptor to théoreground
frameHOFO descriptor.
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optical flow of the foreground image HOFO
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Figure 3.15: Feature selection. Compute the HOFO offidifegroundimages.

3.3.4 Experimental results

This section presents the results of experiments conduotadalyze the performance of
the proposed HOFO descriptor and one-class SVM based mithatinormal blob event
detection and abnormal frame event detection results.

3.3.4.1 Experimental results of abnormal blob events det¢ion

This section presents the results of abnormal blob eveméstitn. The detection results
of a scene with pedestrian movement parallel to the camersepre show in Fig.16
The individual is walking or running in the scene. It simekthe abruptly changing ve-
locity abnormal events scenes. The sequence is of low rt@swlihe people have a height
about 30 pixels. The moving people are detected by backdreuhtraction method. The
samples for training and the normal samples for testing htaired from the blobs that
people are walking. The abnormal samples which correspmtitetblob events needed to
be detected arelob HOFO where people are running. Our method can distinguistalth
normal running blobs from the walking blobs. In receiveemgiing characteristic (ROC)
curve Hanley 1982 Bradley 1997 Metz 1978, the true positive rate means that the run-
ning blob is classified as abnormal, while the false positate means that the walking
blob is detected as abnormal. The detection accuracy ofirgmeople is 88%, the AUC

is 0.9318.

The detection results of lawn scene and plaza scene of UMakeaaire shown in
Fig.3.17. The objective of abnormal blob detection is to find all the@imal blobs. The
normal samples are the scenes where the persons are walkiagdtall the direction-
s, these frames are chosen as training samples and nortirag tesmples, the abnormal
scenes are where persons are running, these frames ara esaggnormal testing frames.
If the abnormal blob events are considered, the trainingptesrare the HOFO of all the
walking blobs, the abnormal testing samples are the HOF€Crigéars of the running blob-
s. The results show that the abnormal detection algorithisladf HOFO descriptor can
obtain satisfactory detection results. The ROC of abnoffmaahe detection results based
original frameHOFO (will be presented in Sectidh3.4.3 are also shown in the figures
for comparing. In abnormal frame detection problem, the pasitive means to classify
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(a) Normal scenes for training (b) Detect one person running
ROC 2persons dataset
1 Lo}
0.8 4
g 06
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False Positive
(c) Detect two persons walking (d) ROC of 2persons dataset

Figure 3.16: Abnormablob event detection results of two persons walking or running
scene based driob HOFO descriptor via one-class SVM. (a) The normal scenesdor-
ing, two persons are walking. (b) The detection result of paeson is running. The red
rectangle labels the abnormal blob, the person is runnirfge Biue rectangle labels the
normal blob, the person is walking. (c) The detection restitivo persons are walking.
(d) ROC curve of two persons walking and running dataset. AW€ is 0.9318

the frame where most of the persons are running as abnormé&hct the blob detection
method cannot label all the persons exactly by rectangteemes the rectangle is on the
background, or does not include all the parts of the humaresé&lare the major reasons
of lower value AUC of the blob based method. Nevertheless,attmnormablob detec-
tion can obtain similar performance as the abnormal glhatedetection by presetting a
threshold of the percentage of blobs in one frame. For exanf{80% of the blobs on one
frame are classified as abnormal, this frame is consideratrammal frame. In the indoor
scene of UMN dataset, the persons are almost conflicted ¢laehand moving toward the
same direction with similar velocities, the blob extranticannot distinguish each person
separately. Thus, our blob extraction based abnormal titstemethod is not applied to
the indoor scene.

The detection results of local mall scenes in which peopteranning are shown in
Fig.3.18 The abnormal blobs representing unusual speed are dktetie AUC of ab-
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(a) Detection result of lawn scene (b) Detection result of plaza scene
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Figure 3.17: Abnormablob event detection results of UMN dataset basedlob HOFO
descriptor via one-class SVM. (a) Abnormal Detection rssof scene lawn. The red
rectangles label the abnormal running blobs. (b) Abnorreggction results of one scene
plaza, all the persons are running. The red rectangles tladelbnormal running blobs. (c)
ROC curve of abnormal blob detection and abnormal framectietein scene lawn. The
AUC of blob detection is 0.9642. The AUC of frame detectio.8845. (d) ROC curve
of abnormal blob detection and abnormal frame detectionena plaza. The AUC of blob
detection is 0.8698. The AUC of frame detection is 0.9284.

normal blobs detection results is3868.

3.3.4.2 Experimental results of abnormal frame events dettion and foreground
frame events detection

This subsection presents the results of experiments ctedite analyze the performance
of the proposed method. UMNJMN 2006] and PETS2009RETS 2009 datasets are
adopted in our abnormal frame events detection experiments

3.3.4.2.1 UMN dataset UMN dataset contains eleven video sequences of thféerdi
ent scenes (lawn, indoor and plaza) of crowded escape ev&hts detection results of
the lawn scene and the plaza scene are shown i8.Eand Fig3.2Q0 The normal scene
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(a) Normal scenes for training (b) Detect one person running
Mall camera 3
O
0.‘2 0‘.4 0‘.6 0‘.8 1
False Positive
(c) Detect one person running (d) ROC mall scene

Figure 3.18: Abnormablob event detection results of the mall scene baseblonHOFO
descriptor via one-class SVM. (a) The normal scenes famitrgj two persons are walking.
(b) The detection result of one person is running. The rethngte labels the abnormal
blob, the person is running. The blue rectangle labels thmaloblob, the person is walk-
ing. (c) The detection result of one person is running. (dICRDirve of mall scene. The
AUC is 0.8868

is defined as individuals walking in féierent directions, the training samples and normal
testing samples are selected from these frames. The abirereme is where the individu-
als are running, the abnormal testing samples are extréctedthese frames. The results
show that the abnormal detection algorithm of both dhiginal imageHOFO descriptor
and theforeground imagélOFO descriptor can obtain satisfactory detection peréorces.
However, taking the HOFO of tHereground images a feature saves the program running
time.

The detection results of the indoor scene are shown irBFg). The lower AUC value
of the indoor scene is mainly due to the time lags of the fraabels. There are no people
in the last few frames labeled as abnormal of each abnormaksee. Whereas in the the
training frames, there is no person in the upper half of thagen Because the HOFO de-
scriptor shows the global moving information of the frantes HOFO of training frame is
similar to the HOFO of the abnormal frame without people. @@FO feature descriptor
based classification method cannot distinguish this sttmatHowever, this problem can



42 Chapter 3. Abnormal detection based on optical flow and HOP

A

=

(a) Normal lawn scene (b) Abnormal lawn scene

UMN lawn

Before Post-processing

1 483| 626  After Post-processing 1301 1452

(c) Lawn scene results

ROC UMN lawn

0.9f —&— orignial image HOFO ’

08l B foreground image HOFO i

07t ]
0.6 - o :

054 - -

True Positive

04l - il
03] - _
0.2f - -

01}: R

[y 1 1 1 1 1 1 1 1 1 -
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

False Positive

(d) ROC curve of lawn scene

Figure 3.19: Abnormalrameevent detection results of the lawn scene basedriginal
frame HOFO andforeground frameHOFO via one-class SVM. (a) The detection result
of one normal frame. (b) The detection result of one abnonpaalic frame. (c) The
detection result bar represents the label of each framellmasthe original frame HOFO.
The upper bar shows the detection results before postgsimge The lower bar shows
the results after applying state transition modglue greenandred color represents the
training frames, normal frames, and abnormal frames réispc Several pivotal frames
are marked. (d) ROC curve of lawn scene results before apptiie state transition model.
The AUC of theoriginal frameHOFO result is 0.9845. The AUC of thHereground frame
HOFO result is 0.8975.
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(a) Normal plaza scene (b) Abnormal plaza scene
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(c) Plaza scene result

ROC UMN plaza

0.9

—— orignial image HOFO
B foreground image HOFO

0.8

0.7
0.6

0.5 .

True Positive

0.4 ]
0.3 1
0.2 1

0.1 I

fon? I I I I I I I I I -
0 0.1 0.2 03 04 05 06 07 0.8 0.9 1

False Positive

(d) ROC curve of plaza scene

Figure 3.20: Abnormalrameevent detection results of the plaza scene baseatigmal
frameHOFO andforeground framéHOFO via one-class SVM. (a) The detection result of
one normal frame. (b) The detection result of one abnormatdeame. (c) The detection
result bar represents the labels of each frame of the datasetl on the original frame
HOFO. The upper bar shows the detection results beforegrosessing. The lower bar
shows the results after applying state transition mod¢RQIC curve of plaza scene results
before applying the state transition model. The AUC ofdhiginal frameHOFO result is
0.9284. The AUC of théoreground framdHOFO result is 0.9815.
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be resolved by utilizing the foreground information. Foample, if there are no moving
objects in the frame, this frame is immediately classifiedasormal. In this paper, all
the performance data are obtained from the results basdwedd@FO feature descriptor
classify algorithm.

The performances of our HOFO based method and of the stdte-afrt methods are
shown in TABLE3.2 The AUC value of our proposed method in the table is caleulat
ed from the detection results before applying the statesifian model. The states of the
frames, where the event is changing from normal to abnoramalinherently ambiguous.
These frames can be either be labeled as normal or abnorfithke detection results of
these ambiguous frames (about 15 frames, 1 second in saneeilvideo) are not consid-
ered, the AUC of our abnormal detection results after applgtate transition model can
approach 1.

Method Area under ROC
lawn | indoor | plaza

Social Forcelehran 2009 0.96

Optical Flow Mehran 2009 0.84

NN [Cong 201] 0.93

SRC [Cong 2011 0.995 | 0.975 | 0.964

STCOG Bhi 201Q 0.9362| 0.7759| 0.9661

HOFO (Ours) 0.9845| 0.9037| 0.9815

Table 3.2: The comparison of our proposed HOFO descriptdrome-class SVM based
method with the state-of-the-art methods for abnorfraie event detection of UMN
dataset. The AUC values of our HOFO descriptor based cledsifiethod are calculat-
ed from the detection results before applying the statesitian model. The AUC can
approach 1 if a state transition model is applied.

3.3.4.2.2 PETS dataset Because taking an HOFO d&breground imageand original
imageas a feature descriptor has similar abnormal detectioritsesme only show the
results based on theriginal imageHOFO of the PETS2009 datas&®HTS 2009 The
detection results of the PETS scene (the sequence label&inad4-17% are shown in
Fig.3.22 The training samples and the normal testing samples aractad from the se-
guence Timel4-5% where the individuals are walking inféérent directions. The abnor-
mal testing samples are the frames where the people are gnwaiking or running) in
one direction. The abnormal detection results before atedt applying the state transi-
tion model are exhibited in Fig.23 The accuracy of abnormal detection results before
state transition post-processing is@o. By applying the state transition constraint, the
detection results fluctuate less.

Fig.3.24 shows the detection results of sequedimel4-16 where individuals are
walking or running in the same direction. A normal state esponds to the frames where
the individuals are walking, while an abnormal state cqoesls to the frames where the
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Figure 3.21: Abnormalrameevent detection results of the indoor scene baseatigmal
frame HOFO descriptor andoreground frameHOFO descriptor via one-class SVM. (a)
The detection result of one normal frame. (b) The detectésult of one abnormal panic
frame. (c) The detection result bar represents the labetadi frame based on the orig-
inal frame HOFO. The upper bar shows the detection resuftsdeost-processing. The
lower bar shows the results after applying state transitiodel. Blue greenandred color
represents the training frames, normal frames, and abhdranaes respectively. (d) ROC
curve of indoor scene results before applying the statesittan model. The AUC of the
original frameHOFO is 0.9022. The AUC of thiareground frameHOFO is 0.9037.
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Figure 3.22: Abnormdrameevent detection results dfmel4-17ased ororiginal frame
HOFO descriptor via one-class SVM. (a) Training framesividdials are walking toward
different directions. (b) Abnormal frames, individuals arekiveg toward the identical
direction. (c) Abnormal frames, individuals are moving [kirag or running) toward the
identical direction. (d) Abnormal frames, individuals awmning toward the identical di-
rection.

people are running. The training samples are chosen frofinahmes Timel4-17, Timel4-
31) where people are walking in the same direction. The detectsults are illustrated
in Fig.3.25 The accuracy of the results before applying state tramsfibst-processing is
93.24%. False alarms are reduced by applying the state tr@msitodel.

The crowd splitting sequencdimel4-3) detection results are shown in BREG
Frames where there is one cohesive crowd are consideredraalnahile frames where
the crowd is splitting are considered as abnormal. Traisamgples are extracted from the
frames Timel14-16 where people are walking in the same direction. &2gc) shows the
detection results of each frame. The accuracy of the rebaftsre state transition post-
processing is 942%. The state transition model leads to a 13 frame delayeafigtiing
an abnormal event, but the fluctuations betweenateormaland thenormal state are
reduced.

The crowd formation and evacuation sequentiené14-33 detection results are pre-
sented in Fig3.27. Crowd formation is defined by the scene in which the peogdenalk-
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Figure 3.23: Timel4-17results based onriginal frame HOFO descriptor via one-class
SVM. Greencolor represents the normal frames, aedcolor corresponds with abnormal
frames. 400 training frames (Fram®& @ 399"), and 89 normal testing frames (Frame
400" to 488") are obtained fronTime14-55 89 abnormal testing frames (Fram® @
89" are selected frorfiime14-17 The accuracy of detection results before state transition
post-processing is 900%.

ing towards the convergence point. Evacuation refers t@tkae in which the people are
diverging. The essence of abnormal detection is to find thgpkawhich difers from the
training data, hence the outputs are two states, normaltaratimal. The frames where the
people are loitering in small areas around a location arsidered as normal, as shown in
Fig.3.27c). The other two situations including crowd formation amdividual evacuation
are considered as abnormal. The training frames are chosensequenceT{mel4-5%
where people are walking infierent directions. Because the orders of events are obtained
in advance, the abnormal states before the normal eventtaasified as “gathering (crowd
formation)”, while the other abnormal events are labeletkaacuation”. If the abnormal
detection mission, distinguishing running event from wadkis taken into account: such as
the example of sequendémel4-16shown in Fig3.24 the two events, “gathering” and “e-
vacuation”, can be discriminated without the prior infotina of event order. Each frame
is split into four partsA,B,CandD, as illustrated in Fi.27a). The HOFO feature de-
scriptor is calculated in each sub-image, respectivelyseBan this image segmentation,
the global frame abnormal detection task is decomposedsimbeframe events analysis.
However, parD is not considered, for there are no people in this sub-imagdled crowd
formation period. Fig.28 presents the detection results of each frame. The indilgdua
gather at the convergence point affelient times, the earlier “gathering” events occurs in
sub-frameC. The individuals assemble in sub-fraf@e B and A at frames 73, 111 and
175, respectively. The rapid dispersion event occurs abstithe same time in these three
sub-images, close to frame 341. The global frame detectioaracy of the results after
state transition post-processing is&%%o.

The local dispersion sequencEriie14-27 detection results are shown in B9 As
shown in Fig3.29@a), each frame is split into five parsB,C,DandE, the cross-point is the
convergence place of the individuals. Owning to the ocolusn partA, people loitering
obscure the people dispersing, a precise Rastsegmented out d&. Local dispersion is
defined by the scene in which people in each part are walkingédirection, the opposite
direction from the convergence point. Local dispersioroissidered as an abnormal event,
loitering is considered as a normal event. Training sam@lechosen from the sequence
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Figure 3.24: Abnormdrameevent detection results dfmel4-1@ased ororiginal frame
HOFO descriptor via one-class SVM. (a) Pedestrians areimgatbward the identical di-
rection, from right to left. (b) Pedestrians are runningdoavthe identical direction, from
right to left. (c) Pedestrians are walking toward the idgadtdirection, from left to right.
(d) Pedestrians are running toward the identical direcfiam left to right.

(Time14-5% where people are walking infiierent directions. The detection result of each
frame is shown in Fi®.3Q In sub-imageE, the frames 92 to 106, 120 to 130, and 273
to 294 are classified as abnormal states, which are defineacalsdispersion. Frames
107 to 119 in the sub-framE, the optical flows of the moving are not detected for the
occlusion. These frames are detected as normal statesit IB, pplae local dispersion is not
easy to detect, as few individuals in this part are movinge atcuracy of the global frame
detection results after state transition post-processi8g§89%.

The experimental results on the sequences show that ourggdpnethod can success-
fully discriminate panic-driven events and irregular nmayiqueues. Our feature is based
on the optical flow obtained by the HS method, whereas theretfier methods that can
compute precise optical flow. If a more precise optical flow ba obtained, the more
robust abnormal detection results that our HOFO based mietfio provide than this pa-
per. Nevertheless, based on the optical flow which is caledlay the HS method, our
proposed method can give satisfactory abnormal detectsuits.
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Figure 3.25: Timel4-16results based onriginal frame HOFO descriptor via one-class
SVM. Greencolor represents the normal frames, aad color corresponds with abnormal
frames. Trains frames are chosen frdimel4-17and Time14-31 61 frames (Frame'®
to 60") in Time14-17where pedestrians are walking from left to right, 50 franfasue
0" to 49") in Time14-3where pedestrians are walking from right to left. The acoyet
detection results before state transition post-procgssi@324%.

3.4 Conclusion

In this chapter, the abnormal frame detection based on Hieature of optical flow is
proposed. For analyzing the activity of the single persiaiob extraction method based
on the foreground and the optical flow in a crowded scene ipga®d. Also, an other
descriptor based on the histogram of optical flow orienteigHOFO) is proposed to detect
abnormal blobs and abnormal frames. Nonlinear one-cladg &yorithms are then used
for classification. A fastimplementation based on backgdosubtraction is also proposed.
The proposed detection algorithms have been tested onatewdeo datasets yielding
successful results in detecting abnormal events.
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Figure 3.26: Abnormdrameevent detection results dfmel4-3lbased ororiginal frame
HOFO descriptor via one-class SVM. (a) Cohesive crowd osqas. (b) Multiple diverg-
ing flows. (c) The detection result bar represents the labieach frame. 41 training
frames (Frame 0 to 40") are obtained fronTime14-16 The detection accuracy before
state transition post-processing is@2bo.
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(c) Normal scenes. Loiter (d) Abnormal scenes. Evacuation

Figure 3.27: Abnormdrameevent detection results dfmel4-33dased orriginal image
HOFO descriptor via one-class SVM. (a) The frame is split #hparts A,B,CandD. (b)
Crowd formation. (c) Individuals are loitering. (d) Evatioa of the persons.
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Figure 3.28:Timel4-33results based ooriginal image HOFO descriptor via one-class
SVM. 269 training frames (Frame 81to 349") are obtained fronTime14-55 The ac-
curacy before applying state transition model of resultRartA is 9098%, in PartB is
8196%, in PartC is 8568%. The accuracy after applying state transition modehef t
global frame is 988%.
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Figure 3.29: Abnormdrameevent detection results ®fmel4-27ased orriginal image
HOFO descriptor via one-class SVM. (a) The frame is spla Biparts. (b) Individuals are
loitering in small areas. (c) Another frame of individuale #oitering in small areas. (d)
Local dispersion of crowds.
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Figure 3.30: Timel4-27results based oaoriginal image HOFO descriptor via one-class
SVM. 269 training frames (Frame 810 349") are chosen frorfime14-55 In sub-image
B, the abnormal state defined as local dispersion is detetfeshae 102',104", 106", and
from 108" to 110". The accuracy after applying state transition model i88%.
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In this chapter, we propose a covariance matrix descriptging both optical flow and
intensity information of a blob or a whole image. This progadglescriptor is inspired
by region covarianceTjuzel 2006 used for patch matching in a tracking problem and for
object detection. One of the advantages of the covariamsgrigéor is its constant and low
dimensionality whatever the number of considered pixasfwhich low-level features
are extracted. As in the previous chapter, we use the oss-slgpport vector machines
(OC-SVM), as a model-free pattern recognition method tedeibnormal events. In the
nonlinear one-class SVM, a multi-kernel strategy is alsappsed to tune the importance
of the partial features, in order to enhance improve the abalbdetection performances.

The rest of the chapter is organized as follows. In Sectidnthe proposed covariance
matrix descriptor encoding motion features and intengiitdres is introduced. In Section
4.2, we propose the multi-kernel strategy, and an overview ofwgual-based abnormal
blob or frame event detection method. In Sectod we present the abnormal blob local-
ization and abnormal frame detection results on benchmatidsdts. Finally, Sectioh.4
concludes the chapter.

4.1 Covariance Descriptor

The covariance matrix is proposed by O. TuZBliZel 2006 for describing gray or col-
or blob image features. It has been successfully used in bfextodetection problem
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[Tuzel 2007 Tuzel 2008, the face recognition problenPhng 2008 and the tracking prob-
lem [Porikli 20064. The covariance descriptor is robust against noise, ithaton distor-
tions, and rotationHorikli 20064. A fast construction of the covariance matrix is intro-
duced in Porikli 20061. The performance of elierent features constructing the covariance
matrix descriptor has been analyzing @drtez-Cargill 2009 We propose to construct co-
variance matrix descriptor based on the optical flow andritensity to encode movement
features both in a blob and in a global image. The covariaeseritor is defined as:

F(XY.€) = g1, x.Y) (4.1)
wherel is an image (which can be gray, red-green-blue (RGB), dtciy,aW x H x d
dimensional feature of image W is the image widthH is the image heightd is the
number of used featureg, is a mapping relating the image with thi¢h feature from the
imagel. For a given rectangular regid® the feature points can be represented asd
covariance matrix:

Cn =27 D e “2)

wherep is the mean of the point€r is the covariance matrix of the feature veckgrzy
is the feature vector of pixdd, n, pixels are chosen. The diagonal entries of the covariance
matrix represent the variance of each feature, the resesridf the matrix represent the
correlation between flferent features. The covarian€g of a given regionR does not
have any information regarding the order and the number iotgo

Based on the optical flow and the intensity, 1&eafient feature vectorB shown in
TABLE 4.1are proposed to construct the covariance descriptor. WHesrhe intensity of
the gray image, the optical flow is obtained from the gray ieadgs the horizontal optical
flow, v is the vertical optical flow]y, uy, vx andly, uy v, are the first derivatives of the
intensity, horizontal optical flow and vertical optical flamthe x direction andy direction;
Ixx: Uxx, Vxx @ndlyy, Uy, Wy are the second derivatives of the corresponding featurgein
x direction andy direction; Iy, Uy, andvyy are the second derivatives in thedirection
of the first derivatives in thex direction of the corresponding features. Bid.illustrates
the covariance matrix feature of the blobs, for #ath blob ini-th frame B!‘, covariance
matrix feature isCi". The optical flow shows the inter-frame information, it déses the
movement information. The intensity shows the intra-franfermation, it encodes the
appearance information. If the whole frame is taken as a loly, the covariance matrix
descriptor ofi-th frame isC:;.

4.2 Abnormal blob detection and localization

Based on the covariance matrix descriptor, we introducatihermal blob detection method
in this section by three parts. Firstly, one-class suppedtar machines (OC-SVM) is
briefly introduced. The second part proposes the multidestrategy for the covariance
matrix descriptor. The third part is the description of tHebgl strategy of the abnor-
mal blob detection method via one-class SVM. If the globahgm is taken as one blob,
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Feature Vector F
optical | F1(4x4) [y xuv]
flow F2(6 x 6) [y XuvV i ]
F3(6 x 6) [y xuvyw]
F4(8 x 8) [y XUVt Uy vy W]
F5(12x12) | [y XUV Y Uy Vy Vy Uy Uy Vix Viy]
Fe(14x 14) | [y XUV Y Uy Vy Vy Uxy Uy Vix Vyy Uxy Viy]
optical F7(5x5) [y xuvl
flow Fg(9x9) [y XUV uy Ve vy ]
with Fo(13x 13) | [y X UV Y Uy Vy Vy Uyy Uyy Vx Vyy 1]
intensity | F10(15x 15) | [y X UV U Uy Vx Vi Uxx Uyy Vix Vyy Uxy Vyy 1]
Fu1(11x11) | [y XuVv iy uy v vy | Iy 1y]
F12(17x 17) | [y X UV Y Uy Vi Vy Uyy Uyy Vi Vyy | Ty Ty T Ty
F13(20x 20) | [y X UV Y Uy Vy Vy Uyy Uyy Vix Viyy Uy Viy | Tx Ty Ty lyy Ty

Table 4.1: Featurels used to form the covariance matrices. For examiplé4 x 4) means
the covariance matrix (COV) descriptor is in size 4.

consecutive frame with blobs

optical flow on the foreground pixels OB

W features
4 Flx..))
> gy f > — k
1,@ j=12,..,n blob;
RN

Figure 4.1: Computation of the covariance matrix (COV) digsar of the blob.

the strategy of the abnormal blob detection method can asxtglobal abnormal frame
events.
4.2.1 Nonlinear One-class SVM

The problem of non-linear one-class SVBdhdlkopf 2001Canu 200pcan be presented
as a constrained minimization one:

1, 1xh,
min Sl +%;§. p. (4.3)
subject to: (w, ®(x;)) = p - &, & = 0. (4.4)

The decision function in the data spakes defined as:
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f(z) = sgn() _ aik(xi, x) - p), (4.5)
i=1

wherex is a vector in the input data spadg « is the kernel function implicitly mapping
the data into a higher dimensional feature space where ar latassifier can be designed.

4.2.2 Kernel for Covariance Matrix Descriptor

For one-class SVM, the kernelof two covariance matrices must be computed. If proper
parameters are given, the traditionally used kernel, sadcheGaussian, polynomial, and
sigmoidal kernel, has similar performance&chdlkopf 2002 We choose the Gaussian
kernel defined by the following expression:
(o)) = expp I
’ 202
where the parameter indicates the scale factor where the data should be cldsterand
xj are two vectors.
The covariance matrix is an element in a Lie Grd@bipwhere the distance measuring
the dissimilarity of two elements is defined as:

), (xi,xj) e XXX, (4.6)

d(X1, X2) =l log(X1*X2)ll, (4.7)

m n
with [|A]l = | 3" jal2. (4.8)
i1 j=1

where|| - || is the Frobenius normg;; is an element in the matrid, X; and X; are the
matrices in a Lie Groufs. Thus, the Gaussian kernel in a Lie Graags:

| log(X; X))l

202
The Baker Campbell Hausd®formula [Hall 2003 in the theory of Lie Group is:

K(Xi,Xj) = exp ), (Xi,Xj) e GxG. (4.9)

_ n-1 n I .\\—1
log(expX expY) = E % E %[X”Y&X”Y52 XY ],
1:5: i Syt

n>0 ri+s>0
1<i<n

(4.10)
By using the first term of eqd(10, the approximate form of the Gaussian kernel in Lie
Group is:

Illog(Xi) — log(X ))II”
202

where log(X) is a symmetrical matrix. The covariance descrigityis of sized x d, due

to symmetryCRr has onIydzT+d different features. By choosing tﬁﬁg—d upper triangular

K(Xi,Xj) = expl ), (Xi,Xj) e GxG, (4.11)
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and the diagonal elements of the matrix I&g)(to construct a vectox, replacing log)
in eg.A.19) by X, the Gaussian kernel can be written as:

IXi = X2

K(Xia Xj) = exp(_ 20_2

), (4.12)
whereX; is the vector constructed by elements of the upper triangara the diagonal
elements of the matrix lody).

For constructing a more representative and discrimindéegéure descriptor, we split
each frame inton parts. The multi-kernel strategy for our covariance madgscriptor is
defined by Noumir 2012aRakotomamonjy 2008hen 2013

m
K(Xi, Xj) = Z,usKs(Yi,Yj)- (4.13)
s=1
Eq.(A.21) is a kernel consisting af basic kernels, s = 1,--- ,m. Because each

basic kernel satisfies Mercer condition, their summatioals® a semi-positive definite
kernel under the condition of non-negati¥e In this expression, the Gaussian kernel is
adopted with:

o (X —lel[zs]
ks(Xi, Xj) = exp———=—). (4.14)
20
The kernels, s= 1, --- ,mare Gaussian kernels. Each sample vextoonsists ofm

parts, K1,Xo, ..., Xm]. This kernel strategy is similar to filter the frame by usi&gnask.
For example, a frame is split into 4 parts, as shown in&8.If s = 1, the left-up part
of the image is selected. We preset the wejghtccording to the characteristic of the
image to tune the importance of each sub-image. In the inslceme, in the normal and
the abnormal frames, there are no people in the upper halfeofmage. Thus, we set
112 = 0.1, uz4 = 0.4 to reduce the importance of the sub-image wiserel ands = 2.

In this case, sinc@gg > 0 andz‘;lys = 1, the resulting kernel belongs to the convex

hull of the 4 considered kernels. By considering this coratiam, the resulting kernel out
performs each kernek used individually.

/

(a) Image (bys=1 (c)s=2 (ds=3 (e)S=4

Figure 4.2: Filter the image by the mask to select a sub-im@jeAn original frame of the
indoor scene. (b = 1, u; = 0.1, the left-upper part of the image is selected. §c} 2,
uo = 0.1, the right-upper part. (& = 3, uz = 0.4, the left-lower part. (e = 4, u4 = 0.4,
the right-lower part.
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4.3 Abnormal Events Detection and Localization Results

This section presents the results of experiments conduotadalyze the performance of
the proposed method for abnormal blob localization, anthajl@bnormal frame events
detection. In the experiments below, if a frame is split idtgparts, the frame feature
consists of 4 covariance matrix descriptors, we mark itdasdvariancey otherwise, we
mark the feature asl‘covariancé. If the multi-kernel strategy is used, we mark it a& “
kernels, otherwise, we mark the kernel strategy dskernef.

4.3.1 Abnormal Blob Detection Results

The samples for training and the normal samples for testiaghe blobs where people are
walking. The abnormal samples correspond to the blobs whesele are running. Our
method can distinguish the abnormal running blobs from thkkiwg blobs. In ROC curve,
the true positive rate means that the running blob is classiés abnormal, while the false
positive rate means that the walking blob is classified asibal.

The detection results of a scene of two pedestrians moviralglato the camera plane
are shown in Figt.3 It simulates the abnormal scenes where the velocity of Hjeco
changes. The sequence is of a low resolution, the peopleaaeight about 30 pixels.
The maximum AUC value is.8759.

The detection results of the lawn scene and the plaza scéhidhihdataset JMN 2006]
are shown in Figl.4 The maximum AUC value of the lawn scene i9T21, of the plaza
scene is B8523. The results show that the abnormal detection algoriththeblob covari-
ance feature can obtain satisfactory detection results.

The detection results of mall scendsdpm 200§ are shown in Figt.5. In one frame,
there are walking people and also the running ones. The nexif&lJC value is B583.

The AUC of the detection results offtBrent scenes andftirent covariance features
are summarized in the TABLE.2 Generally, the features including both optical flow
and intensity induce better detection results than the aiese only the optical flow is
considering.

4.3.2 Abnormal Frame Detection Results

Taking the globaframeas one blob, the abnormialbb detection method can be adjusted to
detect abnormdtame The detection results of UMN datas&tIN 2006 and PETS2009
datasetPETS 2009are introduced below.

4.3.2.1 Abnormal Frame Detection Results of the UMN dataset

The UMN dataset includes eleven video sequences of thfeeraiit scenes of crowded
escape events. The detection results of lawn scene, plaza aad indoor scene are shown
in Fig.4.6, Fig4.7 and Fig4.8, respectively. The training samples and normal testing sam
ples are the frames where the people are walking fiieint directions. The abnormal
testing samples are the frames where the people are runitiedl covariance descriptor
and 1 kernel’strategy results are shown in TABI4E3, the“4 covariance descriptors and
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(a) Atraining frame (b) A running person
ROC 2persons blob SVM 1cov Tkernel
o 0.05 0.1 0.‘15 0.2 0.25 03
0 0‘2 4 0.4 08 1
False Positive
(c) Optical flow image (d) ROC via SVM

Figure 4.3: Abnormablob event detection results of the two people walking or running
scene based drslob covariance matrix descriptor via one-class SVM. (a) Thenmabiscene
for training, two people are walking. (b) The detection teslihe red rectangle labels the
abnormal blob, the person is running. The blue rectangkddahe normal blob, the person
is walking. (c) The optical flow image of (b). A black borderadded to show the image
clearly. (d) ROC curve of dierent featuré- results by usingl covariance descriptor and

1 kernel”. The maximum AUC value is 0.8759.
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(a) Detection result of lawn scene (b) Detection result of plaza scene

ROC lawn blob SVM 1cov 1kernel ROC plaza blob SVM 1cov 1kernel
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(c) ROC curve of lawn (d) ROC curve of plaza

Figure 4.4: Abnormablob event detection results of UMN dataset basedlat covari-
ance matrix descriptor via one-class SVM, the abnorohath event localization results of
the lawn scene and the plaza scene. (a) The abnormal dateesiglts of lawn scene. All
the people are running. The red rectangles label the abhoumaing blobs. (b) The ab-
normal detection results of plaza scene. (c) ROC curveftérdint featurd- results of the
lawn scene results by usiri@ covariance descriptor and 1 kernel'The maximum AUC
value is 0.9721. (d) ROC curve offtlrent featurd- results of the plaza scene by usiiig
covariance descriptor and 1 kernelThe maximum AUC value is 0.8523.
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(b) Detect one person running

ROC mall blob SVM 1cov 1kemel
[N i

0.2 03 | 04 95
08 1

. 0.
False Positive

(c) Detect one person running

(d) ROC curve of mall

Figure 4.5: Abnormablob event detection results of the mall scene baseblobcovari-

ance matrix descriptor via one-class SVM. (a) The normabdlimr training, two people
are walking. (b) The detection result. The red rectanglbslléthe abnormal blobs, the
people are running. The blue rectangles label the normaisbithe people are walking.

(c) Another abnormablob event detection result. (d) ROC curve by usfigcovariance
descriptor and 1 kernel’ The maximum AUC value is 0.8583.
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| Features | 2persons lawn plaza mall

Blob one-class SVM. covariance 1 kernel
optical Fi(4x 4) 0.8739®» 0.9504(» 0.8200@ 0.8583®
flow F2(6 x 6) 0.86457» 0.9562( 0.8201@ 0.8359(G
F3(6 x 6) 0.8700@ 0.9533® 0.8289@ 0.7934®
F4(8 x 8) 0.8654( 0.9424® 0.8275@ 0.8240(
F5(12x 12) | 0.8523w@ 0.9649(» 0.8430(» 0.8066@
Fs(14x 14) | 0.8500@ 0.9218@ 0.8449(» 0.8071®
optical | F7(5x5) 08759 ® 0.9591(3 0.8439%® 0.8217G
flow Fg(9x 9) 0.8660» 0.9637G@® 0.9426( 0.8340
with Fo(13x 13) | 0.8521@ 0.9441@ 0.8442( 0.8248(%
intensity | F19(15x 15) | 0.8500@ 0.9625® 0.8499%® 0.8110®
F11(11x 11) | 0.8665(a 0.9721(® 0.8380(» 0.84040
F12(17x 17) | 0.8525( 0.9474@ 0.8466(» 0.8028®
F13(20x 20) | 0.8546(s» 0.9541(» 0.8523(@® 0.8266()

Table 4.2: AUC of abnormablob event detection results based ladnb covariance matrix
descriptor constructed fromftierent covariance featur€svia one-class SVM (OC-SVM)
by using“1 covariance descriptor and 1 kerrielThe biggest value of each scene is shown
in bold and red color.

1 kernel” strategy results are shown in TABL44, the “4 covariance descriptors and 4
kernels” multi-kernel strategy results are shown in TABUES. The indoor scene is more
difficult than the other two scenes, due to the instable illundnagituation and the gloom
circumstance. The camera is far away from the moving pedteen some people come
into or go out from the room, the illumination becomes muchrgjer. Our proposed ab-
normal detection method can handle a this bad illuminatams, and obtain satisfactory
detection results.

By comparing the results of all these three senses in TABLEand TABLE 4.4,
we can see that splitting a frame into 4 parts can generalpraue the performance of
abnormal detection results. By comparing the results afdor” and “indoo}” in TABLE
4.5 we can see by choosing suitable fiméents of the multi-kernel strategy to adapt the
characteristic of the scene, the performances are muadr rettvery feature.

By comparing the abnormddlob detection results in TABLE.2 and the abnormal
frame detection results, we can see that abnorfreahe detection performance is a little
better than the abnormalob detection performance. In fact the blob detection method
cannot label all the people very exactly. The rectangle mayi the background, or
does not include all the parts of the human. These are thermegsons of lower AUC
value of theblob feature based method. Nevertheless, the abnobtoal detection can
obtain similar performance as abnormal gloframe detection by presetting a threshold
of the percentage of blobs in one frame. For example, if 80%h®fblobs in one frame
are classified as abnormal, this frame is then considered abreormal frame. Thus, the
abnormalblob detection has the results as the same as the ones when thiacosaf a
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| Features | lawn indoor plaza |

Frameone-class SVM. covariance 1 kernel
optical | F1(4x 4) 0.9382®» 0.7359® 0.9103®
flow F2(6 x 6) 0.9474@ 0.8381w 0.9148w
F3(6 x 6) 0.9583® 0.8410® 0.9192®
F4(8 x 8) 0.9656(» 0.8483® 0.93670
F5(12x 12) | 0.9798» 0.8744( 0.97820
Fs(14x 14) | 0.9803@® 0.8752( 0.9790 ®
optical | F7(5x5) 0.9337@ 0.8314® 0.9220®

flow Fe(Ox9) | 0.9617G® 0.8529% 0.9419%
with Fo(13x 13) | 0.9786(» 0.8797@® 0.9721(

intensity | F1o(15x 15) | 0.9789%® 0.8145@ 0.9734G
Fu(11x 11) | 0.9583@ 0.9000@ 0.94720
Fio(17x 17) | 0.9758% 0.9291(@ 0.9549%
F13(20x 20) | 0.9767G 0.9253@ 0.95800

Table 4.3: AUC of abnormdrameevent detection results based foemecovariance ma-
trix descriptor constructed from fiigrent featured- via one-class SVM (OC-SVM) by
using“1 covariance descriptor and 1 kerneldf the UMN dataset.

frameis chosen as a descriptor.

The performances of the covariance matrix descriptor basethod and the state-
of-the-art methods are shown in TABLLE6. The covariance matrix based multi-kernel
learning strategy abnormal frame detection method obtaingpetitive performance. Our
method is better than others except sparse reconstruasin$RC) Cong 2011, which
takes multi-scale HOF as a feature, classifies a testingledmyts sparse reconstruction
cost, through a weighted linear reconstruction of the @eenplete normal basis set. For a
particular scene, the kernel dbeients in the multi-kernel strategy can be tuned to obtain
a better performance. By using the integral image stratégydl 2006, the covariance
matrix descriptor of thélob can be computed quickly from the glodfehme covariance.
Because our abnormal detection method can detect abnotofall frameand abnormal
blob, we can localize thelobin the abnormaframeconveniently.

4.3.2.2 Abnormal Frame Detection results of the PETS datase

The covariance descriptor can not only encode the magnitiidenmation of a frame, and
also describe the direction. The detection result§imfe 14-17scene are show in Fig.9.
The training samples and normal testing samples are chozentlie sequencdime 14-
55), where the people are walking infiirent directions. The abnormal testing samples are
chosen from the sequencé@irfie 14-1%, where the people are walking or running in one
direction. The proposed abnormal detection method detecbihe direction movement,
the maximum AUC value is 0.9662.

The detection results of crowd splitting sequentieng 14-3) are shown in Figt.10
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(a) Normal lawn scene (b) Abnormal lawn scene
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Figure 4.6: Abnormaframeevent detection results of the indoor scene basedrigmal
frame covariance descriptor via one-class SVM. (a) The deteatislt of one normal
frame. (b) The detection result of one abnormal panic fraifeg.ROC curve of dier-
ent featureF results by using'l covariance descriptor and 1 kernel” The maximum
AUC value is 0.9803. (d) ROC curve by usit¥jcovariance descriptors and 4 kernels”
>4, tsks, 1234 = 0.25. The maximum AUC value is 0.9900.
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(a) Normal indoor scene (b) Abnormal indoor scene
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Figure 4.7: Abnormaframeevent detection results of the indoor scene basedrigmal
frame covariance descriptor via one-class SVM. (a) The deteatisult of one normal
frame. (b) The detection result of one abnormal panic fraf@eROC curve by usingl
covariance descriptor and 1 kernelThe maximum AUC value is 0.9291. (d) ROC curve
by using“4 covariance descriptors and 4 kernel,sz“$l Msks, 12 = 0.1, uz4 = 0.4. The
maximum AUC value is 0.9522.
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(a) Normal plaza scene (b) Abnormal plaza scene
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Figure 4.8: Abnormaframeevent detection results of the plaza scene basearigmal
frame covariance descriptor via one-class SVM. (a) The deteatésolt of one normal
frame. (b) The detection result of one abnormal panic fraif@@.ROC curve by using
“1 covariance descriptor and 1 kernel” The maximum AUC value is 0.9790. (d) ROC
curve by using‘4 covariance descriptors and 4 kernel,sz“;"=1 Usks, p1234 = 0.25. The
maximum AUC value is 0.9829.
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| Features | lawn indoor plaza |

Frameone-class SVM! covariances lkernle
optical | F1(4x 4) 0.9868® 0.8473® 0.9372®
flow F2(6 x 6) 0.9920® 0.8637@ 0.9486M
F3(6 x 6) 0.9905@» 0.8801(® 0.9498wm
F4(8 x 8) 0.9879@® 0.8736@ 0.9502(
F5(12x 12) | 0.9888® 0.9072@ 0.9738(
Fe(14x 14) | 0.9891@ 0.90456) 0.9735(
optical | F7(5x5) 0.9868® 0.8676@ 0.9417®

flow Fe(9x 9) 0.9874® 0.8818® 0.9599%
with Fo(13x 13) | 0.98895 0.9102G® 0.9775G

intensity | F1o(15x 15) | 0.9890@ 0.8878% 0.9761(
Fu(11x 11) | 0.9873@ 0.8943® 0.9639%
Fia(17x 17) | 0.9883® 009151 0.9818(Q
F13(20x 20) | 0.9882® 0.9148% 0.9810%

Table 4.4: AUC of abnormdrameevent detection results based fommecovariance ma-
trix descriptor constructed from fiigrent featured- via one-class SVM (OC-SVM) by
using“4 covariance descriptors and 1 kernetif the UMN dataset.

| Features | lawn indoor  indoot plaza |

Frameone-class SVM! covariances 4 kernels
optical F1(4 x 4) 0.9828®» 0.8381@ 0.9522(® 0.9374®
flow F2(6 x 6) 0.9866(s» 0.8840@) 0.9007@ 0.9441®)
F3(6 x 6) 0.9870@» 0.8971@ 0.9136@ 0.9454wW
F4(8 x 8) 0.9863w 0.9008 0.9141@ 0.9485(
F5(12x 12) | 09900 ® 0.9344(» 0.9422(s 0.9783(
Fg(14x 14) | 0.9895(» 0.9318( 0.9442(» 0.9790G
optical F7/(5x5) 0.9817@ 0.8714®» 0.8976@ 0.9153®
flow Fg(9x9) 0.9862@ 0.9088(» 0.9245( 0.9506()
with Fo(13x 13) | 0.9899¢ 0.9309( 0.9416(e 0.9763®
intensity | F1o(15x 15) | 0.9894% 0.8982(9 0.9242 0.9767
F11(11x 11) | 0.9870¢e 0.9298(e 0.9289(» 0.9555()
F12(17x17) | 0.9899¢ 0.9310» 0.9453¢ 0.98090%
F13(20x 20) | 0.9895( 0.9365@® 0.9484(» 0.9829 ®

Table 4.5: AUC of abnormarame event detection results of the UMN dataset by using
“4 covariance descriptors and 4 kernel,sz‘;lpsks. The “indoo#” meansu;, = 0.1,
t34 = 0.4. The other results obtained by usimgp 34 = 0.25.
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Method Area under ROC
lawn | indoor | plaza

Social Forcellehran 2009 0.96

Optical Flow Mehran 2009 0.84

NN [Cong 201] 0.93

SRC [Cong 2011 0.995 | 0.975 | 0.964

STCOG Bhi 201Q 0.9362| 0.7759| 0.9661

CQOV SVM (Ours) 0.9920| 0.9522| 0.9829

Table 4.6: The comparison of our proposed covariance mdgscriptor and one-class
SVM based method with the state-of-the-art methods for mbabframe event detection
of the UMN dataset.
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Figure 4.9: Abnormaframeevent detection results dimel4-17based ororiginal frame
covariance matrix descriptor via one-class SVM. (a) A fragnframe Time 14-5% The
people are walking in diierent directions. (b) An abnormal framErhe 14-17. The people
are walking in the same direction. (c) An abnormal frarfieng 14-17. The people are
moving (walking or running) in the same direction. (d) RO@weuUby using‘4 covariance
descriptors and 4 kernels'The biggest AUC value is 0.9662.
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The training samples are chosen from the scdimad 14-16, where there is one cohesive
crowd. The normal and abnormal testing samples are chosandequencdime 14-31
The abnormal scene is the frames where the crowd is splitlihg maximum AUC value
is 0.9988. The detection results Bime 14-17and Time 14-31are shown in TABLE4.7.
By using the multi-kernel learning strategy, the perforoenf the detection results are
improved.

(a) Training (b) Normal scenes. Cohesive crowd

-ﬁé\k?’;érowh gﬂﬂﬂmg‘ D

ROC 1431 SVM 4cov 4kernel

[
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(c) Abnormal scenes. Crowds split (d) ROC 4covariances 4kernels

Figure 4.10: Abnormdrameevent detection results dimel4-3lbased ororiginal frame
covariance matrix descriptor via one-class SVM. (a) A irairframe. A people cohesive
crowd (Time 14-16 in the frame. 41 training frames (0 to 40) are chosen fiimel4-
16. (b) A normal testing fram@&ime14-31 (c) A people cohesive crowd abnormal frame.
Multiple diverging flowsTime14-31 (c) ROC curve by using4 covariance descriptors
and 4 kernels’ The biggest AUC value is 0.9988.

4.4 Conclusion

The covariance matrix descriptor constructed bjedent features of the intensity and the
optical flow is proposed to encode the moving information bfab or a frame. The influ-
ence of the dferent features is analyzed by experiments. The covariaatéxrdescriptor
can be computed conveniently from the frame to the blob bytadp integral image. A
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| Features | 1417 1431 | 1417«  1431x | 1417¢ 14314 |

Frameone-class SVM
1 covariance 1 kerne| 4 covariances 1 kerngl 4 covariances 4 kernel
optical F1(4x 4) 0.7357® 0.6341® | 0.9275@ 0.9953® | 0.9136(» 0.9934@®
flow F»(6 x 6) 0.7283@w 0.6650(» | 0.9391@ 0.9911(%» | 0.9214(® 0.9973(k
F3(6 x 6) 0.7541 @ 0.7291( | 0.9378@ 0.9900® | 0.9059@ 0.99600%
F4(8 x 8) 0.7196@ 0.7145(k | 0.94326 0.9951( | 0.9125@ 0.9956wW
F5(12x 12) | 0.7388(® 0.8256( | 0.9412¢» 0.9905( | 0.9135@ 0.9981(
Fe(14x 14) | 0.7314(» 0.8258® | 0.9402@ 0.9884@® | 0.9081® 0.9983(%
optical F7(5x5) 0.7396(3 0.5464@® | 0.9463¢ 0.9923( | 0.9662® 0.9874%
flow Fg(9x 9) 0.7233@ 0.6449@w | 0.9490 ® 0.9944( | 0.9385(» 0.9931®
with Fo(13x 13) | 0.7396(3» 0.7886(» | 0.9453® 0.9901(» | 0.9235(» 0.9974%
intensity | F19(15x 15) | 0.7301® 0.7963® | 0.9464(» 0.9881®w | 0.9240® 0.9983(%
F11(11x 11) | 0.7294@ 0.6448® | 0.9460( 0.9935(» | 0.954%2» 0.9914®
F12(17x 17) | 0.7447® 0.6730® | 0.9475¢ 0.9913( | 0.9501(» 0.9988 »
F13(20x 20) | 0.7301(® 0.7070® | 0.9474( 0.9898w | 0.9546(» 0.9980%

12}

Table 4.7: AUC of abnormdrameevent detection results based foemecovariance ma-
trix descriptor constructed byftierent feature§ via one-class SVM (OC-SVM) of PETS
dataset. “1417” and “1431" are the results by usftigcovariance descriptor and 1 k-
ernel”. “1417 =" and “1431+" are the results by usin} covariance descriptors and 1
kernel”. “1417 #” and “14314" are the results by usintft covariance descriptors and 4
kernels”, Y2, usks, p1234 = 0.25.

multi-kernel strategy is proposed to adapt the detectiothaukto the characteristics of a
particular scene, improving the detection results. The@sed method has been tested
on several datasets, and it was shown that the proposed dristable to detect abnormal
events both at the blob and the frame levels.
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In Chapter3 and Chapte#d, the abnormablob and frame event detection methods
have been proposed. These methods are based on histograpt&cal flow orientations
(HOFO) descriptor or covariance matrix (COV) descriptard ane-class support vector
machines (OC-SVM) classification. SVM is usually trainedairbatch model, i.e., all
training data are given a priori and learning is conductezhim batch. If additional training
data arrive later, the SVM must be retrained from scraitilfon 2003. In the problem of
abnormal event detection for videosurveillance, the nbsaquence for training may last
for a long time. It is impractical to train the whole big traig set of normal samples as
one batch. Moreover, if a new frames are added to a largerigadataset, they will likely
have only a minimal #ect on the previous decision surface. Resolving the prolilem
scratch seems computationally wasteful. Consideringettves aspects, the online strategy
is adopted in our work to respect both the computational aechany requirements. Two
online one-class SVM algorithms are introduced, the ordingport vector data description
(online SVDD) and the online least squares one-class stigector machines (online LS-
OC-SVM). The covariance matrix descriptor proposed iniBeet. 1is used in this chapter.
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5.1 Abnormal detection via online support vector data desap-
tion

In this section, we propose two strategies of abnormal edeteiction based on online sup-
port vector data description (SVDD). Before introducingdé strategies, we first describe
the online hypersphere one-class SVM classification meitihtitk following.

5.1.1 Hypersphere one-class support vector machines

There are two frameworks for one-class SVM. One isytheupport vector classifien{
SVC) introduced in$cholkopf 200], which is used in Chapteéd and Chapted for abnor-

mal classification. The other is support vector data desengSVDD) which is present-

ed in [Tax 2001 Tax 1999. The SVDD method (considered in this chapter) computes a
sphere shaped decision boundary with minimal volume ara@uset of objects. The cen-
ter of the sphere and the radiusk are to be determined via the following optimization
problem:

n
in R+C)Y & 5.1
subject to: ||®(zi) — cl> < R+ &, & > 0,Vi, (5.2)

wherenis the number of training samplesjs the slack variable for penalizing the outliers.
The hyperparameteZ is the weight for restraining slack variables, it tunes thenber of
acceptable outliers. The nonlinear functidrt X — H maps a datunx; into the feature
spaceH, it allows to solve a nonlinear classification problem byigleisg a linear classifier
in the feature spac#!. « is the kernel function for computing dot productsfify k(x, ') =
(®(x), ®(x’)). By introducing Lagrange multipliers, the dual problemazsated with 6.2)

is written by the following quadratic optimization problem

n n
max Z aik(xi, i) — Z aiajk(zi, x;), (5.3)
R =1
n n
subject to: < a; < C, Z ai=1 c= Z ai D (xi). (5.4)
i1 i—1

The decision function is:

n n

f(x) = sgnRe - > aierji(mi, ) + 2 ) aik(wi, x) - k(x, T)). (5.5)

i,j=1 i=1
For the large training data, the solution cannot be obtagssily. An online strategy

to train the data is used in our work. Let denotes a sparse model of the centgr=

% ", ®(z;) by using a small subset of available samples which calletioiary:
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co = ) aid(), (5.6)
i€®
where® c {1,2,...,n}, and letNy denotes the cardinality of this subseg.
The distance between any mapped dbta) respecting to the centek, can be calcu-
lated by:

|D(x) — coll = Z vaj K@i, Tj) - 22 ai k(xi, ) + k(x, ). (5.7)

i,je® €D
A modification of the original formulation of the one-clagassification algorithm consist-
ing of minimizing the approximation errdje, — col| is [Noumir 2012¢ Noumir 2012k:

LY
o = arg min||~ D 0@i) - ) (). (5.8)
LI€ i=1 icD

The final solution is given by:

a =Kk, (5.9)

whereK is the Gram matrix withi( j)-th entry«(xi, ), andk is the column vector with
entriest ¥ k(xk, zi), k € D.

In the online scheme, at each time step there is a new sam@eaLdenote the
codfhicients, K, denote the Gram matrix, ang, denote the vector, at time step A
criterion is used to determine whether the new sample camcheded into the dictionary. A
thresholdug is preseted, for the datumy at time steft, the coherence-based sparsification
criterion [Honeine 2012Richard 200Jis:

et = max |k(zt, zw)l, (5.10)
€D

First case: & > g

In this case, the new da@&(xn, 1) is not included into the dictionary. The Gram matrix
K1 = K. kn changes online:

1

n 1
K-l
R bl

Qnyl = K;j'lf‘iml = (5.12)

whereb is the column vector with entriegx;, xn.1),1 € D.
Second caseg; < ug

In this case, the new dat®&(x,1) is included into the dictionard. The Gram matrix
K changes:
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K, b

Kni = . 5.13
i [bT K(Tns1, fcn+1)] ( )

By using Woodbury matrix identity:

-1

(A+UCV)t=AT-AlU(Cr+VATIU) VAT (5.14)

K1 can be calculated iteratively:

Kt 1 ~-K;t
KL= [ n 0] + - [ n bl [-bTK 1], (5.15)
0 0 K($n+l, $n+1) -bTK;'b 1
The vectorky, 1 is updated fromkp,
1 |nkn+b
= 5.16
Kn+l n + 1 Kn+1 ",| ’ ( )
n+1

Wlth Kn+l = Z K(wn+1, e’B|) (517)

i=1

Computingkn.1 as €qg.%.17) needs to save all the samplm‘:ll} in memory. For con-
quering this issue, it can computeas: = (N + L)k(xn, 1, ny1) by considering an instant
estimation. The update @f,,1 from «, is:

o L [non+ K;'b
M Th 1 0
! (5.18)
(N + L) (k(xns1, Tner) — bTKalb) .
-1
X Kr]]- b] (anan + bTKr;lb - Kn+1) .

Based on egy(18, we have an online implementation of the one-class SVMniegr
phase.

5.1.2 Abnormal Event detection

In an abnormal event detection problem, it is assumed thettat sraining framesl; .. . I}
(the positive class) describing the normal behavior isiobth The general architectures
of online support vector data description (online SVDD)aipmal detection are introduced
below.

The dfline training strategy refers to the case where all the tigisamples are learnt
as one batch, as shown in Fdl(a). We propose two abnormal detection strategies, the
difference between these two strategies is the time when therdigt is fixed. These
two strategies are shown in Figl(b) and (c). Strategy 1is shown in Figs.1(b). The
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training data are learnt one-by-one. When the trainingopeis finished, the dictionary
and the classifier are fixed. Each test datum is classifiedimasthe dictionary. Fié.1(c)
illustratesStrategy 2 The training procedure is as the sameSastegy 1 But in the
testing period, the dictionary is updated if the datwmsatisfies the dictionary update
condition. The details of these two strategies are expibineow.

n Train data

m n—m Test online

offline

(a) Strategy filine

n Train data

Dictionary fixed

m n—m Test online

offline online
(b) Strategy 1

n Train data Dictionary fixed—
y

m n—m Test online

offline Train and test online

(c) Strategy 2

Figure 5.1: @Hine and two online abnormal event detection strategiesdbaseonline
support vector data description (SVDD). (a) Strateffliree. The training data are learnt
as one batchfiine. (b) Strategy 1. The dictionary is fixed when all the tirgndata are
learnt. (c) Strategy 2. The dictionary continues being tgdithrough the testing period.

The abnormablob events detection and abnornfahme events detection proposed
in Chapter3 and in Chapte# are in the same way in the one-class SVM classification
processes, theflierence is whether the HOFO descriptor or COV descriptorl@utzted,
in the blob or in the frame. Chapt8rfocuses on the online one-class SVM algorithm, so
only CQOV descriptor is chosen, and the abnorfredheevents detection task is considered.

5.1.2.1 Strategy 1

In Strategy 1, the dictionary is updated merely through thming period. The COV de-
scriptor computation processes are the same as the oneapteth After COV descriptor
of each frame is calculated, the training and testing psessf online one-class SVM are
introduced hereinbelow.

Step 1: The first step is calculating the covariance matrix desoripf training frames
based on the image intensity and the optical flow. This staeageneralized as:
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{(11,0P1), (I2,0Py), ..., (In,OPy)} — {C1,C>, ..., Ch}, (5.19)

where{(l1, OPy), (I,0P,), ..., (I, OP,)} are the image intensity and the corresponding
optical flow of the £ to ni frame.{C1, C, ..., Cy} are the covariance matrix descriptors.

Step 2: The second step consists of applying one-class SVM on thé soimset of
extracted descriptor of the training normal frames to obtiaé support vectors. Consider a
subse{Ci}",, 1 < m < nof data selected from the full training sample gt} ,, without
loss of generality, assume that the finsexamples are chosen. This setnoExamples is
called dictionaryC'y:

(C,Cs...Cpl,1<m<n Sﬂ"support vector{Sp.Sp,....Spl (5.20)

where the setC1, C,...Cy} is the firstm covariance matrix descriptors of the training
frames, it is the original dictionar"y. In one-class SVM, the majority of the train-
ing samples do not contribute to the definition of the deaidimnction. The entries of
a monitory subset of the training samplé€S,p,S p, ..., S p}, 0 < m, are support vectors
contributing to the definition of the decision function.

Step 3: After learning the dictionaryCys which includes the firsm,1 < m <« n
samples, the training samplé&'n,1, Cmi2, ..., Cp} are learned online via the technique
described in Sectiof.1.1 This step can be generalized as:

{Ca.C.m< k< n 2

support vector{S p, S p,...,Sph,o< p<n, (5.21)
Cpy =CUCy, if & >puo,

whereCly is the dictionary obtained throudbtep 2 Ck is a new sample in the remaining
training dataset. According to the criterion introducedirction5.1.], if the new sample
C satisfies the dictionary updated condition, it will be ird#d into the dictionar's.

Step 4: Based on the dictionary and the classifier obtained fromrtiaihg frames,
the incoming frame sampl€',,, is classified. The workflow oBtrategy 1is shown in
Fig.5.2, and described by the following equation:

f(C’n+l)
= sgn(R® - Z ajajk(Ci, Cj) + 22 aik(Cj, Cny1) — k(Chnyi, Chit))
=1 i
1 H(Ch)20
-1 f(Ch) <O.
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Features selection Classification
on original image
learning step (online): covariance
tical-fl
P o SVM Train:
‘ s+ Xy Xy oo ’%1 (online training)
\ PNt % % xzﬂ’
N )vv\\:\ Por o .| people walk
AW v X X %J
detection step (online): covariance |
optical-flow : hyperlsphe;e;/M abnormal event
s | N X X, one-class detection:
) VAN i Xy Xy e,
v f//' o R people run
’/\/ L e YZ”J Origin

Figure 5.2: Major processing states of the proposed onlippat vector data description
(SvDD) abnormaframeevent detection method. TlameCOV descriptor is computed.

5.1.2.2 Strategy 2

In this strategy, the dictionary is updated through botining and testing periods. The
feature extraction steB{ep 1) and the online training step$Step 2 Step 3 are as the
same as the ones presentedsinategy 1 The testing step is fierent. The new coming
datum which is detected as normal, but satisfies dictionadate condition should be
included intoCy. The dictionary is needed to be updated through the testmnigpg to
include new samples.

Step 4-Strategy 2:If the incoming frame sampl€',,; is classified as normaf (Chy) =
1), the data is checked by the criterion described in Se&ibrl. When the data satisfies
the dictionary update criterion, this testing sample wéllibcluded into the dictionary. This
step can be generalized by the following equation:

f(Cha)

n
= sgn(R? - Z aiajk(Ci, C)) + 22 aik(Ci, Cny1) — k(Chyi, Chi))
o1 i
&> g — Cp = Cp U Chy

1 f(Ch) =20
( n+|) {8t<,uo—>01\, = Co

~1  f(Chy) <O.
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5.1.3 Abnormal Detection Results

This section presents the results of experiments conduotadalyze the performance of
the proposed method. A competitive performance through $trategy 1andStrategy 2
of UMN [UMN 2006 dataset is presented. The normal samples for trainingrardomal
testing are the frames where the people are walkingfierdint directions. The samples for
abnormal testing are the frames where people are running.

5.1.3.1 Abnormal Visual Events Detection—Strategy 1

The results of the proposed abnormal events detection mheih®strategy 1online one-
class SVM of UMN UMN 2006 dataset are shown below.

The detection results of lawn scene, indoor scene and ptare sre shown in Fig.3,
Fig.5.4 and Fig5.5respectively. Gaussian kernel for the Lie Group is used ésetthree
scenes. DOferent value of- and penalty factoC are chosen, the area under the ROC
curve is shown as a function of these parametel@nfey 1982 The results show that
taking covariance matrix as descriptor can obtain satisfagerformance for abnormal
detection. And also, training the samples online can olsiiaiilarly detection performance
as training all the samplegttine. Online one-class SVM is appropriate to detect abnormal
visual events. There are 1431 frames in the lawn scene, 480ahdrames are used for
training. In the dline strategy, all the 480 frames covariance matrices sHuilshved in
the memory. IrBtrategy 1, 100 frames covariance matrices are considered as therdicyi
firstly. WhenFs-17 x 17 feature is adopted to construct the covariance destrifite
variance of Gaussian kernelds= 1, the preset threshold of the criterionuig = 0.5, the
dictionary size increases from 100 to 101, the maximum aoyunf the detection results is
91.69%. In the indoor scene, there are 2975 normal frames andd¥ormal frames. In
the plaza scene, there are 1831 normal frames and 286 alricamas. The processes of
the experiments are similar to the ones of the lawn scene n\i¢la¢ure vector i§5-17x17,

o = 1, up = 0.5, the dictionary size of theses two scenes remain 100. Tleeastrategy
keeps the memory size almost unchanged when the size ahgalataset increases.

5.1.3.2 Abnormal frame events detection—Strategy 2

The results of the abnormal event detection methodStrategy 2 of UMN dataset are
shown as follows. In the experiment process of the lawn scH)@ normal samples from
the training samples are learnt firstly, and then other 38@itrg data are learnt online one-
by-one. After these two training steps, we can obtain thelghstionary from the training
samples, and also the classifier. In the following testimgp,sthe dictionary is updated
if the sample satisfies the dictionary update criterion. Waenew sample is coming, it
is firstly detected by the previous classifier. If it is cléiesl as anomaly, the dictionary
and the classifier are not changed. Otherwise, if the samplassified as a normal one,
the sparse criterion introduced in Secti®ri.1lis used to check the correlation between
the earlier dictionary and this new datum. It will be inclddeto the dictionary when it
satisfied the update condition. The dictionary will be updathrough the whole testing
period. The other two scenes, the indoor and plaza sceneadéld by the same methods.
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‘ hnolmal(:niwdﬂ.cﬁv'
| Fdeteht ablioH

(a) Normal lawn scene (b) Abnormal lawn scene

(c) ROC train dfline (d) ROC Strategy 1

Figure 5.3: Abnormaframe event detection results of the lawn scene basedrame

covariance matrix descriptor via online support vectoradagscription (online SVDD)

Strategy 1 (a) The detection result of one normal frame. (b) The detecesult of one

abnormal panic frame. (c) ROC curve offdrent feature§ of the lawn scene results via
one-class SVM. All the training samples are learned togetffine. The biggest AUC

value is 0.9591. (d) ROC curve offtikrent feature$ results viaStrategy 1online one-
class SVM. The biggest AUC value is 0.9581.
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(c) ROC train dfline (d) ROC Strategy 1

Figure 5.4: Abnormalrameevent detection results of the indoor scene baseftamne co-
variance matrix (COV) descriptor via online support vedata description (online SVDD)
Strategy 1 (a) The detection result of one normal frame. (b) The detecesult of one
abnormal panic frame. (c) ROC curve offdrent feature§ of the lawn scene results via
one-class SVM. All the training samples are learned togedfine. The biggest AUC val-
ue is 0.8649. (d) ROC curve offtrent feature§ results viaStrategy 1online one-class
SVM. The higgest AUC value is 0.8628.
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(a) Normal plaza scene (b) Abnormal plaza scene

ROC plaza offine ROC plaza strategy

True Positive
True Positive

(c) ROC train dfline (d) ROC Strategy 1

Figure 5.5: Abnormaframeevent detection results of the plaza scene basddaame co-
variance matrix (COV) descriptor via online support vedata description (online SVDD)
Strategy 1 (a) The detection result of one normal frame. (b) The dietecesult of one
abnormal panic frame. (c) ROC curve offérent feature& of the plaza scene results via
one-class SVM. All the training samples are learned togeifiéne. The biggest AUC val-
ue is 0.9649. (d) ROC curve offterent feature§ results viaStrategy 1online one-class
SVM. The biggest AUC value is 0.9632.
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Features Area under ROC
lawn | indoor | plaza

training samples are learneflime
F2(6x 6du) | 0.9426| 0.8351| 0.9323
F3(6x6dv) | 0.9400| 0.8358| 0.9321
F4(8 x 8) 0.9440| 0.8375| 0.9359
F5(12x 12) | 0.9591| 0.8440| 0.9580
F12(17x 17) | 0.9567| 0.8649| 0.9649
Strategy 1
F2(6x 6du) | 0.9399| 0.8328| 0.9343
F3(6x6dv) | 0.9390| 0.8355| 0.9366
F4(8 x 8) 0.9418| 0.8377| 0.9411
F5(12x 12) | 0.9581| 0.8457| 0.9573
F12(17x 17) | 0.9551| 0.8628| 0.9632
Strategy 2
F2(6x 6du) | 0.9427| 0.8237| 0.9288
F3(6x6dv) | 0.9370| 0.8241| 0.9283
F4(8 x 8) 0.9430| 0.8274| 0.9312
F5(12x 12) | 0.9605| 0.8331| 0.9505
F12(17x 17) | 0.9601| 0.8495| 0.9746

Table 5.1: AUC of abnormdtameevents detection results basedfameCOV descriptor
constructed by diierent feature$ via original support vector data description (SVDD),
Strategy 1 online hypersphere one-class SVM, dtilategy 2 online hypersphere one-
class SVM of UMN dataset. The biggest value of each metholdag/s in bold.

When Fs-17 x 17 feature is adopted, the variance of the Gaussian kerwel=sl, and
the preset threshold of the criterioniig = 0.5, the dictionary size of the lawn, indoor and
plaza scene are increased from 100 to 106, 102 and 102, tespecThe ROC curve of
detection results of these three scenes are shown in5=6R), (b) and (c). Besides the
merit of saving memory oStrategy 1, Strategy 2also has the advantage of adaptation to
the long duration sequence.

The results performances offline strategyStrategy 1and Strategy 2are shown in
TABLE 5.1 The performances of these two strategies results areasimoilthat of the
results when all training samples are learnt together. WHhgh2 x 12) or F5(17 x 17)
are chosen as the features to form covariance matrix désgripe results have the best
performance. These two features are more abundant to anchavement and intensity
information.

The result performances of the covariance matrix descripased online one-class
SVM method and the state-of-the-art methods are shown inLEAB.2 The covariance
matrix based online abnormal frame detection method abte@mpetitive performance.
In generally, our method is better then others except spaenstruction cost (SRC)
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Figure 5.6: ROC curve of abnormi@meevents detection results of the lawn, indoor, and
plaza scenes based frame COV descriptor via online support vector data description
(online SVDD)Strategy 2 (a) ROC curve of dferent feature$ results viaStrategy 2

of lawn scene. The biggest AUC value is 0.9605. $irategy 2 results of indoor scene.
The biggest AUC value is 0.8495. (8}rategy 2results of plaza scene. The biggest AUC
value is 0.9746. (d) The ROC curve of best performance of Jamdoor and plaza scene
when the training samples are learfifiioe. The biggest AUC value of lawn, indoor and
plaza are 0.9591, 0.8649 and 0.9649.
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Method Area under ROC
lawn | indoor | plaza

Social Forcellehran 2009 0.96

Optical Flow Mehran 2009 0.84

NN [Cong 201] 0.93

SRC [Cong 2011 0.995 | 0.975 | 0.964

STCOG Bhi 201Q 0.9362| 0.7759| 0.9661

COQV online (Ours) 0.9605| 0.8628| 0.9746

Table 5.2: The comparison of our proposeame covariance matrix descriptor and on-
line support vector data description (online SVDD) basethoe with the state-of-the-art
methods for abnormdtameevent detection of UMN dataset.

[Cong 201] in lawn scene and indoor scene. In that paper, multi-scald- bk taken
as a feature, and a testing sample is classified by its sparsestructor cost, through a
weighted linear reconstruction of the over-complete ndrbaasis set. But computation
of the HOF might take more time than calculating covarianBg.adopting the integral
image [Tuzel 2006, the covariance matrix descriptor of the subimage can mepced
conveniently. So the covariance descriptor can be ap@i@tyiused to analyze the partial
movement.

5.2 Abnormal detection via online least squares one-clasy/#l

In this section, we propose a novel online classificatiorhmdtnamely online least squares
one-class support vector machines (online LS-OC-SVM).0%€C-SVM extracts a hy-
perplane as an optimal description of training objects iagularized least squares sense.
The online LS-OC-SVM firstly learns from a training set withraited number of samples
to provide a basic normal model, and then updates the madeigh remaining data. In the
sparse online scheme, the model complexity is controllethbycoherence criterion. And
then, the online LS-OC-SVM is adopted to handle the abnoewet detection problem.

5.2.1 Least squares one-class support vector machines

Least squares SVM (LS-SVM) was proposed by SuykenSuykens 19995uykens 200R
By using the quadratic loss function, Choi proposed leasiisap one-class SVM (LS-OC-
SVM) [Choi 2009. LS-OC-SVM extracts a hyperplane as an optimal descripbibtrain-
ing objects in a regularized least squares sense. It canitierwais the following objective
function:

1 1 <
min Z|lw|?>-p+sC» £
wép 2 2 ;' (5.22)

subject to: (w, O(xi))y = p — &.



5.2. Abnormal detection via online least squares one-clag&v/M 85

The condition for the slack variables in OC-SV#,> 0, is no longer in need. The
variable,&;, represents an error caused by a training objegctwith respect to the hyper-
plane. The definitions of the other parameters in%®g84d are the same as the ones in
OC-SVM. The associated Lagrange is:

1 5 C n ) n .
L= Slhol —p+§;§i —;(Xi (wT (@) - p+&). (5.23)
Setting derivatives of ed(23 with respective to primal variablesy, &, p anda;, to
zero, we have the following stationarity conditions:

aL L

Go=0  Sw= ; @i ®(xi), (5.24)
aL

— =0 =C§=a, 5.25
9%, & = a (5.25)
aL L

—_— = 0 = a; = 1’ 526
! D (5.26)
oL )

o =0 S>w Oxj)+&-p=0. (5.27)
0F]

Substituting eqg.24—(5.26) into (5.27) yields:

iilaimT(xi)q>(mj) + % —p=0. (5.28)

Foralli=1,2,...,n, we can rewrite egx(28 in matrix form as:

S yal-g

where K is the Gram matrix withi( j)-th entry «(z;, zj), I is the identity matrix with
the same dimension as Gram matkx and « is the column vector with-th entry «; for
training sampler;. 1 andO0 are all-one and all-zero column vectors, respectivelyhwit
compatible lengths. The parametansandp, could be obtained by:

al [K+L1 1770
—p] Y ) 0] H (5:30)
The hyperplane is then described by:

f(x) = Zn: aik(xi,x) —p = 0. (5.31)
i=1

The distancedis(x), of a datume, with respect to the hyperplane is calculated by:

If(@) (XL aik(zi, z) - p)l

el llexl| 5:32)

dis(z) =

’
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wherez; is a training samplejjal| is the two-norm of vectoex. An object with a low
dis(x) value lies close to the hyperplane thus resembles thartgaset better than other
objects with highdix(x) values. The distancais(x), is used as a proximity measure to
determine the normal and abnormal class of the daiteni 2009.

5.2.2 Online least squares one-class support vector maclkes

In an online learning scheme, the training data continyoasiive. We thus need to tune
hyperparameters in the objective function and the hypathegass in an online manner
[Diehl 2003. Let o, Ky and I, denote the cdécient, Gram matrix and identity matrix
at the time stepn, respectively. The parameters of LS-OC-SVd[ — pn] " at the time
step,n, could be calculated as:

Ky+ L 1n]‘1 [0]

on|

-on| | 1} 0 1|
In order to proceed, recall the matrix inverse identity faatricesA, B, C and D with
suitable sizesHoneine 201P

(5.33)

-A1B

1

A Bl _[AT 0],
c b “|o o

] x (D-CAB)Ix[-CAT 1] (5.34)

The matrix, K, with diagonal Ioading% can be calculated recursively with respect to time
stepn by:

K I””]_l 5.35
n+1l C ( ' )
_ [ K+ é ‘ Kn+l o
a Kn+l ‘ Kn+1 + % (5:36)
(% ﬁLT%)_l 0|, 1 _
0, 0 (Kn+l + %) — Kn+1 (Kn + %) Kn+l
(K, + )™ -1
| (K 1C) mmll [—%1 (K + ) 1], (5.37)

where kn,1 is the column vector withi-th entry «(xj, xns1), i € {1,2,...,n}, and
kn+1 = k(xni1, Tny1). Based on egy(33 and 6.35, we arrive at an online implemen-
tation of LS-OC-SVM.

5.2.3 Sparse online least squares one-class support vectoachines

The procedures for calculating the parameterg&ndp, of LS-OC-SVM in Sectiorb.2.2
lose sparseness, due to the quadratic loss function in jeetide function eq.22. This
formulation is inappropriate for large-scale data and iiable for online learning, as the
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number of training samples grows infiniteMgumir 2012¢. We propose a sparse solution
to provide a robust formulation. A dictionary is adopted dlaligess the sparse approxima-
tion problem [Tropp 2004.

Instead of eq¥.24), wherew is expressed with all available data, we intend to ap-
proximate it by adopting a dictionary in a sparse way. Carsal dictionary,xzp, D C
{1,2,...,n}, of sizeD with elementSer, j € D. Instead of eqg.24), we approximatawv
with theseD dictionary elements:

D
w =) Bi®(xw,). (5.38)
=1
The hyperplane becomes:
D
f(@) = > Bik(@, zw) —p = 0. (5.39)

j=1

In sparse online LS-OC-SVM, the distancdisy (), of a datum, to the hyperplane is:

| 22 Bik(@, Tw;) — pl
[E] ’

wherez,, is a dictionary element andlis the column vector with the entrigs;,. Replacing
eg.6.38 into Lagrange Functiorb(23, we have:

disp(x) =

(5.40)

1 C n D
L=30TKeB 0 3 28 - D QB0 @) i —p) (54D)

n
i=1 i=1 |

Taking the derivatives of the FunctioB.41) with respect to primal variableg, &, p and
aj, yields:

oL

5" 0 = Kp8 = K§(z)a, (5.42)
oL

— =0 Cé& = i 5.43
o€, = Cé& = ai, ( )
oL &

==0 =Yya=1 5.44
% 2, (5.44)
oL &

o =0 = E Bik(@w,, i) + & —p = 0. (5.45)

=1
The matrix form for Condition§.45) is written:

Ky(x)B+&-p=0. (5.46)
Replacing Conditionsy42 and 6.43 into (5.46) leads to:
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Ko@) K3 K (x)o + % —p=0 (5.47)

Combining Equationsy(44) and 6.47), the equation for computing cﬁ"ﬂ:ients[a —p]T
becomes:

17 0||-p

After providing these relations with the dictionary, we naigcuss the dictionary
construction. The coherence criterion is adopted to cheriae a dictionary in sparse
approximation problems. It provides an elegant model reoioiccriterion with a less
computationally-demanding procedumddumir 2012¢ Tropp 2004 Richard 2009 The
coherence of a dictionary is defined as the largest comeldtetween the elements in the
dictionary,i.e.,

Ko(x) K K (x) + £ 1] [ o

- [ 2 ] . (5.48)

p= max |k(xi, ) (5.49)
i,J€D,i#]
In the online case, the coherence between a new datum andrtieatcdictionary is
calculated by:

&t = max |K($t7 :I:Wj)l? (550)
€D

wherez,,, is the element in the dictionary;». Presetting a thresholgy, the new arrival
sample,x;, at the time stept, is tested with the coherence criterion to judge whether the
dictionary remains unchanged or is incremented by inclyitiie new element. Faortrain-

ing samples, the subset, which includes
m (1 < m < n) samples, is considered the initial dictionary. Then, eachaining sample

is tested with eqq.50 to determine the relation between itself and the previdctiodary.

If & < uo, it will be included into the dictionary. Concretely, theyatithm is performed
with two cases described herein below.

First case & > up

In this case, at time stap+ 1, the new datagn.1, is not included into the dictionary.
The Gram matrix Ko, with the entriesg(zx;, ), i, j € {1,2,..., D}, is unchanged. When
a new sampleg, arrives, we need to compute:

-1 1

s

[ e s

_ Ky(@)KIKl(x)+ L Ky(@)Kls|
/-@TKilK;(a:) K,TK;LK, + é
(5.51)

where at time step + 1, k is the column vector with entriegxn, 1, :cwj), je{l2,...,D}.
K (x) is the matrix with thei( j)-th entryK(:ci,ij), ie{l2,...,n},je{l,2,...,D}.

Second cases; < g
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In this case, the new data,,1, is added into the dictionarys. Then, the Gram
matrix should be changed by:

Ko=| 7 (5.52)

R [a
whereK  is the Gram matrix of the dictionary, including the new aatidictionary sam-
ple, xn.1, and Ky is the Gram matrix of the dictionary at the last time stap, Let
Tp = {Tw,, Tw,. ..., Ty} denote the dictionary at time step d is the column vector
with entriesdj = «(x, zw,), j € {1,2,..., D}, andd = x(xn+1, Tn+1)-

By adopting the matrix inverse identity €§.84), we have:

-1
Ko = [K@b: A z] (5.53)
where:
c= ; (5.54)
d-d"K:'d
A= cKitldd" Kt (5.55)
b= -cK'd. (5.56)

Because the dictionary changes, the valudaf(x) and aIso[K@(a:)KilKg(x) + é]_l

should be updated. Let ti@denote the updatddkp(z) K5 K (x) + é]_l at time step
n+ 1; we have:

= [Ke(w) o] | K3

-1
+ é] (5.57)

=[Ko (@)K Ko(x)" + é + Ko(x)AK ] (z)+
gb" K (x) + Ko(z)bg" +cqq'] ™. (5.58)

where at time stem + 1, g is the column vector with entrie§ = «(xj, xpi1), | €
{1,2,...,n}, andxp, is the new arrival datunx,,1, which is included into the dictio-
nary. The matrix inverse in e®.57) can be calculated by using four-times Woodbury
identity:

A+ucv)t=At_aAtuct+valu)ytvat (5.59)

with proper choices of matrices, U, C andV, such thatU andV should be chosen as
two vectors, andA should be chosen as a scaler. Thus, the inve&e, £ VAIU), is a
scaler; eq.%.57) can be calculated venfiiciently. For instance, for computing the inverse,
including the term, Ko(x)bq "), we regard two vectors, K (z)b) andq', as vectorJ
andV, respectively, whileC in Equation 6.59 is one.

Once knowingS, using eq$.51) to add the news with entries x(zn.1, Tw,),
je{l2,...,D,D + 1}, zy, is an element of the dictionary.
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5.2.4 Abnormal Event Detection detection method

In an abnormal event detection problem, itis assumed ttedtaf graining framesgilq, o, .. ., In}
(the positive class), describing the normal behavior isioled. The abnormal detection s-
trategies relative to the online algorithms proposed irtiSe&.2.2and Sectiorb.2.3are
introduced below.

5.2.4.1 Online LS-OC-SVM Strategy

The general architecture of the abnormal event detectidhaodevia online least squares
one-class SVM (online LS-OC-SVM) proposed in Secttof.2is summarized in Algo-
rithm 2; the flowchart is shown in Figh.7 and explained below.

Features selection Classification
on original image
learning step (online): covariance
ical-fl
optical-flow SVM Train:
‘ s+ Xy X X, (online training)
\ PNt Xy %,
Va ”\\:\ Do .| people walk
AW v X X %J
detection step (online): covariance |
optical-flow / one-class SVM abnormal event
s | N X, detection:
) VAN i Xy X e,
v f '/ Wl : . people run
/ \/ - e rw‘| Origin

Figure 5.7: Major processing states of the proposed abridramae event detection method
based orframecovariance matrix descriptor via one-class SVM.

The feature descriptor computation processes are the sarhefare. The training
and testing processes of LS-OC-SVM are explained bellove thio strategies proposed
in Section5.1.2.1and Sectiorb.1.2.2are also suitable in online OC-LS-SVM and sparse
online OC-LS-SVM algorithms. In this section, we introdube learning processes on the
training samples.

Step 1: The first step consists of calculating the covariance maleiscriptor of the
training frames. This step can be generalized as:

{OP1,0P,,..., 0P} — {C1,C>,...,Ch}, (5.65)
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Algorithm 2 Visual abnormal event detection via online least squaresotass support
vector machine (LS-OC-SVM) and sparse online LS-OC-SVM.

Require

n training frameg|;};! ; and the corresponding optical flg@P;}! ;.

Compute the covariance matrix of each frame.

{OP1,0P,,...,0Py} — {C1,CY, ..., C\} (5.60)

(a) Online strategy: Applying LS-OC-SVM on the small subset of training samples t
calculate the cd@cient matrix.

(CL Co.....Cul. 1< m< n 2" coficient matrix [K] [a —p]T (5.61)

(b) Sparse online strategy: Applying LS-OC-SVM to train the initial dictionaryCsy,
offline.

ffl
Cy={C1,C5,...,.Chp},1<m<n e codlicient matrix [K] [B —p]T (5.62)

(a) Online strategy: Applying online LS-OC-SVM on the remaining samples to chdtel
the codficient matrix.

{Cmi1, Criz ... Chl, [K] onlne soefficient matrix [K] [a —p]T (5.63)

(b) Sparse online strategyApplying sparse online LS-OC-SVM on the remaining samples
to calculate the cdicient matrix and to update the dictionary.

sparse online . . T
(Co,Cil,m< k< n——"""7 coeficient matrix [[3 —p] ,

Cy =CyUC, if &> uo, (564)
C@ = C@, if &t < Uo.

Each frameCy,, is classified via LS-OC-SVM.
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where{OP1, OP,, ..., OP,} are the image optical flows of thettto n—thframes{C+1, C», ..., Cp}
are the covariance matrix descriptors.

Step 2: The second step is applying LS-OC-SVM on a small subset ofrtiring
samples to calculate the d&eient parametersy andp, in eq. 6.29. Consider a subset
{Ci},. 1 < m < nof data selected from the training $€%}" ,. Without loss of generality,
assume that the firsh frames are chosen. Thesesamples are traineditine. This step
can be described in the following equation:

offline . . T
{C1,C>...Cp),1<m<n— codficient matrlx[K] [a —p] , (5.66)

where| K | and|ox —p]T are defined in eq.5(29.

Step 3: After learning the firstn samples, the cdicient matrices K and[a —p]T,
are obtained. The online LS-OC-SVM method (Secto?.2 is applied to learn the re-
mainingn — msamplegCi1, Cny2 . .. Cr}. This step can be expressed as:

online

{Cm+1,Cm+2...Cn},[K] —— codficient matrix[K] [a —p]T. (5.67)

Step 4: Based on the cdkcient matrix,[a - p]T, the distance of the training samples
{Ci}L; and the incoming test sampl€',,, with respect to the decision plane is computed.
By comparing the distances of the samples, an abnormal evdatected:

(XL, aik(C, C;) - p)|

di(Chy1) = I (5.68)
_ 1 i f(Chi) 2 Tais, (5.69)

where Cy is the covariance matrix descriptor of the € I) — th frame needed to be
classified, and; is the sample of the training data. “1” corresponds to an ahabframe;
“—1" corresponds to a normal framggjs is the threshold of the distance, it is the maximum
distance of the training samples to the hyperplane.

5.2.4.2 Sparse online LS-OC-SVM strategy

The abnormal event detection via sparse online least sgjoageclass SVM (sparse online
LS-OC-SVM) is introduced below. A subset of the samples ssein to form the dictio-
nary,Cy, making a sparse representation of the training data. Tt idictionary, Cy, is
learned dline. Each remaining training sample is learned one-by-otiee Meanwhile,

it is checked to be included, or not, into the dictionary. Té& datum is classified based
on the dictionary. The feature extraction step (Step 1) hrddetection step (Step 4) are
the same as the ones presented in Sed&i@m.1 Owing to the dictionary, the training
steps are dierent.
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Step 2-sparse:The second step is applying LS-OC-SVM to train the initiaitidinary
offline. The firstm samples are the initial dictionary denoted@s. This step can be
generalized as:

fi
Co = {C1,Co.....Cl.1 <M< n—5 codficient matrix [K] [B —p]T. (5.70)

Step 3-sparseAfter learning the initial dictionaryC'y, including the firsm(1 < m<
n) samples, the remaining training samplgsSy, 1, Crmi2, . .., Cy}, are learned via sparse
online LS-OC-SVM described in Secti&n2.3 This step can be described in the following
equations:

sparse online
{Cp,Cxl,m<k<n—m——

coefficient matrix |3 - p]T
Cp:=CyUCk if & >uo
Cy:=Cyp if &< MO,

(5.71)

whereCy is the dictionary and’y is a new incoming remaining sample in the training
dataset. According to the coherence criterion introduce8idction5.2.3 if the new sam-
ple, Cy, satisfies the dictionary updated condition, it will be ird#d into the dictionary,
C»s.

5.2.5 Abnormal Event Detection Results

This section presents the results of experiments conduotdtlistrate the performance
of the two proposed classification algorithms, online leagtare one-class SVM (online
LS-OC-SVM) and sparse online least square one-class SVagsmnline LS-OC-SVM).
The two-dimensional synthetic distribution dataset aed.thiversity of Minnesota (UMN)
[UMN 2006] dataset are used.

5.2.5.1 Synthetic Dataset via Online LS-OC-SVM and Sparse i@ine LS-OC-SVM

Two synthetic data, “square” and “ring-line-squarkfoffmann 2007, are used. The “square”
consists of four lines, .2 in length and @ in width. In the area of these lines, 400 points
were randomly dispersed with a uniform distribution. Thimgrline-square” distribution
is composed of three parts: a ring with an inner diameter.®fhd an outer diameter of
2.0, a line of 16 in length and @ in width, and a square the same as dataset “square”
introduced above. 850 points are randomly dispersed withifarmn distribution. These
two data are shown in Fi§.8

The first sample is used for initializing the online LS-OC48\proposed in Sec-
tion 5.2.2 the 399 remaining samples in “square” and 849 remainingpsesTin “ring-
ling-square” are learned in the online manner.

Via the sparse online LS-OC-SVM method proposed in Se@&iar8 the first sample
is trained dfline, and this sample is considered the initial dictionaryef, each arrival
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Figure 5.8: Synthetic datasets. (a) Dataset square. (lasBating-line-square.

sample in 399 remaining samples in “square” and 849 rengisamples in “ring-ling-
square” are checked by the coherence criterion to deterwliegher the dictionary should
be retained or updated by including the new element.

The distances are shown in contours illustrating the bayndde contours of “square”
and “ring-line-square” are shown in Fi%.9 and5.10 respectively. Gaussian kernel was
used in these two data, with bandwidth= 0.065. The preset threshold of the coher-
ence criterion igig = 0.08. The detection results obtained by these two onlineibgin
algorithms are the same as the ones when training data veeretkin a batch model.

5.2.5.2 Abnormal Visual Event Detection via Online LS-OC-§M

UMN dataset JMN 2006] results via online LS-OC-SVM which is proposed $ection
5.2.2are shown below. The detection results of lawn scene, insloeme and plaza scene
are shown in Fidh.11, Fig5.12and Fig5.13 respectively. A Gaussian kernel for the co-
variance matrix in the Lie group is used. Various values efhriance¢r, in the Gaussian
function and the penalty factog, are chosen to form the receiver operating characteristic
(ROC) curve. In the indoor scene, time lags of the frame talszd to the lower area un-
der the ROC curve (AUC) value. In the last few frames, labeledbnormal of abnormal
sequences, there are no people, while, in the training s@nglere are no people in the
upper half of the image. The covariance of the training frasr&@milar to the covariance
of the abnormal frame without people. Our covariance featescriptor-based classifi-
cation method cannot distinguish between these two gitusti However, this issue can
be resolved by utilizing the foreground information. Foample, if there are no moving
objects in the frame, this frame is immediately classifiedl@sormal. The results of these
three scenes show that the covariance descriptor cangligtinbetween normal and ab-
normal events. The performance of online LS-OC-SVM is alntles same as that of the
offline method.
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Figure 5.9: GHine, online least squares one-class SVM and sparse ondisedguares one-
class SVM results osquare’ dataset. The figure might be viewed better electronically, i
color and enlarged. (a) The contours of the distances whéheatlate are trained as one
batch dfline. (b) The contours of the distances when the data aresttaiia online LS-
OC-SVM. (c) The blue circle (pointed out by the arrow) shotes original dictionary. The
red points show th@32new data which are included into the dictionary via spardmen
LS-OC-SVM. (d) The contours of the distances when the datdrained via sparse online
LS-OC-SVM.
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Figure 5.10: @ine, online least squares one-class SVM and sparse onkise dguares
one-class SVM results afing-line-square’ dataset. (a) The contours of the distances when
all the date are trained as one batchie. (b) The contours of the distances when the data
are trained via online LS-OC-SVM. (c) The blue circle (peitout by the arrow) shows
the original dictionary. The red points show th&4 new data which are included into the
dictionary via sparse online LS-OC-SVM. (d) The contourshef distances when the data
are trained via sparse online LS-OC-SVM.
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Figure 5.11: Abnormaframe event detection results of the lawn scene basedrame
COV descriptor via online least squares one-class SVM. (&) detection result of one
normal frame. (b) The detection result of one abnormal pfmaime. (c) ROC curve of
different feature$ of the lawn scene results via one-class SVM. All the trairsagples
are learned togethefftine. The biggest AUC value is 0.9874. (d) ROC curve dfedtent
featuresk results via online LS-OC-SVM. The biggest AUC value is 0887
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Figure 5.12: Abnormaframeevent detection results of the indoor scene baseffaone
COV descriptor via online least squares one-class SVM. (&) detection result of one
normal frame. (b) The detection result of one abnormal pfmaime. (c) ROC curve of
different feature$ of the lawn scene results via one-class SVM. All the trairsagples
are learned togetheffftine. The biggest AUC value is 0.9548. (d) ROC curve dfedtent
featuresk results via online LS-OC-SVM. The biggest AUC value is 0961
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Figure 5.13: Abnormaframe event detection results of the plaza scene basefiaone
COV descriptor via online least squares one-class SVM. (&) detection result of one
normal frame. (b) The detection result of one abnormal pfmaime. (c) ROC curve of
different feature§ of the plaza scene results via one-class SVM. All the trgisiamples
are learned togethefftine. The biggest AUC value is 0.9800. (d) ROC curve dfedtent
featured- results via online LS-OC-SVM. The biggest AUC value is 0983
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5.2.5.3 Abnormal visual events detection via sparse onlines-OC-SVM

The UMN dataset abnormal events detection results via sgaige LS-OC-SVM which
is proposed irSection5.2.3are shown below. Take the lawn scene as the examples, the
15t normal sample from the training samples is included intodiutionary firstly, and
then other remaining training samples are learnt onlinenbysparse online LS-OC-SVM
method. If the newly arrival sample satisfies the subspaeesspcontrol criterion, the
dictionary and the classifier is updated through the trgirperiod. The ROC curve of
detection results of lawn scene, indoor scene and plaz& scershown in Fig.14a), (b)
and (c) respectively.

The resulting performances when all training samples amésl dfline via one-class
SVM (OC-SVM), learned via least squares one-class SVM (IG®YM), learned via on-
line least squares one-class SVM (online LS-OC-SVM) anchksdvia sparse online least
squares one-class SVM (sparse LS-OC-SVM), are shown ireBaBl The LS-OC-SVM
algorithm obtains better performance than the original ®&09. The performances of on-
line and sparse online strategy results are similar to theltirg performances when all
training samples are learnetiime. The sparse online strategy can be compufigciently
and can adapt to the memaory requirement.

The resulting performances of the covariance matrix dgsarbased online least squares
one-class SVM method, and of state-of-the-art methodsstawen in Tables.4 The co-
variance matrix-based online abnormal frame detectiomatedbtains competitive perfor-
mance. In generally, our sparse online LS-OC-SVM methociebthan others, except
sparse reconstruction cost (SRCpng 2011 In that paper, multi-scale histogram of op-
tical flow (HOF) was taken as a feature and a testing sampleclaasified by its sparse
reconstruction cost, through a weighted linear reconstniof the over-complete normal
basis set. However, the computation of the HOF takes more ttian the computation of
covariance. By adopting the integral imadeifel 2006, the covariance matrix descriptor
of the subimage can be computed conveniently. The covaridescriptor can appropriate-
ly be used to analyze partial image movement.Gorig 201}, the whole training dataset
was saved in the memory in advance; then, the dictionary hvasen as an optimal subset
for reconstructing. Our sparse online LS-OC-SVM strataggbdes one to train the classi-
fier with sequential inputs. This property makes our progasethod extremely suitable
to handle large volumes of training data, while the methoflGang 201] fails to work
due to lack of memory.

5.3 Conclusion

In this chapter, we proposed two online abnormal detectiethods. The first method is
based on the online nonlinear one-class SVM classificatiethod. The second method is
based on online least squares one-class SVM (online LS-@@}&nd sparse online least
squares one-class SVM (sparse online LS-OC-SVM). Onlin®ICSSVM learns training

samples sequentially; sparse online LS-OC-SVM incorpgasrdéhe coherence criterion to
form the dictionary for a sparse representation of the detecThe proposed detection
algorithms have been tested on a synthetic dataset andaaddlvideo dataset yielding
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Figure 5.14: ROC curve of abnormiikme events detection results of the lawn, plaza,
and indoor scenes basedfoeameCOV descriptor via sparse online least squares one-class
SVM. (a) ROC curve of dferent feature§ results via sparse online LS-OC-SVM of lawn
scene. The biggest AUC value is 0.9609. (b) Sparse onlin®CSSVM results of indoor
scene. The biggest AUC value is 0.9287. (c) Sparse onlin®CSSVM results of plaza
scene. The biggest AUC value is 0.9515. (d) The ROC curve sifgmrformance of lawn,
plaza and indoor scene when the training samples are legiineo The biggest AUC value

of lawn, plaza and indoor are 0.9874, 0.9800 and 0.9548.
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Features Area under ROC
lawn | indoor | plaza

training samples are learneflime
F2(6x 6du) | 0.9755| 0.8605| 0.9422
F3(6x6dv) | 0.9738| 0.8603| 0.9489
F4(8 x 8) 0.9788| 0.8662| 0.9538
Fs(12x 12) | 0.9874| 0.8900| 0.9800
F12(17x 17) | 0.9832| 0.9548| 0.9680

Online LS One-class SVM

F2(6x 6du) | 0.9755| 0.8616| 0.9403
F3(6x6dv) | 0.9720| 0.8730| 0.9517
F4(8 % 8) 0.9795| 0.8670| 0.9563
Fs5(12x 12) | 0.9874| 0.8904| 0.9839
F12(17x 17) | 0.9833| 0.9619| 0.9699

Sparse Online LS One-class SVM
F2(6x 6du) | 0.8840| 0.8077| 0.9245
F3(6x6dv) | 0.9435| 0.8886| 0.9515
F4(8 % 8) 0.9269| 0.8266| 0.9428
Fs5(12x 12) | 0.9510| 0.8223| 0.9501
F12(17x 17) | 0.9609| 0.9287| 0.9229

Table 5.3: AUC of abnormdrameevent detection results based foeamecovariance ma-
trix descriptor constructed by fiierent feature$- via least squares one-class SVM (LS-
OC-SVM) (Sectio®.2.]), online LS-OC-SVM Bectiok.2.2Section.2.4.), and sparse
online LS-OC-SVM Bectiok.2.3Section.2.4.9 of UMN dataset. The biggest value of
each method is shown in bold.

successful results in detecting abnormal events.
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Method Area under ROC
lawn | indoor | plaza

Social Forcellehran 2009 0.96

Optical Flow Mehran 2009 0.84

NN [Cong 201] 0.93

SRC [Cong 2011 0.995 | 0.975 | 0.964

STCOG Bhi 201Q 0.9362| 0.7759| 0.9661

LS-SVM (Ours) 0.9874| 0.9548| 0.9800

Online (Ours) 0.9874| 0.9619| 0.9839

Sparse Online(Ours) 0.9609| 0.9287| 0.9515

Table 5.4: The comparison of our proposedme covariance matrix descriptor, online
least squares one-class SVM (online LS-OC-SVM) and spanbreoleast squares one-
class SVM (sparse online LS-OC-SVM) based methods with téite-®f-the-art methods
for abnormalframeevent detection of UMN dataset.
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6.1 Contributions

Abnormal detection is a key component in intelligent vidaovsillance. In this thesis, our
contributions are summarized as follows. Firstly, we adwgiical flow as the basic move-
ment information, the block of the optical flow is construttes mid-level feature descrip-
tor. One-class support vector machines (OC-SVM) afteniegrone category of positive
samples (normal samples), yields a decision function feealimg abnormal frames. Sec-
ondly, histograms of optical flow orientation (HOFO) is pospd as a new feature descrip-
tor encoding the movement information. Thirdly, a covacematrix descriptor fusing the
optical flow information and the intensity is also proposeda input to the classification
algorithm. By adopting the integral image, the covarianae loe diciently computed at
a frame level or at blob level. Fourthly, as the abnormal at&ie is usually applied on a
long video sequence, two on-line abnormal detection metlaoel proposed. One is based
on the support vector data description (SVDD), with a ditity-based sparsification. Two
strategies are proposed to construct and update the dicgioAnother on-line abnormal
detection method, based on least squares one-class supptmt machine (LS-OC-SVM)
with a sparse formulation, is also proposed.

6.2 Perspectives

In crowded scenes, in one camera view, the people are opedapith others. It is dfi-
cult to detect people from the occluded group. This situatian be improved by multi-
cameras. By fusing the information from the multi-viewss fheople can be separated, if
the person could be captured by a camera. The camera dalibtathnology could be
used in this situation.

The object selection strategies for extracting the blolesilshalso be more robust. In
this thesis, we used the background subtraction methodhisutnethod is not very stable
under lighting changes and unstable cameras. Other fesglgetion strategies which does
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not depend on consequent frames, such as SIFT (scaleainvésature transform) feature
detection, should be tested and integrated to enhance tioerahl detection.

The feature descriptor can be improved by including the tadpnformation. In this
thesis, the optical flow encodes a type of temporal inforomelietween successive frames.
Other types of temporal features, such as 3-dimensiondgnetas and temporal-spatial
blocks, should be considered. Also, the semantic event Inoelgresenting the sub-events
and state event models representing the relationship aluhevents by directional graph
can be used to improve the discriminative capability of thecamal detector.

The abnormal event detection can be combined with other atanpision techniques,
such as single people action recognition, face detectimhtexture analysis. For instance,
if an abnormal event occurs, some people will be labeled adididually tracked. Also,
the faces can be detected and recognized, and the textire dbthes can be analyzed. In
other words, abnormal event detection could be considesedpse-processing step, other
procedures to find deeper information for surveillance afget post-deployed.

The voice information in the video sequence is also to beidered for abnormal event
detection. The sound should be fused with video to detectecmhnize events.

From a methodological side, advances in machine learnieagryhcould improve the
performance of video event detection. The kernel methadfelearning, sparse repre-
sentation and deep learning theories can be used to entienleatning and classification.
As the amount of video streams will continuously grow, bigada@search will be helpful
for dealing with video event detection problems.



APPENDIX A

Résume de These en Francais

Comme la demande de Ecole Doctorale de I'Université de Tdobie de Troyes, cette
appendice est un résumé substantiel en Francais de 20 a 86, gryr les mémoires
rédigés en Anglais.

A.1 Introduction

L'un des principaux domaines de recherche en vision pamnatelir est la surveillance
visuelle. Le défi scientifique dans ce domaine comprend la misceuvre de systémes
automatiques pour obtenir des informations détailléetestomportement des individus et
des groupes. En particulier, la détection de mouvementsranx de groupes d'individus
nécessite une analyse sophistiquée des images vidéo.

La détection d’événements anormaux, étudiée dans le cadecette thése, est basée
sur la conception d’'un descripteur caractérisant les i&ions de mouvement et la con-
ception de méthodes de classification non linéaire. Darie tedse, trois types de car-
actéristiques sont étudiés : flux optique global, les histmgnes des orientations du flux
optique (HOFO) et le descripteur de covariance (COV). Surase de ces descripteurs,
des algorithmes se basant sur les machines a vecteurs s(®pdf) mono-classe sont
utilisés pour détecter des événements anormaux. Enseitg stratégies en ligne de SVM
mono-classe ont été proposées pour une implémentationmgs teéel des algorithmes de
détection. La FigA.1 montre quelques exemples illustratifs des travaux qui smnés
dans le cadre de cette these.

A.2 Détection sur la base du flux optique et des histogrammes
d’orientation

Dans cette section, nous introduisons les descripteurassmbsur des caractéristiques de
flux optique, et sur les histogrammes des orientations dwfitigue (HOFO). La méthode
d’extraction de blob anormal dans une scene vidéo est a@éssteldans cette section.

A.2.1 Détection d’anormalies sur la base du flux optique

Comme l'action peut étre caractérisée par la directionaghplitude du mouvement de
I'objet dans la scéne, on utilise le flux optique pour ex&raies caractéristiques de bas
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(d) Anormale sceéne de la place (e) PETS (f) Scéne des deux personnes

Figure A.1: Des exemples des scénes normaux et anormauxto#s les personnes
se déplacent normalement dans un lieu public (jeux de dend&N). (b) Se déplacent
normalement dans une gare (jeux de données UMN). (c) Unempesse déplace d’'une
maniére anormale alors que toutes les autres personnes amduvement normal. (d,e,f)
Des scenes ou il y a des mouvements anormaux que ce Ssoit aw ruegroupe ou au
niveau des individus.

niveau. Le flux optique peut fournir des informations impates sur la disposition spatiale
des objets et le degré de changement de cette structuralsgidtirn 1981. Il s’agit de la
distribution de la vitesse apparente de déplacement deélesode brillance d’une image.
Horn et Schunck ont proposé un algorithme de calcul du fluiqopten introduisant une
contrainte globale de régularité. La méthode Horn-Schyit¥) combine un terme de
données avec un terme spatial. Le terme de données exmsit@fbrmations sur les
variations des caractéristiques de bas niveau de I'imade terme spatial pénalise les
disparités du champ du flux optique. Le flux optique est caleul minimisant I'énergie
globale fonctionnelle suivante:

E :ff[(lxu+ IV + [6)? + @2(VUll? + [|VV][?)] dxdy; (A1)

ou Iy,ly et Iy sont les dérivés de lintensité dimage le long xley et t, u et v sont les
composantes horizontale et verticale du flux optiquest le paramétre de régularisation.
Les équations de Lagrange sont utilisées pour minimisamletionnelle, ce qui donne :

Ix(Ixu+ Iy + ) —a@?au=0
(A.2)
ly(Ixu + IV + It) — a?Av =0,
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sous la contrainte que :

AU(X,Y) = TU(X,y) — u(x,y)
(A.3)

AV(X,Y) = V(X,Y) = V(X ),

ou U etV sont les moyennes pondérées ulet v calculées dans une zone autour de la
position du pixel. Le flux optique est calculée dans un schiéénatif tel que représenté
ci-dessous:

UL = g (LT 1V 1)
a?+F+17

(A.4)
Vel - K 1y (1T W+

212112
ac+lg+ly

bl

ou k désigne l'itération de I'algorithme. Un seul pas de temp&agoés de telle sorte que
les calculs sont basés sur seulement deux images sucesessive

Dans la suite, nous décrivons le systéme global proposéditecter des événements
anormaux en se basant sur le flux optique. Supposons queafasdtiy, I,..., I} sont
considérés comme des événements normaux. Dans le probéedettion d’anomalies,
il est supposé que les données d’une seule classe, la clzsteep(ou la scéne normale),
sont disponibles. Le cadre du SVM mono-classe est alorsduieptée a la spécificité de ce
probléme de détection d’événement normaux ou seuls les#dras de scénes normaux
sont disponibles. L'architecture générale de la méthodaédiection est présentée dans la
Fig.A.2.

Ci-dessous, on décrit les principales étapes de I'algostproposé:

Etape 1: La premiére étape consiste a calculer les caractéristidaeffux optique
d'image a échelle de gris a. Chaque image est traitée via-Hohanck (HS) pour obtenir
les caractéristigues en mouvement a chaque pixel. Cetie p&ut °tre présentée comme
suit:

Ui lon. 10} 2 (OPL. OPy.....OP,). (A.5)
ou {l4, l»,..., I} sont les images originales gDP;, OP,,..., 0Py} sont le flux optique

correspondant.

Etape 2: La procédure SVM mono-classe est utilisée pour classercleanéillons de
caractéristiques de images vidéo entrants. Trois stestégint proposées pour I'obtention
des caractéristiques de I'image. L'image d’esquisse poehbix des caractéristiques est
représenté dans Fig.3.

Méthode 1:1l s'agit de prendre le flux optigue au niveau de chaque pigelichage
sous forme d’échantillons de caractéristiques, comme lemada FigA.3(a). La séquence
vidéo dans notre travail est étiquetée comme étant normahotmal . Ces étiquettes sont
utilisées pour I'évaluation des performances. Les dondésgrée pour les SVM mono-
classe sont extraites des images normaux. Ceci consistndrprle flux optiquedP, j
comme fonctiorF; jx pour (, j)-th pixel sur le cadré&. Pour chaque point de coordonnées
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Features selection Classification
on original image
learning step (offline): feature
ical-fl b
opticel-flow SVM Train:
\ 4 F=x,%. %1 (online training)
\ PNt B %]
M -\ P . people walk
e v L EA
detection step (online): feature
optical-flow i one-class SVM abnormal event
4 F=6,% %] detection:
Y A/ N A EAx.)
v H/ , people run
e Ege)
/ e - - Origin

Figure A.2: Architecture du systeme global de détectiomaiaalies se basant sur le flux
optique et I'algorithme SVM mono-classe.

cartésiennesi,(j) desn images d’entrée, nous pouvons obtenir la formation édangi
Fij1.n, N> 1, puis calculer les vecteurs de support. Sur la base desuwedle support,
les échantillons entrants; jn.1_m a coordonneri(j) sont détectés. Pour I'ensemble de
l'image, les événements anormaux sont détectés pixel pal. pi

Méthode 2:1l sj agit de prendre le flux optique de tous les points darole des
échantillons. Dans cette stratégie, I'image est segmaméalusieurs blocs, comme le
montre la FigA.3(b), 'image est divisée en blocs ¢ex g, p est le nombre de blocs a la
verticale (hauteur) e est le nombre de blocs a 'horizontale de I'image. La hautkur
bloc esth pixels, la longueur du bloc est pixels, il y a des pointd x w dans le bloc. La
fonctionnalité de bloc airth ligne et de la colonng-th dans le cadre de-th est a noter
queFE'ﬁfk. Pour chaque bloc, la fonctidfP'°%k est organisée par le flux optique de tous les
points de la formgOP,, OP,, OPs, - - - , OP}. Pour les flux vidéo, prendre les fonctions
de bloc a des images normaux que les échantillons de fonmadior les SVM une classe,
puis des événements anormaux sont détectés block-by:-block

Méthode 3:L'image est également divisée en blocs, mais les échamilgont tous
les blocs de I'image d’éntrée, comme illustré sur la &ig(c). D’'une maniére similaire
a la Méthode 2 nous décomposons l'image ¢nx g blocs, la taille de chaque bloc es-
t hx w. A limage dek, I'échantillon caractéristique de tous les blocs de ce eadt
(FRlosk FRIoek .., Fgfgfkk}, un vecteur de dimensiomp(x g x k) x (h x w). Pour obtenir
les données de formation a I'image normale de l+ei@me, un vecteur de dimension

(pxgxk)x(hxw). Pour la détection, I'échantillon d’essai est la carasti&ue d’un bloc.
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(a) Pixel par pixel (b) Bloc par bloc (c) Bloc par bloc

Figure A.3: Trois stratégies pour choisir les caractéyigts de flux optique. (a) Choisir les
caractéristiques pixels par pixel. (b) Choisir les cangti§ues bloc-par-bloc. (c) Choisir
tous les blocs dans le cadre de I'échantillon d’apprergissat test en bloc.

A.2.2 Extraction et détection de blob anormaux

Dans le cas d'une caméra fixe, la segmentation d’objet en emenrt grace a des méth-
odes de soustraction de fond. Cependant, I'extraction desbést peufécace a cause
de chevauchements éventuels de plusieurs objets en montvelares la scéne. Comme
le montre la FigA.4(a), la personne a l'intérieur du premier rectangle estaudfiie avec
une personne voisine. Comme les mouvements de ces persamehférents, nous pro-
posons, dans cette thése une méthode pour améliorer taatrales blobs en se basant sur
le flux optique. La méthode est résumée dans I'algorithmeillustrée dans la Fid\.4(c).

‘

(b) (©

Figure A.4: Les blobs avant et apres la méthode d’extragifoposé. (a) 2 blobs extraits
sur la base du gabarit de premier plan. (b) 3 blobs extraittapaéthode d’extraction de
blob proposé, qui est basé sur le modele de premier plan etxdagtique. (¢) L'image du
flux optique de la Fig.(a)(b).

On présente, dans la suite, les détails de la méthode pmposé I'extraction de blobs
en exploitant le flux optique.

Etape 1: La premiére étape consiste a I'étiquetage des composamesxes d’une
image de premier plan binaire. Représen% pour le blob d&k-th a I'image de premier
plan. Comme il ya généralement des occlusions des genainseréctangles contiennent
plusieurs objets. Comme le montre la B{@), le 1-er rectangle comprend deux personnes.

Etape 2: La deuxiéme étape est I'étiquetage des blobs en fonctionuauofitique.

Si la taille du blob de premier plan est plus grand qu’un seeipré-réglagdyp, le flux
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Algorithm 3 Extraction de Blob.
Require:
Image de premier plaRG, flux optiqueOP
1: Etiquter les blobs darsG, le blob & 'image de premier plﬁG est obtient.
2: if Taille de blob &G > seuil de préréglagéy, then
3:  Le flux optiquel op dans le blob est pris en compte.
4:  Les flux optiques avec des amplitudes et des directionsaesl sont regroupés.
5. Supprimer groupe de redondance par NMS algorithme, B[gf_best obtient. La
régionBgrm = Brg — Bop restante.
6:  TraverseBry par un rectangle référence de taille prédéfinie. NMS algaorét per-
met de choisir le bIokIB‘RM du blob enregistr&gy.
7. Remplacer blotBt  par blobBl, + Bl,,,.
8: Les blobs de I'image sont extraits.

optiqgue dans ce domaine est pris en compte péiumes I'extraction de blob. Ty, est
réglé par rapport a la scéne. Dans la scéne du centre comainéadaille de I'image est
240x% 320, Ty, est fixée a 56 100. Comme I'action de la population peut étre représentée
par la direction et et I'amplitude du mouvement, le flux opégest choisi comme étant la
description de scene. L'algorithme de flux optique introghair Sunet al. [Sun 2010 est
utilisé dans notre travail. Il s’agit d’'une méthode modiféla formulation de Horn et
Schunck Horn 1981 permettant une plus grande précision en utilisant desspsatbn la
distance spatiale, la luminosité, I'état de I'occlusionlaemédiane de filtrage.

Etape 3: La troisiéme étape consiste a appliquer la suppressiommaimale (NMS)
algorithme Neubeck 200ppour sélectionner le bIolBiOP. La somme des directions de
tous les pixels de la blob est utilisée comme le poids des NMS.

Etape 4: La quatriéme étape est I'étiquetage de la rédap restante, qui est dans le
Brg sauf IeB‘OP. Ceci consiste a traverser la région restante par un rdetagigrence de
taille prédéfinie, avec la méme taille qu'&tape 2 Lalgorithme NMS permet de choisir
le blob BL,, du blob enregistréBL,,,}.

Le blob pIanB';G estremplacé par le bI(ﬁ'OP et la partie restante bl®‘§M. Commele
montre la FigA.4, le rectangle 1-er dans Fig4(a) est divisé en 3-eme et 4-eéme rectangle
en FigA.4(b).

A.2.3 Détection d’anomalies avec les histogrammes d’ori¢ation du flux op-
tique

Afin de coder les informations de mouvement dans un frameimadie, nous avons con-
sidéré des histogrammes de I'orientation des flux optiquesweau de plusieurs blocs qu
parcourent toute I'image avec un chevauchement de plisspExels. Ensuite, aprés nor-
malisation, ces histogrammes sont concaténés pour foemeaxckeur descripteur HOFO.
La FigA.5 illustre le calcul du descripteur HOFO de I'image originakede I'image de
premier plan. Chaque bloc est divisé en cellules ou I'histogne des orientations du flux
optique est calculé.



A.2. Détection sur la base du flux optique et des histogrammesgorientation 113

Les procédures du calcul de HOFO dans le frame d’origines(samstraction de fonds)
et dans le I'image de premier plan sont similaires. Le dptaur HOFO est calculé a
chaque bloc, puis accumulé dans un vecteur global noté¢idarie, pour le cadre dé.
Fig.A.6 et FigA.7 montre le calcul de HOFO. Les flux optique horizontale etival® (U et
v champs) sont répartis en 9 intervalles d’'orientation, sunarizon de 8-360°. Le HOFO
est calculé avec une proportion de recouvrement fixé a 50%uaeliocs contigus.

Un bloc contienb” x b" cells dec x ¢ pixels, oub" etb” sont les nombre de cellules
dans la directiory et x , respectivement, en coordonnées cartésiertiesst la hauteur
de la cellule et” est la largeur de la cellule. L'analyse des blocs de HOFOaotoia-
ment locales permet de considérer le comportement danglie aaondial. En d’autres
termes, la concaténation de cellules HOFO nous permet délised!’interaction entre
les mouvements des blocs locaux.

consecutive frame

frame;

RW i FEREN

optical flow field

histograms of the
optical flow orientation

| \\l \ T on the original image
\):v\/\:i { the original imag

on the foreground image

<block,

Icell

optical flow on the foreground pixels

Y
Yy
Ly Xy

Figure A.5: Histogrammes des orientations de flux optiqu@KB) de la cadre d’origine,
et de la cadre de premier plan obtenu apres I'applicatio deustraction du fond.

Supposons qu’un ensemble de bI({)Brg} de 'ensemble de limagé ™"}, 1< i <
("™ +n"Y),1 < Y < m décrivant la formation (normal) et de tester le comportemen
de blob (normal et anormal) de la scéne donnée est dispomBleest le nombre des
cadres de formatiom'st est le nombre de cadres de test,est le nombre de blobs dans
la cardei, nY est I'indice du bIob,Bim{ est lem’ blob dans la carde Le comportement du
blob anormal est défini comme un événement qui s'écarte dsediable des événements
des blobs normaux. Larchitecture générale de la détect&hlobs anormaux par SVM
mono-classe est expliquée ci-dessous.

Etape 1: La premiére étape consiste a calculer les caractéristidaeffux optique
d’'une image a échelle de gris.
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frame k
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Figure A.6: Histogrammes d’orientation de flux optique (HQ)Fle calcul de l& cadre.
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Figure A.7: Histogrammes de flux optique orientations (HQE&lcul de la blob en l&
cadre.

(11,12, o, Lo yrist) (A.6)
— {(FG1, OPy), . ..., (FGmyrist, OPpim pyst)} (A7)
— {(BL, ... B"), .., (Bl st - - - Bt (A.8)
— {(OPL,...,OP}"),(OP},...,OP?), .., (OPkn, st - -, OP iy} (AL9)

ou |; est le cadre dg (FG;j, OP,) sont I'image de premier plan et flux optique de la cadre
i, (B!, B2...,B"} sont les 1 aun blobs dans le cadre dem est le nombre des blobs,
{OPil, e, OPim} sont le flux optique correspondant des blobs.

Etape 2: La deuxiéme étape est le calcul de la fonction de matrice daremce des
blobs.
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{(OPLBL,...,OP™, BM™),..., (OP%y, « BY , QP gy}

ntrnntsts =« + ntrn ntrgntst

— {(HOFO},....HOFQM). ..., (HOFOhn, st - - - - HOF Qi)

n

(A.10)

ou {HOFO,l, s HOFO{“} sont les matrices de covariance descripteur corresponigant
blobs dans le cadre de

Etape 3: La troisiéme étape est I'application SVM une classe sur Esciipteurs
extraits de la formation des taches normaux pour obtenirdeteurs de support.

{((HOFOL...HOFQM™),...,(HOFQY, ... HOFO ™)
(A.11)
S support vectofS p, S p, ..., S p},

oU{(HOFOL...HOFQ),...,(HOFOL, ... HOFO ")} sont les descripteurs de HOFO
des blobs.

Etape 4: Sur la base des vecteurs de support obtenus a partir desdaidbamation,
un échantillon de blob entrahtOFOIm{ est classé.

(o]

f(HOFO) = sgn(}  aix(S p. HOFQ") - p) (A.12)
i=1

[ it fHoFd) > 0

{—1 if f(HOFQ") <0, (A.13)
ou HOFOlm{ est le descripteur de la HOFO du blot dans le cadré “1” correspond a la
tache normale, “-1" correspond a la tache anormale.

Pour la détection des événements anormaux, la conditicalgmé d’'un événement
peut étre défini comme normal ou anormal, c’est qu'il se pitquendant plusieurs cadres
consécutifs. En d'autres termes, I'événement normal ounaalon’est pas ponctuel. Sur
cette base, la courte séquence d’événements anormaux Qubcigt par intermittence
a quelques images de la séquence vidéo normale pourrainétdiée a I'état normal.
De méme, les événements cadres normaux qui sont détectés lpdongue séquence
d'images anormaux pourraient étre modifiés pour anormal. sélnil N du nombre de
cadres d’'image est prédéfinie, le post traitement des aésuale la détection est illustré sur
la FigA.8. Sile nombre d’états anormaux (résultats négatifs prégépasse le seull
dans les états normaux (résultats positifs prévus), psiétiguettes de prédiction normaux
sont convertis en anormal.

A.3 Algorithmes de détection en ligne a base de SVM mono-
classe

Avant de présenter nos contributions dans les aspectsthlpajues de détection en ligne,
on introduit dans la suite le descripteur de covariance gquingt de fusionner plusieurs
caractéristiques locales de |j image dj une marfiicece.
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abnormal normal

otherwise otherwise

number(+1) > N frames

Figure A.8: Modéle de transition d’étall est le seuil prédéterminé pour ajuster le résultat
de détection.

La matrice de covariance est proposée par O. Tukatdl 2006 pour décrire blob
caractéristiques d'image de gris ou couleur. Il a été étiisec succes dans le probléme
de détection d'objetTuzel 2007 Tuzel 2008, le probléme de la reconnaissance de visage
[Pang 2008 et le probléeme de cheminemerRdrikli 20064. Le descripteur de covari-
ance est robuste contre le bruit, les distorsions d'égjairat la rotation Porikli 20064.
Nous proposons de construire la matrice de covariance eassnbsur le flux optique
et I'intensité de mouvement pour coder des caractérisiguia fois d’'une blob et d’'une
image globale. Le descripteur de covariance est calculéantigue:

F(Xv Y, f) = ¢f(| ) X, y)’ (A14)

oul est une image (qui peut étre gris, rouge-vert-bleu (RVR)) g est unWxH xd fonc-
tion dimensions de I'imagk W est la largeur de I'imagé est la hauteur de I'imagé,est

le nombre de fonctions utiliséeg, est une application concernant I'image avec la fonc-
tion de¢ de I'imagel. Pour une région donnderectangulaire, les points caractéristiques
peuvent étre représentés comdre d matrice de covariance :

Cr=—2 ;czk (- 1) (A.15)

ou u est la moyenne des pointSy est la matrice de covariance de la fonctlonzg est le
vecteur d’élements de pix&) n, pixels sont choisis. Les éléments diagonaux de la matrice
de covariance représentent la variance de chaque castqiéei les entrées de la matrice
de repos indiquent la relation entre des caractéristiqifésrehtes. LeCr de covariance
d’une région donné® ne dispose pas d'information concernant l'ordre et le nend®
points.

Basé sur le flux optique et l'intensité, 13 vecteurs de caretiques diérentesk
indiquées dans le Tabk.1 sont proposés pour construire le descripteur de covaridnce
est I intensité de I'image gris, le flux optique est obtenymaétir de I'image grisu est le
flux optique horizontaley est le débit optique verticaly, uy, vy etly, Uy vy, sont les dérives
premiers de l'intensité, le flux horizontal optique et flotigpe vertical dans la direction
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x et la directiony; Iy, Uxx, Vxx €t lyy, Uy, Vyy sont les dérivees secondes des fonctions
correspondantes dans la directioet la directiony; Iy, Uxy €tvyy Sont les dérivées secondes
dans la directiory des dérivées premiéres dans la directiales fonctions correspondantes.
Fig.A.9illustre la fonction de matrice de covariance des blobsy flblob dek dans cadre

B:‘, fonction de la matrice de covariance é,#t Le flux optiqgue montre l'information inter-
cadre, il décrit les informations de mouvement. Linte@gitontre I'information intra-
cadre, il encode les informations de I'apparence. Si laecadtiére est prise comme une

grosse blob, la matrice de covariance descripteurcdere esC;.

Feature Vector F

flux Fi(4x 4) [y xuv]
optique | F»(6 x 6) [y Xxu vy ]
F3(6 x 6) [y xuvyw]
F4(8 x 8) [y X UV U Uy Ve W]
F5(12x12) | [y XUV Y Uy Vy Vy Uxy Uy Vx Vip]
Fe(14x 14) | [y X UV Y Uy Vy Vy Uxy Uy Vx Vyy Uxy Viy]
flux F7(5x5) [y xuvl
optique | Fg(9x9) [y XUV U Uy vy vy 1]
et Fo(13x 13) | [y X UV Y Uy Vyx Vy Uy Uyy Vxx Vyy 1]
intensité | F1g(15x 15) | [y X UV Y Uy Vx Vy Uxy Uyy Vyx Vyy Uxy Vyy 1]
F11(11x11) | [y Xu vy Uy vy vy | Iy 1y]
F1o(17x 17) | [y XUV Y Uy Ve Vy Ugy Uy Vix Vyy | Ty Ty T Tyy]
F13(20x 20) | [y X UV Y Uy Vy Vy Uy Uyy Vix Viyy Uxy Vg | T Ty Ty lyy Ty

Table A.1: Caractéristiquds utilisée pour former les matrices de covariance.

consecutive frame with blobs

optical flow on the foreground pixels OB

W features
4 Flx.p.))
> gy f > — k
1,@ j=12,..,n blob;
RN

Figure A.9: Calcul du descripteur matrice de covariance\(C@ la blob.

La matrice de covariance est un élément d'un groupe deG.ieu la mesure de la

distance de deux éléments est définie par:
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d(X1, X2) =l log(X ;1 X2)II, (A.16)

'Y gk (A17)

i=1 j=1

with ||A|| =

ou|| - || est la norme de Frobeniua;; est un élément de la matricé, X; et X; sont les
matrices dans un groupe de & Ainsi, le noyau gaussien dans un groupe deGiest:

Il log (X1 X))l
202
En utilisant la formule Baker Campbell HausfidHall 2003 séparé dans la théorie
de groupe de Lie, le noyau est:

K(Xi,Xj) = exp(— ), (Xi,Xj) e GxG. (A.18)

lIlog(Xi) — log(X)II?

k(Xi, Xj) = expt- = ), (Xi, Xj) e GXG, (A.19)
IXi = X2
k(Xi, Xj) = eXp(—T), (A.20)

ou'X; est le vecteur construit par des éléments de la triangusajpérieure et les éléments
diagonaux de la matrice de |¥J).

Pour construire un élément descripteur plus représesmtadiscriminatoire, hous nous
sommes séparés de chaque framareparties. La stratégie multi-noyau de notre de-
scripteur de matrice de covariance est définie paujmir 2012a Rakotomamonjy 2008
Chen 201}

K(Xi, Xj) = > psrs(%, X)). (A.21)
s=1

Eq.(A.21) est un noyau constitué da noyaux de base. Parce que chaque noyau de
base remplit la Mercer condition, leur somme est aussi uaunaiéfinie semi-positive en
vertu de I'état deis non-négatifs. Dans cette expression, le noyau gaussiad@sté avec:

o % = Xl
KS(Xi, Xj) = eXp(—? (A22)
g
Les noyauxs, s = 1,--- ,msont des gaussiennes. Chaque veckede I'échantillon

se compose dm parties K1, Xo, ..., Xm]. Cette stratégie de noyau est similaire a la frame
d’un filtrage en utilisant un masque. Par exemple, une frashdigisée en quatre parties,
comme le montre dans la F&g10. Sis = 1, la partie gauche vers le haut de I'image est
sélectionnée. Nous présélectionner le pgidsaccording a la caractéristique de I'image
pour régler I'importance de chaque sous-image. Dans leesoéérieure, dans les images
normaux et les images anormaux, il n'y a personne dans laémuipérieure de I'image.
Ainsi, nous avons mis em > = 0.1, u34 = 0.4 & réduire 'importance de la sous-image ou
s=1ets= 2. Dans ce cas, le noyau résultant appartient a I'enveloppeege des quatre
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() Image (b)ys=1 (c)s=2 (ds=3 (e)S=4

Figure A.10: Filtrer 'image par le masque pour sélectionnee sous-image. (a) Une
image original de la scéne intérieure. @)= 1, u; = 0.1, la partie gauche supérieure
de I'image est sélectionné. (8§ = 2, u» = 0.1, la partie supérieure droite. (&) = 3,
uz = 0.4, la partie gauche inférieure. (8)= 4, us = 0.4, la partie inférieure droite.

noyaux considérés. En considérant cette combinaison,yieun@sultant exécute chaque
ks du noyau individuellement.

Dans les problémes de détection d’événements anormaw@gHastillons d’apprentissage
peuvent durer une longue période de temps. L'algorithme SgtMyénéralement appliqué
en batch, c’est a dire, ou toutes les données de formationdemmés a priori. Si des
données de formation supplémentaires arrivent apres, & &t étre recalculé. Dans le
probléme de la détection des événements anormaux pouwnkilaunce vidéo, la séquence
normale pour la formation peut durer pendant une longue@érill est impossible de for-
mer la grande série d'échantillons normaux. En outre, sinanwelle donnée est ajoutée a
un grand ensemble, il n’aura probablement qu’tietaminime sur la surface de la décision
précédente. Compte tenu de ces deux aspects, la stratdgieepst adoptée dans notre
travail pour s’adapter aux exigences de calcul et de mémaoire

A.3.1 Détection anormale en ligne via le soutien vecteur deedcription de
données

La méthode de description de données de vecteurs de supp@D) calcule une forme de
sphere décision frontiere avec le volume minimal autoun &nsemble d'objets. Le centre
de la sphére et rayonR sont a déterminer par I'intermédiaire du probléme d’optettion
suivant:

n
in RR+C) & A.23
min R+ i;f., (A.23)
subject to: [|®(z;) — cl> < RP+ &, & > 0,Vi, (A.24)

ou n est le nombre d’échantillons de formatiaf.est une variable utilisée pour pénaliser
les valeurs aberrantes. Le hyperparamé&trest le poids pour retenir variables d’écart, il
regle le nombre de valeurs aberrantes acceptables. Ladomain-linéaire® : X — H
cartographie ux; de référence dans dans la fonction esphGel permet de résoudre un
probléme de classification non linéaire par la conceptiam @lassificateur linéaire dans
I'espace des fonctions{. « est la fonction du noyau de calcul de produits scalaires dans
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H, k(xz, ") = (O(x), ®(x’)). Enintroduisant des multiplicateurs de Lagrange, le gnoigl
dual (A.24) est écrit par le probléme d’optimisation quadratique awiig:

n n
maax Z aijk(xi, i) — Z aiajk(:ci, ar:j), (A.25)
i=1 ij=1
n n
subjectto: 0<aj <C, Y ai=1 c= ) ai®(x). (A.26)
i=1 i=1

La fonction de décision est:

n n
f(@) = sgnR - > aierji(mi, ) + 2 ) aik(@i, x) - K(x, T)). (A.27)
ij=1 i=1

Pour les grandes données de formation, la solution ne peutlétenue facilement, une
stratégie en ligne pour former les données est utiliséematns travail. Laissezy désigne
un modele rare du centeg = % ", ®(z;) I'aide d’'un petit sous-ensemble d’échantillons
disponibles qui appelle dictionnaire:

co = ) aid(i), (A.28)
i€®
oud c{l,2,...,n}, etlaissedNy désigne le cardinal de ce sous-ensemble
La distance d'un tracé de référen®éx) par rapport au centrep peut étre calculée
par:

10(2) - coll = ' aia) k(@i z)) -2 ai k(i x) + Kz, T). (A.29)
i,je® =0
Une modification de la formulation initiale de I'algorithrde classification une classe con-
siste a minimiser I'erreur d’approximatidie, — co|| est Noumir 2012¢ Noumir 20126:

13 5
= =N o) - ), ai®@)l”. A.
a argmrpelgllnél (i) é@a. (@il (A.30)
La solution finale est donnée par:

o =Kk, (A.31)

ou K est la matrice de Gram avec j)-ieme entrég(x;, ), et~ est le vecteur de colonne
dont les entréeg Y k(zk, xi), k € D.

Dans le schéma en ligne, a chaque pas de temps, il y a un nahasitélon. Lais-
seza, désigne les cdicients, K, représentent la matrice de Gramggtreprésentent le
vecteur, au moment de I'étape Un critere est utilisé pour déterminer si le nouvel éctanti
lon peut étre inclus dans le dictionnaire. Un sgyiest prédéfini, pour la; de référence au
tempst, le critére de base de la cohérence sparsificatiorHestdine 2012Richard 2009

et = max |k(zt, zw)l, (A.32)
€D
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Premier cas: & > ug

Dans ce cas, la nouvelle donn@ér,, ;) est incluse dans le dictionnaif

1
Kn+l = m(nﬂn + b) (A33)

n 1
_ -1 _ -1
angy = K S Kn = — 1an + — 1Kn

(A.34)

ou b est le vecteur de colonne dont les entré@s, xn.1).
Deuxiéme case; < uo

Dans ce cas, la nouvelle donf€x,, 1) est inclus dans le dictionnaire. La matrice
de GramK change:

Kn b
Kni = . A.35
i [bT K(Tni1, fcn+1)] ( )
En utilisant la matrice d’identité de Woodbury:
-1
(A+Ucv)t=AT-ATU(CT+VATU) VAT (A.36)
K. peut étre calculée de maniére itérative:
-1 1 _ -1
K= [Kg 0] + X [ Ko b] x[-bTK;Y 1. (A37)
0 0 K(Zne1, Tne1) — bTKﬁlb 1
Le vecteurkn, 1 €st mis a jour a partir dep,
1 |nkp+b
= , A.38
Kn+l T 1 ( )
n+1
avec Kn+l = Z K($n+l, ZB|) (A39)
i=1
s =L [0+ K;'
"l ThEl 0
= (A.40)
(N + 1) ((Tn+1, Tne1) — bTKalb) .
K;'b

X

1 ] (anan + bTKrle - Kn+1) .

Dans un probléme de détection d’événements anormaux, duggiosé qu’une série
de frames de formatiofi4, ..., I} (la classe positive) décrivant le comportement normal
est obtenu. Les architectures générales de détection alesmnt introduites ci-dessous.
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Nous proposons deux stratégies de détection anormauxiéeetiice entre ces deux straté-
gies est le temps lorsque le dictionnaire est fixe. Ces deakégies sont représentées
sur la FigA.11(b) et (c). Stratégie 1 est représentée sur la FAgll(b). Les données
d’apprentissage sont tirés un par un. Lorsque la périodeodeation est terminée, le
dictionnaire et le classificateur sont fixés. Chaque doneéest est classée selon le dic-
tionnaire. FigA.11(c) illustratesStratégie 2 La procédure de formation est aussi la méme
gue laStratégie 1 Mais dans la période d'essai, le dictionnaire est mis agolar donnée

X satisfait a la condition de mise a jour du dictionnaire.

n Train data

m n—m Test online

offline

(a) Stratégie filine

nTrain data  —— Dictionary fixed

m n—m Test online

offline online
(b) Stratégie 1

n Train data Dictionary fixed

m n—m Test online

offline Train and test online
(c) Stratégie 2

Figure A.11: Hors ligne et deux stratégies de détectionéiéments anormaux en ligne
basés sur la description des données de vecteur de suppigneSVDD). (a) Stratégie
hors ligne. Les données sont tirées de formation comme wiligme de lot. (b) Stratégie
1. Le dictionnaire est fixé quand toutes les données d'emma@nt sont apprises. (c)
Stratégie 2. Le dictionnaire continue a étre mis a jour penldapériode d’'essai.

A.3.2 Détection anormale en ligne par des moindres carrés ¥ mono-classe

Nous proposons une nouvelle méthode de classification ea pigr moindres carrés (LS-
OC-SVM). Le LS-OC-SVM extrait un hyperplan comme une dgsirn optimale des ob-
jets de formation dans un sens des moindres carrés régslatia ligne LS-OC-SVM ap-
prend tout d’abord a partir d’'un ensemble d’apprentissage k& nombre limite d’échantillons
a fournir un modele normal de base, puis met a jour le modélaviers les données
restantes. Dans le schéma en ligne, la complexité du moset®mmandée par le critere
de cohérence. Et puis, la ligne LS-OC-SVM est adoptée paitetrle probléme de la
détection d’événements anormaux.
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A.3.2.1 SVM mono-classe moindres carrés

LS-OC-SVM extrait un hyperplan comme une description opténdes objets de formation
dans un sens des moindres carrés régularisés. Il peut étreodome la fonction objective
qui suit:

1 1 &

: 2 2
min =||lw||* - -C :
min Slkwl® -p+ 3 215,

(A.41)
sujet a: (w, O(xi)) = p — &.
Le Lagrange associé est:
l C n n
L= Sl —p+ = > & = ) ai(w o) —p+ &). (A.42)
i=1 i=1
En dérivant par rapport aux variables primales :
oL -
Go=0  Sw= .; aid(zi), (A.43)
aL
— =0 :}C-:a-, A.44
5 § = (A.44)
oL 5
_— = 0 = a; = 1’ A45
% .; i (A.45)
oL .
— =0 s>w Oxj)+&-p=0. (A.46)
oa;
On a:
n i
> @7 ()b()) + EI —p=0. (A.47)
ij=1
K+% 1][a] [0
C _
)b
L'hyperplan est alors décrit par:
n
f(x) = > aik(xi, ) - p =0, (A.49)
i=1

La distancedis(x), d’'une donnéeg, par rapport a I’hyperplan est calculée par:

If(z)  I(ZL; eik(@i, ) - p)l
llall [le]]

dis(z) = (A.50)
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A.3.2.2 Enligne des moindres carrés SVM mono-classe

Dans un régime d'apprentissage en ligne, les données datiomarrivent en perma-

nence. Nous devons donc accorder hyper paramétres dameimifoobjective et la classe

de I'hypothése d’'une maniére en lignei¢hl 2003. Laisseza,, Ky et I, désignent le

codficient, matrice de Gram et la matrice d'identité a I'étapeegefs,n, respectivement.

Les parametres de LS-OC-SVM| - pn] " a I'étape de temps), peuvent étre calculés
Ko+ L& 1n]‘1 [0]

comme suit;
(0 79 _

Afin de procéder, rappeler la matrice inverse identité pearrhatricesA, B, C et D de
dimensions adaptéedipneine 2012

A Bl

C D|
La matrice, K, a chargement diagona{e peut étre calculée de fagon récursive par rapport
au temps de I'étape par:

(A.51)

x(D-CA'B)tx[-CA 1] (A.52)

Al 0 . -A1B
0 O 1

Koo T2 (A53)
n+1 C .
[ Bt & | Kna N (A.54)
Kn+l ‘ Kny1t+ & '
[+ Z) 0], 1
0; 0 (Kn+l + %) — Kn+1 (Kn + %)_l Kn+l
(K + 1) -1
(Kn f) Kl [—%1 (K + ) 1], (A.55)

ol kn,1 €st le vecteur colonne aveeieme entryk(xj,xni1), i € {1,2,...,n}, et

Kn+1 = K(Tni1, Tne1)-

A.3.2.3 Sparse en ligne LS-OC-SVM

Nous approchons avec ces éléments de dictioniaire

D
w = Bid(xy,). (A.56)
=1

L'hyperplan devient:

D
f(@) = > Bik(@, zw) - p = 0. (A.57)
=1
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La distancedisy(x), devient:

| 2 Bix(@, 2) — pl

disp(x) = Tl , (A.58)
La fonction de Lagrange est:
1 C n n D
L=58"KeB~p+ 5 ) &= ) ai() Bi® (ww)P(@) +&~p).  (A59)
i=1 i=1  j=1

En annulant les dérivées de la fonction de Lagraig89) par rapport aux variables pri-
maires,

oL
a5 -0 —KeB= Kp(@)a, (A.60)
oL
o -0 D Ci=a (A.61)
aL :
» -0 7 ; @i =1, (A.62)
oL D
oa; o = ;ﬂj"‘(fcwj,mi) +&-p=0 (A.63)
On a:
Ko(@)KKI(x)+L 1][a] [0
e R

Premier cas &; > ug

Dans ce cas, au moment de I'étape 1, les nouvelles données,,;, n'est pas in-
clus dans le dictionnaire. La matrice de Grakip, avec les entrées(xi, xj), i,] €
{1,2,...,D}, estinchangée. Quand un nouvel échantillenarrive, nous devons calculer:

-1
_ [Kg(:c)K;K;(m) +% Ko@) Kk

/-@TKilK;(a:) mTKilm + é
(A.65)

-1
[[Kj@] K Ko@) |+ L

Deuxiéme case; < ug

Dans ce cas, les nouvelles donnégs.;, est ajouté dans le dictionnairey. Ensuite,
la matrice de Gram doit étre changé par:

— [Ke d
|15 1] 6
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Aprés quelgues manipulations algébriques, nous avons:

—1 [KZ1+A b

Ky = [ BT C], (A.67)
ou:
6= — 1 (A.68)
d-d K 'd
A= cKildd" K, (A.69)
b= -cKj'd. (A.70)
SoitS la mise & joul Kp(x) K K ) (x) + é]_l nous avons alors:
-1
. T I

S :[[Kg(m) q Ko [K:;T(m) + E] (A.71)

=[Ko (@)K ' Ko(z)" + é + Ko (z)AK L (z)+
gb" K{(z) + Ko(x)bqg' + cqq' L. (A.72)
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Algorithmes d’apprentissage mono-
classe pour la détection d'anomalies
dans les flux vidéo

La vidéosurveillance représente I'un des domaines
de recherche privilégiés en vision par ordinateur. Le
défi scientifique dans ce domaine comprend la mise
en ceuvre de systemes automatiques pour obtenir
des informations détaillées sur le comportement des
individus et des groupes. En particulier, la détection
de mouvements anormaux de groupes d’individus
nécessite une analyse fine des frames du flux vidéo.
Dans le cadre de cette thése, la détection de
mouvements anormaux est basée sur la conception
d’'un descripteur d’image efficace ainsi que des
méthodes de classification non linéaires. Nous
proposons trois caractéristiques pour construire le
descripteur de mouvement : (i) le flux optique global,
(ii) les histogrammes de I'orientation du flux optique
(HOFO) et (iii) le descripteur de covariance (COV)
fusionnant le flux optiqgue et d’autres
caractéristiques spatiales de I'image. Sur la base de
ces descripteurs, des algorithmes de machine
learning (machines a vecteurs de support (SVM))
mono-classe sont utilisés pour détecter des
événements anormaux. Deux stratégies en ligne de
SVM mono-classe sont proposées : la premiéere est
basée sur le SVDD (online SVDD) et la deuxiéme est
basée sur une version « moindres carrés » des
algorithmes SVM (online LS-0C-SVM).

Mots clés : détection du signal - analyse multivariée
- machines a vecteurs support - analyse de
covariance.

Abnormal Detection in Video Streams
via One-class Learning Methods

One of the major research areas in computer vision
is visual surveillance. The scientific challenge in this
area includes the implementation of automatic
systems for obtaining detailed information about the
behavior of individuals and groups. Particularly,
detection of abnormal individual movements
requires sophisticated image analysis. This thesis
focuses on the problem of the abnormal events
detection, including feature descriptor design
characterizing the movement information and one-
class kernel-based classification methods. In this
thesis, three different image features have been
proposed: (i) global optical flow features, (ii)
histograms of optical flow orientations (HOFO)
descriptor and (iii) covariance matrix (COV)
descriptor. Based on these proposed descriptors,
one-class support vector machines (SVM) are
proposed in order to detect abnormal events. Two
online strategies of one-class SVM are proposed:
The first strategy is based on support vector
description (online SVDD) and the second strategy is
based on online least squares one-class support
vector machines (online LS-0C-SVM).

Keywords: signal detection - multivariate analysis -
support vector machines - analysis of covariance.
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