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Dynami
 S
enes and Appearan
e Modelling for Robust Obje
tDete
tion and Mat
hing Based on Co-o

urren
e Probability�Dong LIANG
Abstra
tDete
ting moving obje
ts plays a 
ru
ial role in an intelligent surveillan
e system. Obje
t dete
-tion is often integrated with various tasks, su
h as tra
king obje
ts, re
ognizing their behavioursand alerting when abnormal events o

ur. However, it suffers from non-stationary ba
kgroundin surveillan
e s
enes, espe
ially in two potentially dynami
 
ases: (1) sudden illuminationvariation, su
h as outdoor sunlight 
hanges and indoor lights turning on/off; (2) burst physi
almotion, su
h as the motion of indoor arti�
ial ba
kground, whi
h in
lude fans, es
alators andauto-doors, and the motion of natural ba
kground, whi
h in
lude fountain, ripple on water sur-fa
e and swaying tree. If the a
tual ba
kground in
ludes a 
ombination of any of these fa
tors,it be
omes mu
h more dif�
ult to dete
t obje
ts. Traditional algorithms, i.e. Gaussian Mix-ture Model (GMM) and Kernel Density Estimation (KDE) handle gradual illumination 
hangesby building the statisti
al ba
kground models progressively using long-term leaning frames.In pra
ti
e, however, this kind of independent pixel-wise model often fail to avoid mistakenlyintegrating foreground elements into the ba
kground, and it is dif�
ult to adapt to sudden illu-mination 
hange and burst motion. On the other hand, spatial-dependen
e model, i.e. Grays
aleArranging Pairs (GAP) and Statisti
al Rea
h Feature (SRF), shows promising performan
e un-der illumination 
hange and other dynami
 ba
kground.This study proposes a novel framework to build a ba
kground model for obje
t dete
tion,whi
h is evolved from GAP method and SRF method. It is brightness-invariant and able totolerate burst motion. We name it Co-o

urren
e Probability based Pixel Pairs (CP3). In orderto model the dynami
 ba
kground, spatial pixel pairs with high temporal 
o-o

urren
e proba-bility are employed to represent ea
h other by using the stable intensity differential in
rementbetween a pixel pair whi
h is mu
h more reliable than the intensity of a single pixel, espe
iallywhen the intensity of a single pixel 
hanges dramati
ally over time. The model performs ro-bust dete
tion under outdoor and indoor extreme environments. Compared with the independentpixel-wise ba
kground modelling methods, CP3 determines stable 
o-o

urren
e pixel pairs,instead of building the parameterized/non-parametrized model for a single pixel. These pixelpairs maintain a reliable ba
kground model, whi
h 
an be used to 
apture stru
tural ba
kgroundmotion and 
ope with lo
al and global illumination 
hanges. As a spatial-dependen
e method,CP3 does not prede�ne/assume any lo
al operator, subspa
e or blo
k for an observed pixel, but�Do
toral Thesis, Division of Systems S
ien
e and Informati
s, Graduate S
hool of Information S
i-en
e and Te
hnology, Hokkaido University, SSI-DT79125042, February 14, 2015.3



it does its best effort to sele
t those quali�ed supporting pixels whi
h 
ould maintain reliablelinear relationship with the target pixels. Moreover, based on the single Gaussian model of thedifferential value of the pixel pair, it provides an a

urate dete
tion 
riterion even the gray-s
aledynami
 range is 
ompressed under weak illumination.The proposed method 
an be used for modelling the appearan
e of an image to realize imagemat
hing. Theoreti
ally speaking, both the obje
t dete
tion and image mat
hing 
an be seen asa model mat
hing problem. The differen
es between the two tasks is that the obje
t dete
tion isto seek the regions of interest (ROI) whi
h violate/mismat
h the ba
kground model, while theimage mat
hing is to seek the ROI whi
h 
an mat
h the image model optimally. Therefore, inthis study, we further extend the use of CP3 to the robust image mat
hing task.This thesis is organized into the following 
hapters:Chapter 1 introdu
es related works in obje
t dete
tion and image mat
hing. Some generalproblems are involved and dis
ussed. Furthermore, the motivations and 
ontributions of thisresear
h are des
ribed.Chapter 2 presents the details of CP3 ba
kground model based on 
o-o

urren
e pixel pairsfor obje
t dete
tion. We test it on several surveillan
e video datasets for both qualitative andquantitative analyses. Experiments using several 
hallenging datasets (Heavy fog, PETS-2001,AIST-INDOOR, Wall�ower and a supermarket surveillan
e appli
ation) prove the robust and
ompetitive performan
e of obje
t dete
tion in various indoor and outdoor environments. Forquantitative analysis, Pre
ision (also known as positive predi
tive value), Re
all (also knownas sensitivity) and F-measure (a weighted harmoni
 mean of the Pre
ision and Re
all) are uti-lized. The three evaluation metri
s measure the exa
tness, �delity and the 
ompleteness offoreground. We 
ompare our algorithm with three methods: (1) GMM method, whi
h is a stan-dardized method among independent pixel-wise models; (2) Sheikh's KDE method as a repre-sentative method among spatially dependent models; (3) our previous method GAP. In addition,we also propose an a

elerated version of CP3, whi
h 
an effe
tively redu
e the time 
ost of theba
kground modelling stage.Chapter 3 proposes the framework of CP3 for modelling the appearan
e of an image to real-ize image mat
hing. We detail the learning phase and present the similarity measure pro
edureand present the experimental results. Although an additional learning stage is ne
essary, theexperiment results show that the proposed method is robust under several imaging 
ases and italso outperforms SRF.Chapter 4 presents the dis
ussions of the proposed methods, 
on
ludes the main 
ontribu-tions of our study, and shows the future works of this study.Keywords: intelligent surveillan
e, dynami
 s
enes, robustness, obje
t dete
tion, image mat
h-ing
4



Contents
1. Introdu
tion 11.1 Resear
h ba
kground : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 11.2 Ba
kground modelling methods : : : : : : : : : : : : : : : : : : : : : : : : : 31.2.1 Simple ba
kground subtra
tion : : : : : : : : : : : : : : : : : : : : : : 31.2.2 Independent pixel-wise modelling : : : : : : : : : : : : : : : : : : : : 41.2.3 Spatial-dependen
e modelling : : : : : : : : : : : : : : : : : : : : : : 61.2.4 Grays
ale arranging pairs : : : : : : : : : : : : : : : : : : : : : : : : 81.3 Image mat
hing methods : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 81.3.1 Feature-based approa
hes : : : : : : : : : : : : : : : : : : : : : : : : 91.3.2 Intensity-based approa
hes : : : : : : : : : : : : : : : : : : : : : : : : 91.3.3 Statisti
al rea
h feature : : : : : : : : : : : : : : : : : : : : : : : : : : 101.3.4 Some other approa
hes : : : : : : : : : : : : : : : : : : : : : : : : : : 101.4 Introdu
tion for the study : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 101.4.1 Motivation : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 101.4.2 Contributions : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 111.4.3 Overview : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 122. CP3 for obje
t dete
tion 132.1 Overview : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 132.2 Ba
kground modelling : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 142.2.1 Bivariate statisti
al property of a pixel pair : : : : : : : : : : : : : : : 152.2.2 Statisti
al measurement of 
o-o

urren
e pixel pairs : : : : : : : : : : 182.2.3 Lower limit for a 
o-o

urren
e pixel pair : : : : : : : : : : : : : : : : 212.2.4 Ba
kground model of pixel pairs : : : : : : : : : : : : : : : : : : : : : 232.2.5 Moving ba
kground 
ase : : : : : : : : : : : : : : : : : : : : : : : : : 242.2.6 A

elerated ba
kground modelling : : : : : : : : : : : : : : : : : : : 272.3 Obje
t dete
tion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 282.3.1 Pixel pair state : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 282.3.2 De
ision fun
tion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 282.4 Experimental results : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 292.4.1 Comparison with other approa
hes : : : : : : : : : : : : : : : : : : : : 302.4.2 Different number of supporting pixels : : : : : : : : : : : : : : : : : : 382.4.3 Analysis of a

elerated ba
kground modelling : : : : : : : : : : : : : 412.5 Summary : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 411



3. CP3 for image mat
hing 443.1 Overview : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 443.2 SRF for image mat
hing : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 453.3 Spatial-temporal learning : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 453.3.1 Spatial relationship model : : : : : : : : : : : : : : : : : : : : : : : : 453.3.2 Parametrized statisti
al model of a pixel pair : : : : : : : : : : : : : : 463.3.3 Prepare images for learning : : : : : : : : : : : : : : : : : : : : : : : 473.4 Similarity measure : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 483.4.1 Identifying the state of the pixel pair : : : : : : : : : : : : : : : : : : : 483.4.2 Similarity 
oef�
ient : : : : : : : : : : : : : : : : : : : : : : : : : : : 493.5 Experimental results : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 493.5.1 Experiment 1 : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 503.5.2 Experiment 2 : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 583.5.3 Experiment 3 : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 623.5.4 Computation 
ost : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 633.6 Summary : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 644. Con
lusion and future work 654.1 Con
lusion : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 654.2 Future work : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 66A
knowledgements 67Referen
es 69A. Publi
ation lists 74A.1 Journal Papers : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 74A.2 International Conferen
es : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 74A.3 Domesti
 Conferen
e : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 74

2



List of Figures
1.1 Four typi
al examples of dynami
 ba
kground. : : : : : : : : : : : : : : : : : 21.2 2D spatial-temporal image to observe sudden illumination variation. : : : : : : 31.3 Obje
t dete
tion based on simple ba
kground subtra
tion : : : : : : : : : : : : 42.1 S
hemati
 diagram of CP3 ba
kground model. : : : : : : : : : : : : : : : : : 132.2 Fundamental de�nitions of the image data. Target pixel P and an arbitrary pixelQ with their intensity sequen
e over time pt and qt. : : : : : : : : : : : : : : : 142.3 Co-o

urren
e joint histograms use PETS2001-dataset3 
amera1 training datasetwith 5563 frames (T = 5563) and the gray-s
ale level range is [0; 255℄ (L = 256). 162.4 The intensity 
hange of target pixel P and four arbitrary pixels 
orresponding toFigure 2.3 (
-f). : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 172.5 Diagram of 
orrelation 
oef�
ients 
(P; Q) using PETS2001-dataset3-
amera1dataset. The bla
k 
rosses stand for the lo
ations of P, and the red 
oloured areahave high 
orrelation 
oef�
ient values. : : : : : : : : : : : : : : : : : : : : : 202.6 Diagram of sele
ting QPk using K-means in spatial domain. The bla
k markers
orrespond to the P pixels in Figure 2.5 (a-d). The different-
oloured areas,whi
h stand for the 
lustering subsets, 
ome from the high 
o-o

urren
e pixelQn with total N pixels. The blue 
ir
les are the 
entres of ea
h 
lustering subset,whi
h are sele
ted as QPk . In these examples, K = 10. : : : : : : : : : : : : : : 222.7 Examples of various burst motion. Correlation 
oef�
ients 
(P; Q) values of a se-le
ted pixel. The bla
k 
rosses stand for the lo
ations of P, and the red 
olouredarea have high 
orrelation 
oef�
ient values. : : : : : : : : : : : : : : : : : : : 252.8 Examples of the mixture of burst motion and sudden illumination 
hange. Cor-relation 
oef�
ients 
(P; Q) values of a sele
ted pixel. The bla
k 
rosses standfor the lo
ations of P, and the red 
oloured area have high 
orrelation 
oef�
ientvalues. : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 262.9 Qualitative 
omparison of GMM, Sheikh'KDE, GAP, and proposed CP3 methodusing a dataset of traf�
 sequen
e with heavy fog. The dif�
ulty is that the heavyfog 
ompresses the dynami
 range of the s
ene. : : : : : : : : : : : : : : : : : 302.10 The mean metri
s of GMM, KDE, GAP and proposed CP3 using PETS2001-dataset3 
amera1. : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 312.11 Qualitative 
omparison of GMM, Sheikh's KDE, GAP, and proposed CP3 usingPETS2001-dataset3-
amera1 dataset with outdoor severe illumination �u
tuation. 32

3



2.12 Pre
ision and Re
all 
omparison of GMM, Sheikh's KDE, GAP, and proposedCP3 using PETS2001-dataset3-
amera1 dataset with outdoor severe illumina-tion �u
tuation over time through 301 testing frames. : : : : : : : : : : : : : : 332.13 F-measure 
omparison of GMM, Sheikh's KDE, GAP, and proposed CP3 usingPETS2001-dataset3-
amera1 dataset with outdoor severe illumination �u
tua-tion, and the average intensities over time through 301 testing frames. : : : : : 342.15 Themean metri
s of GMM,KDE,GAP and proposed CP3 using AIST-INDOORdataset. : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 352.14 Qualitative 
omparison of GMM, Sheikh's KDE, GAP, and proposed CP3 us-ing AIST-INDOOR dataset. It 
ontains several indoor extreme 
onditions: low
ontrast illumination, lights sudden on-off and an auto-door rapid open-shut. : : 362.16 CP3 results of Wall�ower dataset. : : : : : : : : : : : : : : : : : : : : : : : : 382.17 Work with a different number of supporting pixels K using PETS2001-dataset3
amera1. From (a), when K = 1, Pre
ision is around 0.5; when K be
omeslarger, Pre
ision in
reases dramati
ally; and when K 
ontinues to grow, Pre
isiontends to be stable; Re
all 
hanges little under different K. From (b), the runtimeof dete
tion linearly in
rease with K. : : : : : : : : : : : : : : : : : : : : : : : 392.18 Dete
tion sample with a different number of supporting pixels K using PETS2001-dataset3 
amera1. When K be
omes larger, smaller quantity of false positivepixels (FP) exists. : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 402.19 Pre
ision, Re
all and F-measure using the a

elerated algorithm of CP3 modelwith the sampling intervals from 0 to 320. : : : : : : : : : : : : : : : : : : : : 422.20 Dete
tion using CP3 and its a

elerated algorithm. : : : : : : : : : : : : : : : 433.1 Overview for the proposed image mat
hing framework. : : : : : : : : : : : : : 453.2 Spatial relationship model of a target pixel and its probability distribution. : : : 463.3 Left hand is the input image of the s
ene for Experimental 1 (600 � 800). Righthand is a subset of the referen
e image sequen
e for CP3 learning (magni�edversion). : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 513.4 Experiment 1 (Normal). Input images of a s
ene and mat
hing results (600 �800), and the 
orresponding similarity index maps of CP3, SRF and NCC. : : : 523.5 Experiment 1 (Defo
using). Input images of a s
ene and mat
hing results (600�800), and the 
orresponding similarity index maps of CP3, SRF and NCC. : : : 533.6 Experiment 1 (Low-light). Input images of a s
ene and mat
hing results (600 �800), and the 
orresponding similarity index maps of CP3, SRF and NCC. : : : 543.7 Experiment 1 (O

lusion). Input images of a s
ene and mat
hing results (600 �800), and the 
orresponding similarity index maps of CP3, SRF and NCC. : : : 553.8 An example of CP3 and SRF. : : : : : : : : : : : : : : : : : : : : : : : : : : : 573.9 The right hand is the input image of the s
ene for Experiment 2 (640�480). Theleft hand is a subset of the prepared referen
e image sequen
e for CP3 learning(magni�ed version). : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : : 584



3.10 Experiment 2. Input images of a s
ene and mat
hing results (640 � 480), andsimilarity index maps of CP3. : : : : : : : : : : : : : : : : : : : : : : : : : : 593.11 Experiment 2. Input images of a s
ene and mat
hing results (640 � 480), andsimilarity index maps of SRF. : : : : : : : : : : : : : : : : : : : : : : : : : : : 603.12 Experiment 2. Input images of a s
ene and mat
hing results (640 � 480), andsimilarity index maps of NCC. : : : : : : : : : : : : : : : : : : : : : : : : : : 613.13 A subset of the prepared referen
e image sequen
e for CP3 learning for Experi-ment 3 (magni�ed version). : : : : : : : : : : : : : : : : : : : : : : : : : : : : 623.14 Experiment 3. (a)-(
) Input images of a s
ene and mat
hing results using CP3. : 63

5



List of Tables
2.1 Mean pre
ision, re
all, and F � measure of GMM, Sheikh's KDE, GAP, andproposed CP3 method using Heavy fog, PATS2001, and AIST-INDOOR datasets. 372.2 The 
omparison of CP3 and its a

elerated version. : : : : : : : : : : : : : : : 413.1 SNR of CP3, SRF and NCC (Experiment 1). : : : : : : : : : : : : : : : : : : : 563.2 Average SNR of CP3, SRF and NCC (Experiment 2). : : : : : : : : : : : : : : 623.3 Comparing 
omputational 
ost of Experiment 2 (�s=pixel). : : : : : : : : : : : 64

6



Chapter 1. Introdu
tion
1.1 Resear
h ba
kgroundIn the �eld of 
omputer vision, high-dimensional data from the real world is a
quired, pro-
essed, analysed, in order to produ
e de
isions in the form of numeri
al or symboli
 information.A theme in the development of this �eld has been to dupli
ate the abilities of human vision byele
troni
ally per
eiving and understanding a stati
 image or a vivid video.A stream of resear
h within 
omputer vision whi
h has gained a lot of importan
e in thepast few years is the understanding of s
ene. S
ene understanding has been applied to various�elds, the most popular appli
ation of whi
h is an intelligent surveillan
e system. Before the
omplexity of a surveillan
e s
ene 
an be understood, we �rst need automati
 methods for de-te
ting obje
ts from it. On
e the obje
t is dete
ted, depending on the appli
ation, the system
an do further pro
essing to go into the details of understanding the a
tivity. In an intelli-gent surveillan
e system, dete
ting obje
ts often integrates with various tasks, su
h as tra
kingobje
ts [1, 2℄, re
ognizing their behaviours [3, 4℄ and alerting when abnormal events o

ur [5℄.Other appli
ations of obje
t dete
tion in
lude 
hara
ter animation for games and movies, avatarsfor tele
onferen
ing, advan
ed intelligent user interfa
es, biome
hani
al analysis of a
tions forsports and medi
ine, et
.It is understandable that, obje
t dete
tion 
an be seen as a pixel level image pro
essingproblem whi
h 
loses to the imaging sensing devi
e. The problem we hold is that, is the pixelbelong to the obje
t or belong to the ba
kground? Consequently in the �eld of 
omputer visionand statisti
al pattern re
ognition, it 
an be seen as a typi
al binary 
lassi�
ation problem.On the basis of visible spe
trum imaging te
hnology, surveillan
e video 
amera 
ould be themost widely-used imaging sensing devi
e for an intelligent system [6, 7, 8℄. Compared withmore sophisti
ated thermal 
amera and stereo imaging devi
e [9℄, its �exibility and low-
ostwill guarantee a long-term and extensive utilization. Nevertheless, su
h video 
amera itselfhas several weaknesses whi
h in�uen
e its imaging quality: �rst, sin
e the frame rate is �xed(typi
ally 30 fps for a NTSC system), the shutter speed 
annot delay longer than the frameinterval. Thus, under a low-light 
ondition, the sensor would not keep suf�
ient exposure, sothat the intensity of signal easily submerge into ba
kground noise. Se
ond, surveillan
e taskrequires large depth of �eld (i.e. 
apture a globally sharp s
ene), the light-gathering aperture isrelatively small (i.e. with a large Fo
al ration of the aperture), whi
h also leads to underexposure.All these problems are affe
ting the result of obje
t dete
tion.On the other hand, obje
t dete
tion suffers from non-stationary s
enes in surveillan
e videos,espe
ially in two potentially serious 
ases: (1) sudden illumination variation, su
h as outdoorsunlight 
hanges and indoor lights turning on/off; (2) burst physi
al motion, su
h as the motion1



1.1. RESEARCH BACKGROUND CHAPTER 1. INTRODUCTION

(a) Outdoor sun light 
hange

(b) Indoor light turing on and off

(
) Ripple on water sufa
e (d) Es
alator in operationFigure 1.1: Four typi
al examples of dynami
 ba
kground.of indoor arti�
ial obje
ts, whi
h in
lude es
alators and auto-doors, and outdoor natural dynam-i
s, in
luding swaying tree and water ripple. If the a
tual ba
kground in
ludes a 
ombinationof any of these fa
tors, it be
omes even more dif�
ult to perform dete
tion. Figure 1.1 showsfour typi
al examples of dynami
 ba
kground. State-of-the-art algorithms [10, 11, 12, 13, 14℄
an handle gradual illumination 
hanges by updating the statisti
al ba
kground models progres-sively as time goes by. In pra
ti
e, however, this kind of model update is usually relatively2



1.2. BACKGROUNDMODELLINGMETHODS CHAPTER 1. INTRODUCTIONslow to avoid mistakenly integrating foreground elements into the ba
kground model, making itdif�
ult to adapt to sudden illumination 
hanges and burst motion.1.2 Ba
kground modelling methodsThe rationale in the approa
h of dete
ting the moving obje
ts is that �nding the differen
ebetween the 
urrent frame and a referen
e ba
kground s
ene, often 
alled ba
kground image (aspe
i�
 frame in simple ba
kground subtra
tion method), or ba
kground model (a des
riptionof the its abstra
t in a more sophisti
ated statisti
al method). A robust ba
kground model shouldbe able to handle lighting 
hanges, repetitive motions from 
lutter and long-term s
ene 
hanges.Figure 1.2 shows a typi
al example under sunlight 
hange.

(a) PET2001-d3-
1 Dataset

(b) 2D spatial-temporal image using pixels along a verti
al line to 
reate visible spatial-temporal sli
e.Figure 1.2: 2D spatial-temporal image to observe sudden illumination variation.1.2.1 Simple ba
kground subtra
tionSimple ba
kground subtra
tion [15℄ of images a
quired at different instants in time makesobje
t dete
tion possible, assuming a stationary 
amera position and 
onstant illumination. Adifferen
e image d(u; v), where (u; v) is the lo
ation of a pixel, is a binary image where non-3



1.2. BACKGROUNDMODELLINGMETHODS CHAPTER 1. INTRODUCTIONzero value represent image areas with obje
t, that is, areas there was a substantial differen
e inintensity between a ba
kground images fB and 
urrent one fC .d(u; v) = 8>>><>>>: 0 if j fC � fB)j < th1 otherwise (1.1)where th is a small positive number.In real-world s
ene, due to outdoor and indoor illumination 
hanges, the simple ba
kgroundsubtra
tion 
annot dete
t obje
t effe
tively. When utilizing the simple ba
kground subtra
tionunder sunlight 
hange in Figure 1.2, the dete
tion results 
ould be like Figure 1.3. The re-sults appear a large area of the ba
kground noise, resulting in some targets submerged in theba
kground. Therefore, the ba
kground subtra
tion fa
e the issue that how to fully exploit thetemporal information, to build a more a

urate ba
kground model.

Figure 1.3: Obje
t dete
tion based on simple ba
kground subtra
tionSin
e observations of the ba
kground in image sequen
es 
an be 
onsidered sto
hasti
 events,many statisti
al approa
hes have been employed to model effe
tive ba
kgrounds. The for-mer ba
kground modelling approa
hes 
an be 
lassi�ed into two 
ategories: (1) Independentpixel-wise modelling, whi
h employs the statisti
al pro
essing of time-domain observationsto ea
h pixel. (2) Spatial-dependen
e modelling, whi
h employs prin
iples to exploit spatial-dependen
e among pixels to build a lo
al or global model.1.2.2 Independent pixel-wise modellingIndependent pixel-wise modelling employs the statisti
al pro
essing of time-domain obser-vations to ea
h pixel. Most of the earlier ba
kground modelling approa
hes tend to fall intothis 
ategory. The representative algorithms in this approa
h are the Single Gaussian ba
k-ground model (SG), Gaussian mixture model (GMM), Kernel density estimation (KDE), HiddenMarkov models (HMMs), Codebooks (CBs) [10, 11, 16, 12, 17, 18, 13℄. The following is thekey 
ontribution of these algorithms and some dis
ussions.4



1.2. BACKGROUNDMODELLINGMETHODS CHAPTER 1. INTRODUCTIONSingle Gaussian ba
kground model (SG)Wren [10℄ modelled the observations (YUV) of ea
h pixel as a single Gaussian probabilitydensity fun
tion. The proposed algorithm models every ba
kground pixel with �0 to be themean (on YUV 
olour spa
e) of a point on the texture surfa
e, and �0 to be the 
ovarian
e ofthat pixel distribution. Obviously, the SG model 
an tolerate noise well, but it is not a �ne modelfor outdoor s
enes be
ause it should be 
apable of dealing with movement through 
lutteredareas in the visual �eld, lighting 
hanges, effe
ts of moving elements of the s
ene (e.g., swayingtrees).Gaussian mixture model (GMM)A typi
al example is that of an outdoor s
ene with trees partially 
overing a building: a same(u; v) pixel lo
ation will show values from tree leaves, tree bran
hes, and the building itself.Other examples 
an be easily drawn from snowing, raining, or wat
hing sea waves from a bea
h.In these 
ases, a single valued ba
kground is not an adequate model. To 
ope with multipleba
kground patterns, the Gaussian mixture model (GMM) [11, 16, 19℄ was proposed, whi
h usemultiple Gaussian distributions deemed to des
ribe only one of the observable ba
kground orforeground obje
ts. In pra
ti
al 
ases, setting the proper number of Gaussian distributions is adif�
ult task. modelling the ba
kground variations with a small number of Gaussian distributionwill not be a

urate. Furthermore, the very wide ba
kground distribution will result in poordete
tion be
ause a large range of the gray level spe
trum would be 
overed by the ba
kgroundmodel.Kernel density estimation (KDE)Elgammal [12℄ employed kernel density estimation (KDE) as a data-driven modelling method.Even with a small number of samples, kernel density estimation leads to a smooth, 
ontinuous,and differentiable density estimate. Sin
e kernel density estimation is a non-parametri
 model,it does not assume any spe
i�
 underlying distribution and the estimate 
an 
onverge to anydensity shape with enough samples, this approa
h is suitable to model the 
olour distribution ofregions with patterns and mixture of 
olours. If the underlying distribution is a mixture of Gaus-sians, kernel density estimation 
onverges to the right density with a small number of samples.Unlike parametri
 �tting of a GMM, kernel density estimation is a more general approa
h thatdoes not require the sele
tion of the number of Gaussians to be �tted. Therefore, KDE is 
loserto the real probability distribution than GMM.Hidden Markov models (HMMs)Hidden Markov models (HMMs) [17, 18℄ have also been applied to model the ba
kground;topology free HMMs were des
ribed and several state splitting 
riteria were 
ompared in the
ontext of ba
kground modelling in [17℄, and a non-adaptive three-state HMM was used to5



1.2. BACKGROUNDMODELLINGMETHODS CHAPTER 1. INTRODUCTIONmodel the ba
kground in [18℄.Codebooks (CBs)The re
ent notable pixel-wise method by Kim [13℄ presented a real-time algorithm, whi
hsampled ba
kground pixel values and quantized them into 
ompressed 
odebooks (CBs). Toimprove the pro
essing ef�
ien
y of the 
odebooks, Guo [20℄ presented a hierar
hi
al s
heme.All the approa
hes model independently at a single pixel's lo
ation. When dete
ting obje
tsunder a dynami
 ba
kground, both the obje
t o

upation and the illumination 
hange (or otherforms of dynami
s) 
an affe
t on the 
urrent intensity of a pixel. Therefore, a ba
kground modelonly modelling the independent intensity 
hange 
annot distinguish the obje
t from the dynami
ba
kground well. On the other hand, it is intuitive that spatial neighbouring lo
ations will exhibitstatisti
al 
orrelation in the ba
kground model, whi
h 
ould be an eviden
e for the 
lassi�
ationof pixel's values. To exploit this property, various methods have been used for dete
ting theforeground pixels.1.2.3 Spatial-dependen
e modellingThe se
ond 
ategory uses spatial information to exploit the spatial dependen
ies of pixelsin the ba
kground. The representative algorithms in this approa
h are Co-o

urren
e blo
k,Wall�ower, Eigenspa
e de
omposition, Sheikh's Spatial KDE, Auto-regressive moving average(ARMA), LBP feature, Tensor subspa
e learning [21, 22, 23, 14, 24, 25, 26℄. The following isthe key 
ontribution of these algorithms and some dis
ussions.Co-o

urren
e blo
kMatsuyama [21℄ proposed a regional blo
k mat
hing method against varying illumination,and Seki [27℄ proposed a 
o-o

urren
e-based blo
k 
orrelation method. Their main statementis that neighbouring blo
ks of pixels belonging to the ba
kground should experien
e similarvariations over time. Although this assumption proves true for blo
ks belonging to a sameba
kground obje
t (su
h as an area with tree leaves), it will evidently not hold for blo
ks atthe border of distin
t ba
kground obje
ts, whi
h means the above two methods 
an only yield
oarse region-level dete
tion.Wall�owerToyama et al. [22℄ proposed a three layers (pixel, region, and frame level) algorithm frame-work in whi
h Weiner �lters were employed. It used region and frame-level information toverify the pixel-wise ba
kground model. 6



1.2. BACKGROUNDMODELLINGMETHODS CHAPTER 1. INTRODUCTIONSheikh's Spatial KDESheikh [14℄ used the joint representation of image pixels in a lo
al spatial distribution (proxi-mal pixels) and 
olour information to build both ba
kground and foreground KDE models 
om-petitively in a de
ision framework. In the ba
kground modelling stage, this method 
onvertsea
h pixel's intensity and lo
ation into a feature ve
tor, and then models a joint probability dis-tribution of all the pixels on a feature spa
e. The method is based on the assumption that thepixels' 
orrelation degree depends on the spatial distan
e between them, (i.e. ea
h observedpixel has higher 
orrelation with its neighbouring pixels), but ignores the lo
alized dis
rimina-tion between pixels. Su
h a me
hanism 
an deal well with global illumination 
hanges, but isnot robust to lo
al illumination 
hange.Eigenspa
e de
ompositionOliver [23℄ employed eigenspa
e de
omposition in whi
h the ba
kground was modelled bythe eigenve
tors 
orresponding to the largest eigenvalues. It applied to the whole image insteadof blo
ks. Su
h an extended spatial domain 
an extensively explore spatial 
orrelation and avoidthe tiling effe
t of blo
k partitioning.Auto-regressive moving average (ARMA)Monnet [24℄ and Zhong [28℄ built an auto-regressive moving average (ARMA) model indynami
 s
enes, whi
h is used to in
rementally learn (using Prin
ipal Component Analysis)and then predi
t motion patterns in the s
ene.LBP featureHeikkilä and Pietikäinen [25℄ used a lo
al binary pattern (LBP) to subtra
t the ba
kgroundand dete
t moving obje
ts in real time. This method models ea
h pixel as a group of adaptiveLBP histograms that were 
al
ulated over a prede�ned 
ir
ular region around the pixel.Tensor subspa
e learningA re
ent spatial-dependen
e approa
h [26℄ utilized a tensor subspa
e learning algorithmto represent spatial 
orrelations between pixel values, and modelled appearan
e 
hanges byin
rementally learning a tensor subspa
e representation by adaptively updating the sample meanand an eigenbasis for ea
h unfolding matrix of the tensor.All the approa
hes exploit the spatial dependen
ies of pixels in the ba
kground to buildthe ba
kground model a

ording to neighbouring pixels, de�ned blo
ks, �xed dire
tions, lo
aloperator, or subspa
e. Essentially, these methods are based on the assumption that the pixels'7



1.3. IMAGE MATCHINGMETHODS CHAPTER 1. INTRODUCTION
orrelation degree depends on the spatial distan
e between them that ea
h observed pixel hashigher 
orrelation with its neighbouring pixels, but ignores the potential lo
alized dis
riminationbetween pixels, and also ignores 
omprehensive spatial information out of the de�ned range.Therefore, we have a question that, 
an we have the freedom to break su
h kind of 
onstraintwhen we are designing a spatial-dependen
e ba
kground model?1.2.4 Grays
ale arranging pairsBased on the above 
onsideration, in our previous resear
h, the Grays
ale Arranging Pairs(GAP) [29, 30℄ was �rst proposed for ba
kground modelling, and then it was extended for obje
ttra
king [31℄, fa
e re
ognition [32℄, and industrial defe
t dete
tion [33℄. In the training stageof GAP, unlike many traditional spatial-dependen
e ba
kground modelling methods whi
h 
on-sider the prede�ned �xed spatial stru
ture, it does this by 
onsidering the relationship betweenthis pixel and several statisti
ally 
hosen referen
e pixels, without any 
onstraint of spe
i�
 spa-
ial lo
ation of them. For a target pixel P, suppose we have N positive referen
e pixels whi
hstatisti
ally have higher intensity than P, and N negative referen
e pixels whi
h statisti
ally havelower intensity than P (refer to [29℄ for the details of statisti
ally 
hoosing the referen
e pixels).In a new frame, P is 
lassi�ed as the ba
kground when its intensity is normal: lower than thoseof the positive referen
e pixels and higher than those of the negative referen
e pixels; 
ontrarily,P is 
lassi�ed as the ba
kground when its intensity is abnormal: higher than those of the positivereferen
e pixels or lower than those of the negative referen
e pixels. In details, two probabilitiesthat 
on
ern whether P belongs to the ba
kground are 
al
ulated as follows: positive probability�+ = n+=N (The number n+=N denotes that the intensity of P is higher than that of n+ out of Npositive referen
e pixels) and negative probability �� = n�=N (The number n�=N denotes thatthe intensity of P is lower than that of n� out of N negative referen
e pixels). These two prob-abilities 
ompose the GAP feature, and 0 � �� � 1. Although this method is quite effe
tive todeal with unstable ba
kground, it still have some open problems: as a threshold-based methodin both training and dete
tion stage, the dete
tion results is sensitive to the 
hange of threshold.This is a motivation we would like to improve it.1.3 Image mat
hing methodsImage mat
hing 
onstru
ts an important foundation for robot vision systems in a variety of�elds su
h as navigation, obje
t lo
ating and re
ognition, and 
omputer-aided diagnosis andtreatment [34, 35℄. It sear
hes an image in various s
enes based on a rational quantitative simi-larity measure and lo
ates its position at an optimum value. Many methods have been proposed[36, 37, 38, 39, 40, 41℄ to a
hieve su
h an obje
tive. In a traditional industrial ma
hine visionsystem, the robustness of the similarity measure 
an be guaranteed by simplifying the externalenvironment, for instan
e, maintaining steady and bright illumination. However, most of thereal-world appli
ations suffer from un
ontrollable disturban
es, e.g. illumination variation, lowillumination, sensor noise, o

lusion and highlight, whi
h often lead to a high false mat
hing8



1.3. IMAGE MATCHINGMETHODS CHAPTER 1. INTRODUCTIONrate. Generally speaking, approa
hes for image mat
hing 
an be roughly 
lassi�ed into twomajor groups: feature-based approa
hes and intensity-based approa
hes.1.3.1 Feature-based approa
hesThe feature-based approa
hes [42, 36, 37, 43℄ aim to �rstly �nd out salient features, su
h assharp edges, stru
tured lines, or salient points. Be
ause the sele
ted features are generally quitesparse, these methods are 
omputationally ef�
ient. Nevertheless, dete
ting effe
tive featuresgenerally implements pipeline framework, using prepro
essing steps that need some heuristi
s
heme for the sele
tion of threshold values. Su
h pipeline methods 
an result in a fragile ar
hi-te
ture whi
h may suffer from a domino effe
t as an error 
an propagate to the subsequent pro-
essing stages, espe
ially under various ill-
onditions. Therefore, these methods highly dependon the quality of spe
i�
 images, on
e involving image degradation, su
h as low illumination,high noise, saturation and blurry, they hardly seek robust features for mat
hing.1.3.2 Intensity-based approa
hesRelatively more straightforward, the intensity-based approa
hes [38, 39, 40, 41℄ are moregeneral and �exible 
ompared with the former. Normalized Cross Correlation (NCC) and its im-provement [38, 40℄ are well-known methods and have been very widely employed be
ause they
an 
ope with noisy images and uniform illumination 
hanges. However, as shown in Figure 3.4to Figure 3.12 in the experiment se
tion, when a s
ene involves low light, partial o

lusion ofobje
ts or saturation/highlight, this sum of multipli
ation 
orrelation te
hnique sometimes failsto 
apture true positions. SSD or sum of absolute differen
e [39℄ evaluates a sum of squaredor absolute differen
es in the brightness de�ned between two distin
t images. Although it is anef�
ient algorithm, it is very feeble for 
hanges in brightness 
aused by illumination �u
tuation,o

lusion and saturation. ISC [41, 34℄ 
an 
ope with o

lusion, shadow, saturation, or highlight.This method is based on a similarity measure evaluated by aggregating in
rement sign 
odesat ea
h pixel, whi
h represents Boolean signs between any two adja
ent pixels. It is provedto be robust be
ause it does not dire
tly utilize the brightness of pixels, but their in
rementaltenden
y, and it is ef�
ient even in 
omparison with NCC. Due to the information redu
tionthrough negle
ting brightness values, nevertheless, there have been some problems su
h as thesize of a template 
annot be redu
ed and it 
annot dis
riminate slight 
hanges in the brightnessof images. The robust similarity measure using Rank Statisti
s [44℄ is based on an alternativeapproa
h for brightness variation. This type of similarity measure is based on the fa
t that thebrightness itself 
hanges in the 
ase of a rather uniform variation in illumination, but their ranksor orders 
an remain un
hanged. However, it is largely in�uen
ed by signi�
ant 
hange of lo
alperturbation of ranks 
aused by o

lusion, shading and saturation.
9



1.4. INTRODUCTION FOR THE STUDY CHAPTER 1. INTRODUCTION1.3.3 Statisti
al rea
h featureThe Statisti
al Rea
h Feature (SRF) [45℄ builds a lo
al texture model for ea
h target pixelto be brightness-invariant for ba
kground subtra
tion, it is also proper for image mat
hing task[46℄. Different from the above methods, SRF method, uses sign 
oding of the intensity relation-ship between pixel pairs sele
ted from an image. In detail, the intensity I(P) of a pixel P in thereferen
e image is 
onverted to a 
ode string of the intensity differen
es from adja
ent pixelsQ with suf�
iently large absolute value of the intensity differen
e jI(P) � I(Q)j � TP, whi
h isused as a lo
al feature at a pixel P, where TP is a threshold to tolerate image noise. The binaryvalue of sr f (P ! Q;TP) for an ordered pair (P;Q) 
onsisting of two pixels in referen
e imageI is de�ned as sr f (P! Q;TP) = 8>>>>>><>>>>>>: 1 I(P) � I(Q) � TP0 I(P) � I(Q) � �TP? otherwise (1.2)SRF introdu
es a me
hanism using noise-resistant signs as observations, whi
h providesrobustness to various disturban
es. In addition, multiple pixels Q are employed, and the resulting
ode string is used to 
al
ulate the lo
al similarity of the pixel P. Then the similarity betweenthe referen
e image and the input image is de�ned as the normalized sum of the lo
al similarities[46℄.1.3.4 Some other approa
hesBesides these algorithms, some mathemati
al manipulations were intended for geometri
invarian
e, for instan
e, rotation invarian
e [47, 48℄, s
ale invarian
e [49, 36℄, af�ne invarian
e[50℄ and elasti
 image registration [51, 52℄. In this study, sin
e we fo
us on the robustnessof similarity measure, we will not detailed dis
uss them whi
h 
an be readily integrated as amiddle-ware for spe
i�
 appli
ations.1.4 Introdu
tion for the study1.4.1 MotivationFor ba
kground modellingIn our previous resear
h, we proposed a ba
kground model 
alled GAP [29, 30℄. GAPemployed an alignment of supporting pixels for the target pixel whi
h held a stable intensitysubtra
tion in training frames without any restri
tion of lo
ations. The intensity subtra
tion ofthe pixel pairs allowed the ba
kground model to tolerate noise and be illumination-invariant.However, this �xed intensity subtra
tion in�uen
ed the sensitivity of the ba
kground model,espe
ially when the dynami
 range was 
ompressed due to low illumination; it was also notan optimal way to sear
h for supporting pixels by using a �xed intensity subtra
tion in thatmost 
o-o

urren
e pixels were not 
onsidered. In addition, the GAP method mainly fo
used10



1.4. INTRODUCTION FOR THE STUDY CHAPTER 1. INTRODUCTIONon illumination-invarian
e, so that the dynami
 ba
kground 
aused by burst motion was notdis
ussed suf�
iently.In this study, we propose a novel framework to build a ba
kground model for obje
t dete
-tion, whi
h is brightness-invariant and able to tolerate burst motion. We name it Co-o

urren
eProbability based Pixel Pairs (CP3) [53, 54℄. The proposed method addresses these open prob-lems. Compared with GAP, the proposed method employs a 
o-o

urren
e histogram to des
ribethe relationship of a pixel pair, whi
h is free from any intensity differen
es, and 
al
ulates nor-malized 
orrelation 
oef�
ients for measuring the degree of 
o-o

urren
e whi
h 
an deal witha dynami
 ba
kground. It also introdu
es a spatial 
lustering operation to sele
t optimal sup-porting pixels and then provides a more a

urate parameterized dete
tion 
riterion instead of a�xed double-sided threshold.For image mat
hingAn ideal similarity measure for image mat
hing should be dis
riminative, produ
ing a 
on-spi
uous 
orrelation peak as well as suppressing false lo
al maxima. However, the image mat
h-ing tasks in pra
ti
e often involve 
omplex situations, su
h as blurry s
ene and illumination �u
-tuation, 
ausing the similarity measure is not dis
riminative enough. In SRF method, the sign
oding is produ
ed by a global threshold TP, whi
h would not be a

urate enough to des
ribethe intensity relationship of a spe
i�
 pixel pair. In detail, TP is a trade-off parameter, smallTP 
annot maintain a reliable relationship between a pixel pair be
ause the image noise alwaysexists. On the other hand, large TP would 
ause a large number of ineffe
tive pixel pair, i.e. thesign 
ode sr f (P ! Q;TP) = ?. This will make SRF lose some details of the image, leading toan insensitive mat
hing. This problem 
annot be ignored when the image is a degenerated bydefo
using or low illumination. A
tually, the intensity differen
e of a pixel pair 
an be 
hangedalong with the illumination 
hange, e.g. the intensity differen
e will be smaller under a lowillumination 
ase than it under a normal illumination, and vi
e versa.In this study, we further extend the use of CP3 to the robust image mat
hing task. In detail,the proposed method is used for modelling the appearan
e of an image to realize image mat
h-ing. Similar to the SRF method, the proposed method based on CP3 also relies on the intensityrelationship between pixel pairs. Different from SRF method, CP3 builds the intensity differ-en
e as a single Gaussian model for ea
h spe
i�
 pixel pair via a spatial-temporal learning stage,rather than a global threshold TP in SRF, whi
h is a more a

urate des
ription of a pixel pair.The proposed image mat
hing framework also removes the de�nition of ? in SRF, allowing thepixel pair with similar intensity also building their Gaussian model, whi
h maintain a 
onstantnumber of supporting pixels Q for ea
h target pixel P.1.4.2 ContributionsIn this study, we propose a novel ba
kground model for obje
t dete
tion based on 
o-o

urren
e pixel pairs. The model performs robust dete
tion under outdoor and indoor ex-11



1.4. INTRODUCTION FOR THE STUDY CHAPTER 1. INTRODUCTIONtreme environments. CP3 determines stable 
o-o

urren
e pixel pairs, instead of building theparameterized/non-parametrized model for a single pixel. These pixel pairs maintain a reliableba
kground model, whi
h 
an be used to 
apture stru
tural ba
kground motion and 
ope withlo
al and global illumination 
hanges. As a spatial-dependen
e method, CP3 does not prede�neany lo
al operator, subspa
e or blo
k, and it provides an a

urate dete
tion 
riterion even thoughthe gray-s
ale dynami
 range is 
ompressed under weak illumination. Compared with GAP, theproposed method employs a 
o-o

urren
e histogram to des
ribe the relationship of a pixel pair,whi
h is free from any intensity differen
es, and 
al
ulates normalized 
orrelation 
oef�
ientsfor measuring the degree of 
o-o

urren
e whi
h 
an deal with a dynami
 ba
kground. It alsointrodu
es a spatial 
lustering operation to sele
t optimal supporting pixels and then provides amore a

urate parameterized dete
tion 
riterion instead of a �xed double-sided threshold.In this study, an image mat
hing method based on CP3, whi
h has the nature of robustnessfor severe imaging 
onditions, has been also proposed. By learning a set of referen
e images,the spatial and statisti
al models effe
tively improved the quality of similarity measure, andthe pixel pair stru
ture effe
tively redu
es the disturban
es of the illumination �u
tuation. CP3builds the intensity differen
e as a single Gaussian model is a more a

urate des
ription of apixel pair than a global threshold in SRF.1.4.3 OverviewChapter 1 introdu
es related works in obje
t dete
tion. Some general problems are dis
ussedand 
onsidered. Furthermore, the motivations and 
ontributions of this resear
h are des
ribed.Chapter 2 presents the details of CP3 based on 
o-o

urren
e pixel pairs. We tested it onvideo datasets for both qualitative and quantitative analyses. Experiments using several 
hal-lenging datasets (PETS-2001, AIST-INDOOR,Wall�ower and a surveillan
e appli
ation) provethe robust and 
ompetitive performan
e of obje
t dete
tion in various indoor and outdoor en-vironments. For quantitative analysis, Pre
ision (positive predi
tive value), Re
all (sensitivity)and F-measure (a weighted harmoni
 mean of the Pre
ision and Re
all.) are utilized to measurethe exa
tness, �delity and the 
ompleteness of foreground. We 
ompares our algorithm with:(1) GMMmethod (2) Sheikh's KDE; (3) our previous method GAP. In addition, the a

eleratedversion of CP3 
an effe
tively redu
e the time 
ost of the ba
kground modelling stage.Chapter 3 proposes the framework of CP3 for modelling the appearan
e of an image to re-alize template mat
hing. We detail the learning phase and present the similarity measure pro
e-dure and present the experimental results. Although an additional learning stage is ne
essary, theexperiment results show that the proposed method is robust under several imaging 
ases and italso outperforms other two well-known robust similarity measure Normalized Cross Correlation(NCC) and Statisti
al Rea
h Feature (SRF).Chapter 4 presents the dis
ussions of the proposed methods, 
on
ludes the main 
ontribu-tions of our work, and shows the future works of this study.
12



Chapter 2. CP3 for obje
t dete
tion
2.1 OverviewIn this 
hapter, we propose a novel framework to build a ba
kground model for obje
t dete
-tion, whi
h is brightness-invariant and able to tolerate burst motion. We name it Co-o

urren
eProbability based Pixel Pairs (CP3) [53, 54℄. It is inspired by the previous work in [55, 56℄. Inthe work of R. M. Harali
k et al. [55℄, gray-level 
o-o

urren
e matri
es (GLCM) were em-ployed to measure the spatial 
o-o

urren
e of pixels to produ
e an image texture feature (Har-ali
k feature). In the work of Hashimoto and Saito [56℄, pixels with low spatial 
o-o

urren
eprobability and with high temporal 
o-o

urren
e probability were preferentially extra
ted asspatially distin
tive and temporally stable features to redu
e 
omputational 
omplexity for tem-plate mat
hing.

Figure 2.1: S
hemati
 diagram of CP3 ba
kground model.In this study, in order to model the dynami
 ba
kground, spatial pixel pairs with high tempo-ral 
o-o

urren
e probability are employed to represent ea
h other by using the stable intensitydifferential in
rement between a pixel pair whi
h is mu
h more reliable than the intensity ofa single pixel, espe
ially when the intensity of a single pixel 
hanges dramati
ally over time.Figure 2.1 shows the s
hemati
 diagram of CP3 ba
kground model. CP3 method �rst 
ondu
tsan off-line learning stage to build the parametrized ba
kground model, and then utilizing theba
kground model for obje
t dete
tion. 13



2.2. BACKGROUNDMODELLING CHAPTER 2. CP3 FOR OBJECT DETECTIONA pixel pair 
onsists of ea
h pixel itself (
alled target pixel hereafter) and a sele
ted pixel(
alled supporting pixel hereafter). As a pixel-wise ba
kground model, the target pixel P refersto all pixels in a s
enario. The supporting pixels are neither arbitrary pixels in the s
ene, nor pre-de�ned �xed lo
al stru
tures around ea
h target pixel; instead, the supporting pixels are sele
tedbased on their statisti
al stability with the target pixels.The remainder of this 
hapter is organized as follows. Se
tion 2.2 details the ba
kgroundmodel. Se
tion 2.3 presents the obje
t dete
tion pro
edure. Se
tion 2.4 presents the experimen-tal results, and Se
tion 2.5 summarizes this 
hapter.2.2 Ba
kground modellingThe algorithm is des
ribed for gray-s
ale imagery; however, it 
an also be used for 
olour ormulti-modality imagery with minor modi�
ation.

Figure 2.2: Fundamental de�nitions of the image data. Target pixel P and an arbitrary pixel Qwith their intensity sequen
e over time pt and qt.Figure 2.2 shows the fundamental de�nitions of the image data. Suppose we are given atraining image sequen
e B = fI1; I2; :::; IT g with a total of T images, and ea
h image has M =U � V pixel positions. In the three-dimensional spa
e � = f(u; v; t)j1�u�U; 1�v�V; 1�t�T g, wehave U � V � T intensity values within a gray-s
ale level range [0; L � 1℄.In the following, the intensities over time at ea
h pixel position are regarded as samples froma sto
hasti
 pro
ess. We de�ne P as a target pixel at lo
ation (u; v). The lo
ation of P varies to
over all pixels of a frame, and its intensity sequen
e over time is denoted as fpt(u; v)gt=1;2;:::;T . Inthe same way, we de�ne Q(u0; v0) as an arbitrary pixelwith intensity sequen
e fqt(u0; v0)gt=1;2;:::;Tat lo
ation (u0; v0). For simpli
ity, we have omitted most of the (u; v) and (u0; v0) in the followingdis
ussion.
14



2.2. BACKGROUNDMODELLING CHAPTER 2. CP3 FOR OBJECT DETECTION2.2.1 Bivariate statisti
al property of a pixel pairTo analyze the bivariate statisti
al property of a pixel pair, the joint histogram of intensity fora pixel pair is de�ned.1 The i, jth bin of the joint histogram for an arbitrary pixel pair (P; Q) inT training images 
an be expressed ashPQ(i; j) = TXt=1 Æ(pt ; qt; i; j); (2.1)where Æ(pt ; qt; i; j) represents the two-dimensional dis
rete Krone
ker delta fun
tion:Æ(pt; qt ; i; j) = 8>>><>>>: 1 i f (pt = i) \ (qt = j)0 otherwise :The bins hPQ(i; j) 
orresponding to i; j 2 [0; L � 1℄ represent the 
o-o

urren
e probability ofpt = i and qt = j. The joint histogram hPQ 
an be written 
ompa
tly as an ordered array,hPQ = fhPQ(i; j)gL�1i; j=0: (2.2)As an example using PET2001-dataset3 
amera12 shown in Figure 2.3, we sele
ted a targetpixel P lo
ated on the �road�, and four arbitrary pixels S , G, W and R from the �sky�, �grass�,�wall� and �road� respe
tively. The se
tion hPQ(i; j) > 0 of joint histograms are illustrated asa few representable examples in Figure 2.3 (
-f). hPS shows the most irregular distribution,while hPG, hPW and hPR reveal a more regular distribution. It is obvious that the most regulardistribution is the histogram hPR shown in Figure 2.3 (f), and its 
o-o

urren
e bins are parallelto a diagonal line running downwards through the histogram. The 
orresponding intensity timesequen
es of the four pixel pairs are shown in Figure 2.4. In Figure 2.4 (b, 
), the intensity
hanges show an unexpe
ted phase differen
e between the two time sequen
es, whi
h disturbsthe stable distribution of the joint histograms hPG and hPW shown in Figure 2.3 (d, e). Forexample, when a light sour
e is shifting repeatedly, the shift speed would vary between differenttimes, whi
h would 
ause su
h a phase differen
e.The 
orresponding joint histograms in Figure 2 (d, e) indi
ate that, under illumination �u
-tuation, the intensity relationships of the pixel pair (P;G) and (P;W) follow multiple varyingmodes, whi
h essentially releases the relationship 
onstraint of the pixel pair. If we employsu
h a pixel pair to model the ba
kground, the sensitivity to dete
t obje
ts will be low, be
ausethe ba
kground model would be so �exible that a large range of intensity pairs would gather tomodel illumination 
hanges. On the other hand, plenty of pixels have a simpler and more ex-pli
it statisti
al relationship with the target pixel as shown by the pixel pair (P;R) in Figure 2 (f).Therefore, R 
an be sele
ted as a supporting pixel QP to observe the intensity of P even underillumination 
hanges. The training stage of the proposed method starts from sele
ting support-ing pixels QP for ea
h target pixel P, the asso
iated 
al
ulation pro
edure is presented in thenext subse
tion.1CP3 
an also be 
alled the pixel 
orrelation model. However, we 
all it Co-o

urren
e Probability based PixelPairs be
ause it is designed on the basis of 
o-o

urren
e histogram of a pixel pair, and the following 
al
ulationsalso rely on the probability of the histogram bins.2ftp://ftp.pets.rdg.a
.uk/pub/PETS2001/DATASET3/15
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(a) Lo
ation of the target pixel P sele
ted fromthe road, and four arbitrary pixels S , G, W, andR, sele
ted from the sky, grass, wall, and road. 0 2000 4000
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(f) The joint histogram hPRFigure 2.3: Co-o

urren
e joint histograms use PETS2001-dataset3 
amera1 training datasetwith 5563 frames (T = 5563) and the gray-s
ale level range is [0; 255℄ (L = 256).16
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(d) The intensity 
hange of P and RFigure 2.4: The intensity 
hange of target pixel P and four arbitrary pixels 
orresponding toFigure 2.3 (
-f).
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2.2. BACKGROUNDMODELLING CHAPTER 2. CP3 FOR OBJECT DETECTIONAs a grays
ale/single-
hannel image, the 
hange in pixel intensity is proportional to theillumination in
rement. Hen
e, the statisti
al linearity of a pixel pair redu
es to a stable intensitydifferential in
rement �(pt ; qt) just as the example in Figure 2.3 (f), in whi
h the slope of theregression line approa
hes 1.For one target pixel P, it is natural to expe
t that one or more pixels QP whi
h maintain astable intensity differential in
rements �(pt ; qt) during training frames, exist even though P andQP might be at quite different lo
ations. When dete
ting obje
ts under a dynami
 ba
kground,both the obje
t o

upation and the illumination 
hange (or other forms of dynami
s) 
an affe
ton the 
urrent intensity of a target pixel P. A ba
kground model only modelling the independentintensity 
hange of P 
annot distinguish the obje
t from the dynami
 ba
kground. Instead,QP pixels 
ould be employed to estimate the intensity of the target pixel P in a 
urrent dete
tionframe, i.e. �p = �(pt ; qt)+q, where q is the intensity of QP in a 
urrent dete
tion frame. When theillumination 
hanges on a target pixel P but no obje
t exists on it, �p simultaneously 
hanges withq, so that the 
urrent intensity p will fall into the estimated range �p, then P will be 
onsideredto be a ba
kground element. If P is o

upied by an obje
t, the 
urrent intensity p will be out ofthe estimated range �p, then P will be 
onsidered to be o

upied by an obje
t.In our training stage, �(pt ; qt) is modelled as a single Gaussian model, with a unique meanand varian
e. Using a Gaussian model allows the pixel pair to tolerate noise. More importantly,for different pixel pairs, the mean of �(pt ; qt) 
ould vary and the noise effe
t 
ould also be atdifferent ranges, so the mean and varian
e of a Gaussian 
al
ulated on spe
i�
 pixel pair providean a

urate statisti
al 
onstraint between them.For robust dete
tion, it is ne
essary to maintain a suf�
ient number of supporting pixels,denoted fQPk gk=1;2;:::;K, where K is the total number of supporting pixels. In our dete
tion stage,a double layer probability-based de
ision is used to dete
t obje
ts: the �rst layer is to identifywhether an individual pixel pair (P; QPk ) mat
hes its Gaussian model; and the se
ond layer is toobserve a mat
hed ratio, i.e. to 
ount the number of pixel pairs (P; fQPk g) that 
an mat
h theirGaussian model from total K pixel pairs for ea
h P. On
e the mat
hed ratio de
reases, P will beregarded as a foreground element. The asso
iated 
al
ulation pro
edure is presented in Se
tion2.3.2.2.2 Statisti
al measurement of 
o-o

urren
e pixel pairsIn this se
tion, we introdu
e how to determine the supporting pixels from M � 1 
andidatepixels for ea
h target pixel P. For an arbitrary pixel pair (P; Q), the one dimensional histograms
orresponding to their marginal probability distributions arehP(i) = L�1Xj=0 hPQ(i; j) (2.3)and hQ( j) = L�1Xi=0 hPQ(i; j): (2.4)18



2.2. BACKGROUNDMODELLING CHAPTER 2. CP3 FOR OBJECT DETECTIONThe expe
tation values of P and Q areE(pt) = T�1 L�1Xi=0 ihP(i) (2.5)and E(qt) = T�1 L�1Xj=0 jhQ( j) (2.6)respe
tively, and their varian
es are�2pt = 1T L�1Xi=0 [i � E(pt)℄2hP(i) (2.7)and �2qt = 1T L�1Xj=0[ j � E(qt)℄2hQ( j): (2.8)The 
ovarian
e of a (P; Q) pair 
an be de�ned as follows:CP;Q = 1T L�1Xi=0 L�1Xj=0[i � E(pt)℄[ j � E(qt)℄hPQ(i; j): (2.9)CP;Q > 0 means P and Q has positive 
ovarian
e value, whi
h indi
ates they potentially have ahigh 
o-o

urren
e probability. We 
all this kind of pixel pair 
o-o

urren
e pixel pair hereafter.In order to measure the independent 
o-o

urren
e quantitatively, we utilize Pearson produ
t-moment 
orrelation 
oef�
ient: 
(P; Q) = CP;Q�pt � �qt (2.10)where �pt and �qt are the standard deviations of P and Q respe
tively. Eq. (2.10) is used toestimate the linear dependen
e of spatial pixel pairs, and 
(P; Q) is �1 in the 
ase of a perfe
tpositive/negative linear 
orrelation. This normalized 
orrelation 
oef�
ient does not involve therestraint between E(pt) and E(qt). Namely, the pixels Q with any mean values are likely to havelarge 
(P; Q) with P.Figure 2.5 shows four examples of 
(P; Q) using PETS2001-dataset3, the bla
k 
rosses standfor the lo
ation of P, and the red 
oloured area have high 
orrelation 
oef�
ient values.In pra
ti
e, Eq. (2.10) 
an be 
al
ulated based on a 
orrelation matrix instead of 
al
ulatingpixel-by-pixel serial pro
essing. The 
orrelation matrix is the 
ovarian
e matrix of the standard-ized random variables �pt = pt=�(pt). With a total of M = U � V pixel positions, the imagesequen
e 
an be arranged progressively as a 
olumn ve
tor set �M = f �pt(m)gm=1;2;:::;M.The 
orrelation matrix of size M�M is�(�M ) = C(�M ; (�M)T )= 26666666666666666664 �pt(1) � E( �pt(1))�pt(2) � E( �pt(2)):::�pt(M) � E( �pt(M))37777777777777777775 � 26666666666666666664 �pt(1) � E( �pt(1))�pt(2) � E( �pt(2)):::�pt(M) � E( �pt(M))37777777777777777775T (2.11)
19



2.2. BACKGROUNDMODELLING CHAPTER 2. CP3 FOR OBJECT DETECTIONwhere C(�) is the 
ovarian
e operation. The 
orrelation matrix is symmetri
 so that ea
h row and
olumn of the �(�M) is an array of 
(P; Q) for ea
h P(u; v).For ea
h target pixel P(u; v), M�1 values of 
(P; Q) need to be 
al
ulated at different lo
ations(u0; v0). Then Qn 
orresponding to the highest N 
omponents in the array 
(P; Q(u0;v0)) 
an besele
ted as the 
andidates of preferred supporting pixels, namelyfQng = fQ(u0; v0)j
(P; Q) > �
g; n = 1; 2; :::;N; (2.12)where N is the number of 
andidate supporting pixels Qn for ea
h target pixel P, and �
 is thelower limit for the 
o-o

urren
e pixel pair. �
 is an adaptive threshold depending on the variation
hara
teristi
 of P, whi
h is dis
ussed in the following Se
tion.

(a) Target pixel 1 and its 
(P; Q) (b) Target pixel 2 and its 
(P; Q)

(
) Target pixel 3 and its 
(P; Q) (d) Target pixel 4 and its 
(P; Q)Figure 2.5: Diagram of 
orrelation 
oef�
ients 
(P; Q) using PETS2001-dataset3-
amera1dataset. The bla
k 
rosses stand for the lo
ations of P, and the red 
oloured area have high
orrelation 
oef�
ient values. 20



2.2. BACKGROUNDMODELLING CHAPTER 2. CP3 FOR OBJECT DETECTION2.2.3 Lower limit for a 
o-o

urren
e pixel pairDue to sensor noise and en
oding noise, any pt and qt 
annot maintain a full 
o-o

urren
erelation. Therefore, the lower limit �
 for 
hoosing the high 
o-o

urren
e pixel pairs is a keyparameter. This parameter is generally solved through preparatory experiments using typi
alsamples of target images as a training dataset. To estimate the lower limit more reasonably, weneed a theoreti
al formalization as a guidan
e with a natural prospe
tive view.Our approa
h to formalization is to assume that, pt = pt0+e1 and qt = qt0+e2, where pt0 andqt 0 are the intensities without any noise; e1 and e2 are the additive noise, independent of ea
hother but with the same density fun
tion N(0; �2n). Then we assume pt0 and qt 0 have a perfe
tpositive linear 
orrelation with a 
onstant b = �(pt 0; qt0), namely pt0 = qt 0 + b, and analyse �
 asa statisti
 for investigating how large degradation is raised by the noise. For the 
omputation of
(P; Q), dis
on
ordan
e between pt and qt 
an degrade the �
 value. The 
orrelation 
oef�
ient �

an be represented by the next expression a

ording to Eq. (2.10),�
 = C(pt0 + e1; pt0 + e1 � e2 � b)�pt0+e1 � �pt0+e1�e2�b : (2.13)A

ording to the properties of 
ovarian
e and varian
e, the above formula is developed as�
 = �2p0t + �2n�p0t+e1 � �p0t+e1�e2�b : (2.14)When pt0 is independent of e, Eq. (2.14) 
an be rewritten as�
 = �2p0t + �2n[(�2p0t + �2n)(�2p0t + 2�2n)℄ 12= 0BBBBBB� �2p0t + �2n�2p0t + 2�2n 1CCCCCCA 12 (2.15)= 0BBBBB� �2pt�2pt + �2n 1CCCCCA 12= 0BBBB�1 + �2n�2pt 1CCCCA� 12 : (2.16)When the noise level is signi�
antly smaller than the dynami
 range of pt, namely �2p0t ��2n, Eq. (2.15) approximates to 1, whi
h reveals that with large-s
ale intensity variation in thetraining dataset, the noise effe
t for 
orrelation measurement 
an be redu
ed. On the other hand,if the intensities of P keep steady, namely �2p0t ! 0, Eq. (2.15) will level off to 1=p2, then the
andidate supporting pixels 
an be sele
ted from the stationary elements of the ba
kground. Wedire
tly use Eq. (2.16) instead of Eq. (2.15), in whi
h �2pt 
an be 
al
ulated based on Eq. (2.7)and �2n 
an be determined a

ording to the noise level of the image sequen
e.From the theoreti
al analysis, the lower limit 
an be determined from the 
omprehensive
onditions 
ombining with �2n whi
h 
an be easily provided by users and a 
omputable �2pt .21



2.2. BACKGROUNDMODELLING CHAPTER 2. CP3 FOR OBJECT DETECTIONFigure 2.6 shows four example of sele
ted Qn (the 
oloured area), whi
h demonstrate thatthe rules to 
hoose Qn a

ording to the lower limit �
 allow the spatial distributions of Qn tofollow irregular illumination variation patterns.

(a) Target pixel 1 and its QPk (b) Target pixel 2 and its QPk

(
) Target pixel 3 and its QPk (d) Target pixel 4 and its QPkFigure 2.6: Diagram of sele
ting QPk using K-means in spatial domain. The bla
k markers
orrespond to the P pixels in Figure 2.5 (a-d). The different-
oloured areas, whi
h stand for the
lustering subsets, 
ome from the high 
o-o

urren
e pixel Qn with total N pixels. The blue
ir
les are the 
entres of ea
h 
lustering subset, whi
h are sele
ted as QPk . In these examples,K = 10.
22



2.2. BACKGROUNDMODELLING CHAPTER 2. CP3 FOR OBJECT DETECTION2.2.4 Ba
kground model of pixel pairsIn this se
tion, we dis
uss how to produ
e a limited number of supporting pixels QPk andbuild the ba
kground model.In Se
tion 2.2.3, the sele
ted Qn using �
 resulted in an indeterminate number of N. To per-form an exe
utable algorithm, we need to 
on�rm a series of a limited number of supportingpixels. As the spatial distribution of Qn follows irregular patterns, we 
annot implement anyformer spatial interpolation approa
h to sele
t high representative QPk from Qn. To solve thisissue, K-means 
lustering is employed to partition Qn into K 
lusters, depending on the nearest
lustering 
entres [57℄. With 
lustering 
onvergen
e, the pixel that is 
losest to the k-th 
luster
entre is sele
ted as a unique QPk . The details of K-means 
lustering for optimizing the spa-tial distribution is des
ribed in the Appendix. Four demonstrations of the QPk optimization areshown in Figure 2.6 in whi
h K = 10. It is reasonable to assume that sele
ting more supportingpixels will 
ontribute to a robust result. The supporting pixels are essentially a group of statisti-
al samples. Theoreti
ally speaking, a larger number of samples would estimate a more robuststatisti
al model. On the other hand, the number of supporting pixels dire
tly affe
ts the 
ompu-tation 
ost for obje
t dete
tion. This issue is dis
ussed in the form of quantitative experimentsin Se
tion 2.4.2. Without loss of generality, the number of K for a given video s
ene is set at 10for the experimental 
omparison in Se
tion 2.4.1 and 2.4.3.Ea
h QPk keeps a bivariate differential in
rement with P,pt�N(qt(k) + b; �2"); (2.17)where �2" follows a normalized distribution " � N(0; �2"). We use this Gaussian fun
tion tomodel the intensity distribution of a pixel pair instead of a Gaussian mixture model [11℄ be
ausewe �nd that a single Gaussian works better sin
e the sele
ted pixel pair keeps highly steadydifferen
e ex
ept for noise. We 
al
ulate a noise standard deviation estimation as follows,��" = �pt�qt(k) ; (2.18)and the estimation of the differential in
rement b is,�b = E[pt � qt(k)℄: (2.19)After the training step, the above two parameters ��", �b are re
orded for the following dete
-tion pro
edure. The ba
kground model is a look-up table (LUT) 
onsisting of [ u0; v0; ��"; �b ℄ forfQPk gk=1;2;:::;K .To train the ba
kground model of a s
ene, a training dataset in
luding the dynami
 ba
k-ground of the s
ene is ne
essary. In this work, we use three publi
 datasets (PETS2001-dataset3
amera1, AIST-INDOOR, Wall�ower), and ea
h of them provides a separate training and de-te
tion dataset. We use ea
h spe
i�ed training and dete
tion dataset for training and dete
tionrespe
tively.
23



2.2. BACKGROUNDMODELLING CHAPTER 2. CP3 FOR OBJECT DETECTION2.2.5 Moving ba
kground 
aseIn the 
ase of a moving ba
kground, the moving parts 
over several pixels in the same framethat also present 
o-o

urren
e. Therefore, we 
an sear
h for the supporting pixels QPk if theintensity 
hanges of the pixel pairs are simultaneous. Using the proposed method to evaluate theintensity 
hanges 
aused by a moving ba
kground makes no differen
e within the 
ase of illumi-nation variation. Hen
e, the earlier dis
ussion based on illumination 
hange is also appropriatefor the 
ase of a moving ba
kground.A typi
al motion pattern in ba
kgrounds is burst motion. This motion pattern 
an be de-s
ribed as a moving part of the ba
kground following regular dire
tions but with an irregularlys
heduled o

urren
e; hen
e, its speed and frequen
y 
annot be dire
tly predi
ted. Plenty ofmoving ba
kground elements 
an be simpli�ed into burst motion. For example, tree swing-ing 
aused by random wind, fan speed 
hange, dynami
 horizontal lines of a displayer 
ausedby its refresh rate, and auto-indu
tion es
alators and doors, all of whi
h often appearing inoutdoor/indoor surveillan
e s
enes are examples of the burst motion. In general, applying inde-pendent pixel-wise methods (su
h as GMM [11℄ or Codebook [13℄) to deal with motion ba
k-grounds only employ pixel's history by 
ontinuously updating ba
kground, using a �xed learn-ing rate as the ba
kground updating 
riterion; these ba
kground models are sensitive to burstmotion. Our proposed method is a frequen
y and speed adaptive ba
kground model, whi
hemploys the spatial-dependen
e of pixel pairs to keep a stable differential in
rement regardlessof the intensity of a single pixel under any frequen
y or speed of burst motion. The sele
tedpixel pairs 
onvert the non-stationary s
ene to a stable ba
kground model for offsetting the pat-terns of motion without any learning rate. Figure 2.7 shows four examples of various burstmotion ba
kgrounds without severe illumination 
hange. Figure 2.7 (a) and (b) are from theWall�ower dataset [19℄, and 
ontain a waving tree and a 
athode ray tube displayer respe
tively;Figure 2.7 (
) and (d) 
ontain an es
alator in operation and a fan in operation respe
tively, whi
h
an be downloaded from the author's web links3 4.Compared with the 
ase of severe illumination 
hange shown in Figure 2.5, 
(P; Q) appear apart of negative values along the verti
al dire
tion of the movement lo
us shown in Figure 2.7.Figure 2.8 shows examples of the mixture 
ase of burst motion and sudden illumination
hange using AIST-INDOOR dataset5 .In this s
ene, a target pixel repeatedly passes by an auto-indu
tion door while a light turningon. The supporting pixels with high 
o-o

urren
e are lo
ated along the verti
al dire
tion of thedoor to meet the simultaneity of its burst motion (shown in Figure 2.8 (b-d)), rather than arounda regular neighborhood. As a 
omparison, Figure 2.8 (e, f) shows the 
ase of a target pixel ina stati
 part of the same s
ene. The pseudo-
ode of CP3 for ba
kground modelling is shown inAlgorithm 1.3http://ss
-lab.
om/~liang/CP3_proje
t/es
alator.rar (The domain name ss
-lab.
om would be 
hanged to www.h
e.ist.hokudai.a
.jp)4http://ss
-lab.
om/~liang/CP3_proje
t/fan.rar5http://ss
-lab.
om/~liang/CP3_proje
t/AIST_INDOOR_DATASET.rar24
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(a) Tree swing.  
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(b) 
(P; Q) values of a target pixel in (a).

(
) Dynami
 refresh of a displayer.  
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(d) 
(P; Q) values of a target pixel in (
).

(e) Auto-indu
tion es
alator.  
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(f) 
(P; Q) values of a target pixel in (e).

(g) Speed-adjustable fan.  
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(h) 
(P; Q) values of a target pixel in (g).Figure 2.7: Examples of various burst motion. Correlation 
oef�
ients 
(P; Q) values of a sele
tedpixel. The bla
k 
rosses stand for the lo
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(a) Lo
ation of the target pixels P(70; 180) andp0(170; 180). (b) 
(P; Q) of P(70; 180).

(
) Partial enlarged drawing of (b). (d) The supporting pixels of (
).

(e) 
(P; Q) of P0(170; 180). (f) The supporting pixels of (e).Figure 2.8: Examples of the mixture of burst motion and sudden illumination 
hange. Correla-tion 
oef�
ients 
(P; Q) values of a sele
ted pixel. The bla
k 
rosses stand for the lo
ations of P,and the red 
oloured area have high 
orrelation 
oef�
ient values.26



2.2. BACKGROUNDMODELLING CHAPTER 2. CP3 FOR OBJECT DETECTIONAlgorithm 1: CP3 for ba
kground modellingData: B = fI1; I2; :::; IT g with total T images, and �2n.Result: look-up table of fQPk gk=1;2;:::;K 
onsisting of [u0; v0; ��"; �b℄.Initialization:Build the ve
tor set �M = f �pt(m)gm=1;2;:::;M.(I) Compute 
orrelation matrix:�(�M) = C(�M ; (�M)T ).(II) Sele
t supporting pixels:for ea
h P(u; v) do(a) Compute �
 based on Eq. (2.16).(b) fQngn=1;2;:::;N = fQj
(P; Q) > �
g.(
) K-means sampling in spatial domain fQng ) fQPk gk=1;2;:::;K.(d) Compute and re
ord [ u0; v0; ��"; �b ℄ for fQPk gk=1;2;:::;K .2.2.6 A

elerated ba
kground modellingIn Se
tion 2.2.2, in order to 
al
ulate 
(P; Q) for ea
h P in a training dataset with M = U �V pixel positions and T frames, the 
omputational 
omplexity for Eq. (2.11) is O(TM2). In
ontrast, in the independent pixel-wise models [11, 12℄, it is unne
essary to 
onsider spatialdependen
e, so the 
omputational 
omplexity is only O(TM) in the training stage. With thesame memory 
ost, the time 
onsumption of our proposed method is M � 1 times higher thanindependent pixel-wise models.Hoping to have a faster version of ba
kground modelling, we modi�ed Eq. (2.11) using ahierar
hi
al stru
ture of a 
ovarian
e-matrix: �M 
an be sampled uniformly using an integralsample interval �, the sub-set �[M=�2℄ � �M ; thus, we have�(�[M=�2℄) = C(�[M=�2℄; (�[M=�2℄)T ): (2.20)In order to 
over all the target pixels, we have �2 hierar
hi
al 
orrelation matri
es �(�[M=�2℄� )and �[M=�2℄� = f �pt(!�2 + �)g!=1;2;:::;[M=�2℄; (2.21)where � = 1; 2; :::; �2. In this way, both the memory 
ost and time 
onsumption is O(TM2��2),whi
h means the hierar
hi
al stru
ture of a 
ovarian
e-matrix redu
es 
omputational 
omplexityby �2.The speed-up algorithm is based on the pixel sampling operation, whi
h redu
es the numberof 
andidates of supporting pixels. However, we are willing to a

ept the possible loss in infor-mation, be
ause it allows us to a
hieve high speed pro
essing when dealing with high resolutionsurveillan
e videos. We re
ommend that the high resolution appli
ations 
hoose the a

eleratedba
kground modelling, and the low data-volume appli
ations 
hoose the standard CP3 algo-rithm. The experimental dis
ussion of the sample interval � is presented in Se
tion 5.3.
27



2.3. OBJECT DETECTION CHAPTER 2. CP3 FOR OBJECT DETECTION2.3 Obje
t dete
tionThe proposed ba
kground model 
onverts the obje
t dete
tion problem into a 
ompetitivebinary 
lassi�
ation problem [58℄ by 
omparing the intensity pairs (P; fQPk gk=1;2;:::;K) in turn. Itin
ludes two stages: (1) to identify the normal/abnormal state of the pixel pair (P; QPk ); (2) toidentify the foreground/ba
kground state of P.2.3.1 Pixel pair stateFor ea
h pixel pair (P; QPk ), the binary fun
tion �(QPk ) for dis
riminating the normal/abnormalstate 
an be estimated as the following 
ondition a

ording to Eq. (2.17):�(fQPk gk=1;2;:::;K) = 8>>><>>>: 1 if j(p � qk) � �b)j < C � ��"0 otherwise (2.22)where p and qk are the intensity values of P and QPk in the input frame J respe
tively, and C isa 
onstant. It is important to note that using the bivariate normal distribution of the differentialin
rement of the pixel pair is different from using the traditional single Gaussian pd f -basedidenti�
ation fun
tion of a single pixel [10℄; in a single Gaussian pd f -based method, the idealthreshold should be 
hanged following the latest intensity variation. For example, the stan-dard deviation should be larger when the illumination �u
tuations be
ome more intense. In ourproposed version, the stable differential in
rement of a pixel pair provides an adaptive observa-tion so that ��" is only related to the noise a
ting on ea
h pixel. Therefore, we do not need anadjustable C to adapt to 
hanges 
aused by illumination 
hanges or ba
kground motion. The
onstant C 
an be set from 1.0 to 3.0 in order to 
ontain approximately an area of 68-99% ofits probability density fun
tion. In addition, the re
ording of ��" and �b from the modelling stageprovides a more a

urate parametrized 
riterion than a �xed double-sided threshold in GAPmethod [29℄. This will be 
on�rmed in the experiment se
tion.2.3.2 De
ision fun
tionAfter identifying the normal/abnormal state of the pixel pair, K bits of �(QPk ) are produ
edfor the following de
isions of ea
h P. In order to 
lassify whether P is a foreground pixel, theprobability �(P) of a pixel being in the ba
kground is de�ned as,�(P) = 1K KXk=1 �(QPk ): (2.23)Target pixel P in the input image is 
onsidered as a foreground pixel only if �(P) < PF, wherePF is a global threshold that 
an be adjusted to a
hieve the desired result. Otherwise, P is
onsidered as a ba
kground pixel. For instan
e, if PF = 0:5, and the number of abnormal QPkis larger than K=2, namely, �(P) < 0:5, then P should be a foreground pixel in the input frameJ. The pro
edure for 
al
ulating �(P) for every target pixel is performed by a bits 
ounting28



2.4. EXPERIMENTALRESULTS CHAPTER 2. CP3 FOR OBJECT DETECTIONAlgorithm 2: Obje
t dete
tionData: Testing frame J, parameters C and PF.Result: Foreground=Ba
kgroundfor Ea
h pixel P in J do(I) Initialize:Load look-up table � [u0; v0; ��"; �b℄ of fQPk gk=1;2;:::;K .(II) Pixel pair identi�
ation:for k = 1; 2; :::;K doif j(p � qk) � �b)j < C � ��" then�(QPk ) = 1else�(QPk ) = 0(III) Obje
t identi�
ation:Compute �(P) = 1K PKk=1 �(QPk ).if �(P) < PF; (0 < PF < 1) thenP! ForegroundelseP! Ba
kgroundoperation, along with a look-up table for 
al
ulating �(QPk ), whi
h is easy to implement on any
onventional hardware. The pseudo-
ode of the obje
t dete
tion is shown in Algorithm 2.2.4 Experimental resultsTo evaluate the performan
e of the proposed method, we tested it on video datasets in
ludinga variety of indoor and outdoor environments for both qualitative and quantitative analysis. Forall the experiments, �2n = 100 in the training stage and the two thresholds were set as C = 2:5and PF=0.5 respe
tively in the dete
tion stage.For quantitative analysis, the three evaluation metri
s, Pre
ision (also known as positivepredi
tive value), Re
all (also known as sensitivity) and F-measure were utilized. Pre
ision,Re
all and F-measure are widely used in pattern re
ognition and information extra
tion withbinary 
lassi�
ation [59, 60℄. Sin
e pixel-level obje
t dete
tion is a typi
al binary 
lassi�
ationproblem, the three metri
s also have been used for the quantitative analysis of obje
t dete
tion[14, 29, 61℄. Pre
ision 
an be seen as a measure of exa
tness or �delity, and Re
all 
an be seenas a measure of 
ompleteness of foreground,Pre
ision = TPTP + FP (2.24)and Re
all = TPTP + FN (2.25)where TP, FP and FN stand for the number of true positive pixels, false positive pixels and29



2.4. EXPERIMENTALRESULTS CHAPTER 2. CP3 FOR OBJECT DETECTIONfalse negative pixels, respe
tively. F-measure is a weighted harmoni
 mean of the Pre
isionand Re
all, F = 2Pre
ision � Re
allPre
ision + Re
all (2.26)2.4.1 Comparison with other approa
hesWe 
ompared our algorithm with three methods: (1) GMM [11, 16℄ method, whi
h is astandardized method among independent pixel-wise models; (2) Sheikh's KDE method [14℄ asa representative method among spatially dependent models, whi
h is different from the originalnonparametri
 Kernel Density Estimation method (KDE) in that it employs KDE over the jointdomain(lo
ation) and range (intensity) representation of image pixels; (3) our previous methodGAP [29℄. The parameters for the GMM algorithm were set as defaults in the OpenCV tool; theparameters for Sheikh's KDE algorithm were set a

ording to the author's re
ommendations in[14℄, and the size of model is [26, 26, 26, 21, 31℄; In GAP method, WG = 20;WP = 0:9;WH =0:3.

Figure 2.9: Qualitative 
omparison of GMM, Sheikh'KDE, GAP, and proposed CP3 methodusing a dataset of traf�
 sequen
e with heavy fog. The dif�
ulty is that the heavy fog 
ompressesthe dynami
 range of the s
ene.First, we use a dataset of traf�
 sequen
e with heavy fog6. In whi
h there is only graduallyvaried illumination but no burst motion ba
kground. The only dif�
ulty is that the heavy fog
ompresses the dynami
 range of the s
ene. The dete
tion results are shown in Figure 2.9.All the four methods provide similar results in appearan
e. In the point of view of dete
tionsensitivity, GAP method shows slight weak, be
ause of the �xed threshold during the trainingand testing phase.6http://i21www.ira.uka.de/image_sequen
es/30
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(a) Pre
ision (b) Re
all

(
) F-measureFigure 2.10: The mean metri
s of GMM, KDE, GAP and proposed CP3 using PETS2001-dataset3 
amera1.Next, We use the sequen
es from PETS2001-dataset3 
amera1 to test the outdoor s
enes
aptured under severe illumination �u
tuation. The sudden partial illumination variations 
ausedby moving 
louds are obvious in this s
ene whi
h are 
learly represented as average intensity
hange shown in Figure 2.13 (b). The dataset PETS2001-dataset3 
amera1 in
ludes a totalof 5563 frames for training and 5336 frames for dete
tion. The available ground truth dataof PETS2001 allows us to 
omplete the 
omparison7 . The average Pre
ision, Re
all and F-measure of the four methods are shown in Figure 2.10. The Pre
ision, Re
all and F-measureover time of the four methods are shown in Figure 2.12 (a,b) and Figure 2.13 (
). Clearly,both CP3 and GAP show a higher level of Pre
ision than the other two methods; CP3 has anobviously higher Re
all and F-measure value than other methods whi
h means it has highersensitivity for dete
ting foreground.It should be noted that, during the frames from 150 to 200, GAP and Sheikh's KDE methodsshow 
learly de
reasing performan
e of Re
all, as the test video 
omes into a darker phase after7http://limu.ait.kyushu-u.a
.jp/en/dataset/31
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Figure 2.11: Qualitative 
omparison of GMM, Sheikh's KDE, GAP, and proposed CP3 usingPETS2001-dataset3-
amera1 dataset with outdoor severe illumination �u
tuation.the frame 150, and the dynami
 range of the intensity is 
ompressed, as shown in Figure 2.13 (d).Sin
e the GAP method uses a �xed double-sided threshold, it is more sensitive to 
hanges indynami
 range than CP3, whi
h leads to more false negative dete
tions (in
omplete foreground).The performan
e of Sheikh's KDE and GMMmethods show the weakness that they are sensitiveto the rapid 
hanges of illumination while updating.Figure 2.11 shows the qualitative results of the four methods under high 
ontrast, low 
ontrastand rapid 
hanges of illumination, respe
tively. It is stressed that no morphologi
al operatorslike erosion/dilation were used in the presentation of these results. The above results indi
atethat, our proposed method has a better illumination invarian
e 
ompared with the state of the artmethods, even under sudden illumination 
hanges and a low 
ontrast ba
kground.
32
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(b) Re
allFigure 2.12: Pre
ision and Re
all 
omparison of GMM, Sheikh's KDE, GAP, and proposedCP3 using PETS2001-dataset3-
amera1 dataset with outdoor severe illumination �u
tuationover time through 301 testing frames. 33
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2.4. EXPERIMENTALRESULTS CHAPTER 2. CP3 FOR OBJECT DETECTIONThe next dataset for testing indoor environments is the AIST-INDOOR dataset8. It 
on-tains several indoor extreme 
onditions: low 
ontrast illumination, low texture, turning on lightsand an auto-door rapidly opening and shutting. The dataset AIST-INDOOR in
ludes total 300frames for training and 4890 frames for dete
tion. The average Pre
ision, Re
all and F-measureof the four methods are shown in Figure 2.15. Figure 2.14 shows four demo frames of dete
-tion with CP3, GAP, Sheikh's KDE and GMM respe
tively. Compared with other approa
hes,CP3 is not only insensitive to varying illumination but also robust to re
ipro
ating motion of theauto-door. The average Pre
ision, Re
all and F � measure of the above three experiments areshown in Table 2.1.

(a) Pre
ision (b) Re
all

(
) F-measureFigure 2.15: The mean metri
s of GMM, KDE, GAP and proposed CP3 using AIST-INDOORdataset.Here, we would like to emphasize the differen
es between our method and Sheikh's KDEmethod from referen
e [14℄ be
ause both of them belong to the spatial-dependen
e model.The most important differen
e is the differen
e in their modelling me
hanisms. Sheikh's KDE8http://ss
-lab.
om/~liang/CP3_proje
t/AIST_INDOOR_DATASET.rar (The domain namess
-lab.
om would be 
hanged to www.h
e.ist.hokudai.a
.jp)35
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Figure 2.14: Qualitative 
omparison of GMM, Sheikh's KDE, GAP, and proposed CP3 usingAIST-INDOOR dataset. It 
ontains several indoor extreme 
onditions: low 
ontrast illumina-tion, lights sudden on-off and an auto-door rapid open-shut.
36



2.4. EXPERIMENTALRESULTS CHAPTER 2. CP3 FOR OBJECT DETECTIONTable 2.1: Mean pre
ision, re
all, and F�measure of GMM, Sheikh's KDE, GAP, and proposedCP3 method using Heavy fog, PATS2001, and AIST-INDOOR datasets.Methods Quantitative evaluation Heavy fog PATS2001 AIST-INDOOR TotalPre
ision 0.614 0.816 0.402 0.611GMM Re
all 0.747 0.311 0.290 0.422F � measure 0.674 0.450 0.323 0.482Pre
ision 0.439 0.390 0.374 0.401Sheikh's KDE Re
all 0.763 0.464 0.517 0.327F � measure 0.557 0.424 0.306 0.429Pre
ision 0.847 0.905 0.912 0.888GAP Re
all 0.605 0.539 0.575 0.573F � measure 0.706 0.676 0.703 0.695Pre
ision 0.862 0.918 0.922 0.901Proposed CP3 Re
all 0.795 0.836 0.780 0.804F � measure 0.827 0.875 0.845 0.849method 
onverts ea
h pixel's intensity and lo
ation into a feature ve
tor, and then models a jointprobability distribution of all the pixels on a feature spa
e. The method is based on the assump-tion that the pixels' 
orrelation degree depends on the spatial distan
e between them, (i.e. ea
hobserved pixel has higher 
orrelation with its neighbouring pixels), but ignores the lo
alized dis-
rimination between pixels. Su
h a me
hanism 
an deal well with global illumination 
hanges,but is not robust to lo
al illumination 
hange, whi
h 
an be 
learly observed in the qualitativeexperimental results in Figure 2.11 and Figure 2.14. Compared with Sheikh's method, our pro-posed ba
kground model avoids any prior assumption of pixel's lo
al 
orrelation, but sele
ts agroup of supporting pixels whi
h 
an maintain a stable statisti
al relationship with their targetpixel. Su
h a me
hanism is robust under both global and lo
al illumination 
hanges.The next dataset is Wall�ower, whi
h is introdu
ed in the work of Toyama et al. [22℄. Thisdataset 
onsists of seven video sequen
es, ea
h of whi
h addresses a spe
ial 
anoni
al ba
k-ground subtra
tion problem. We trained ea
h video sequen
e using the frames spe
i�ed by theinstru
tion �les in the Wall�ower dataset. Our results are shown in Figure 2.16. Comparedwith the results in [22℄, our method deals with the illumination 
hanges and ba
kground �u
tu-ations well. Note that, some in
omplete parts of the foreground exist mainly be
ause the dark
olours of both foreground and ba
kground 
ome into similar intensities after 
overing theminto gray-s
ale image. When using a multi-
hannel 
olour dete
tion, the performan
e would beimproved.
37
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Figure 2.16: CP3 results of Wall�ower dataset.2.4.2 Different number of supporting pixelsTo examine the dete
tion performan
e of the proposed method using a different numberof supporting pixels, we use PETS2001-dataset3 
amera1 and 
al
ulate the mean value ofPre
ision, Re
all and F-measure shown in Figure 2.17 (a). The 
orresponding average run-time to pro
ess ea
h frame is shown in Figure 2.17 (b). The runtime is measured on a 
omputerwith a Intel Xeon 3.0 GHz pro
essor with a C language implement. From Figure 2.17 (a), we
an observe that K mainly affe
ts Pre
ision: when K = 1, Pre
ision is around 0.5. A

ordingto the de�nition of Pre
ision, this result means the number of false positive pixels (FP) andtrue positive pixels (TP) are similar whi
h indi
ates that one supporting pixel QP1 
annot pro-vide robust dete
tion. When K be
omes larger, Pre
ision in
reases dramati
ally; and when K
ontinues to grow (larger than 9), Pre
ision tends to be stable, whi
h means there is a smallquantity of false positive pixels (FP). Figure 2.17 (a) also shows that Re
all 
hanges little underdifferent K, whi
h indi
ates that the 
ompleteness of the obje
t 
ould be preserved even K issmall. The results of the above quantitative analysis 
an also be observed from the dete
tionsample in Figure 2.18. In addition, as shown in Figure 2.17 (b), the runtime of dete
tion linearly38



2.4. EXPERIMENTALRESULTS CHAPTER 2. CP3 FOR OBJECT DETECTIONin
rease with K. In 
on
lusion, 
onsidering both the dete
tion performan
e and 
omputation
ost dis
ussed above, we set the number of supporting pixels K between 10 to 20 in pra
ti
e.
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(a) Pre
ision, Re
all and F-measure under different K (To showthe variation tenden
y 
learly when K is small, the horizontal axisis logarithmi
.).
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Number of supporting pixels K(b) Average dete
tion runtime of a frame under different K.Figure 2.17: Work with a different number of supporting pixels K using PETS2001-dataset3
amera1. From (a), when K = 1, Pre
ision is around 0.5; when K be
omes larger, Pre
isionin
reases dramati
ally; and when K 
ontinues to grow, Pre
ision tends to be stable; Re
all
hanges little under different K. From (b), the runtime of dete
tion linearly in
rease with K.
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(a) Frame #2706.

(b) K = 1 (
) K = 5

(d) K = 15 (e) K = 99Figure 2.18: Dete
tion sample with a different number of supporting pixels K using PETS2001-dataset3 
amera1. When K be
omes larger, smaller quantity of false positive pixels (FP) exists.
40



2.5. SUMMARY CHAPTER 2. CP3 FOR OBJECT DETECTION2.4.3 Analysis of a

elerated ba
kground modellingWe also use the a

elerated version to 
arry out ba
kground modelling with a sample intervalfrom � = 2 to � = 5, and 
ompare its time 
onsumption of ba
kground modelling and obje
tdete
tion performan
e with Algorithm 3 shown in Table 3.3. The dataset is a high resolution(1024�1024) surveillan
e video in a supermarket with 101 training samples, some dete
tionsamples are shown in Figure 2.20. The runtime are measured on a 
omputer with a Intel Xeon3.0 GHz pro
essor.From Table 3.3, we 
an observe that 
ompared with the original CP3, the time 
ost forba
kground modelling of the a

elerated algorithm dramati
ally redu
es even when only usinga limited sampling interval. For instan
e, when � = 5, the runtime redu
ed by 91.96%, while thePre
ision, Re
all and F-measure only redu
ed by 5.85%, 4.56%, and 5.12%, respe
tively. Theabove three metri
s 
an keep high levels mainly be
ause when the sampling interval is relativesmall, there are still suf�
ient quali�ed supporting pixels to maintain robust dete
tion.Larger-range quantitative tests are shown in Figure 2.19. We 
an observe that when thesampling interval � 
ontinues to in
rease, Pre
ision, Re
all and F-measure 
learly de
rease,and �nally tend to be stable at low levels.In summary, when using the a

elerated algorithm of CP3, it is suggested to �rstly 
ondu
ta preliminary work using a relative small sampling interval, whi
h would ef�
iently redu
ethe time 
ost of ba
kground modelling and maintain a fairly good dete
tion performan
e. Inaddition, an optimized implementation of Algorithm 4 for obje
t dete
tion 
an pro
ess about 17fps using a frame size of 1024�1024.Table 2.2: The 
omparison of CP3 and its a

elerated version.Interval Runtime (Se
.) Pre
ision Re
all F-measure� 151.57 0.923 0.877 0.899� = 2 47.02 0.920 0.857 0.887� = 3 31.51 0.903 0.851 0.876� = 4 15.73 0.887 0.844 0.865� = 5 12.19 0.869 0.837 0.853
2.5 SummaryIn 
on
lusion, CP3 builds a novel ba
kground model for obje
t dete
tion based on 
o-o

urren
e pixel pairs. The model performs robust dete
tion under outdoor and indoor extremeenvironments.The key 
ontributions of the algorithm are as follows:

• Compared with independent pixel-wise methods, CP3 determines stable 
o-o

urren
epixel pairs, instead of building the parameterized/non-parametrized model for a single41
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Figure 2.19: Pre
ision, Re
all and F-measure using the a

elerated algorithm of CP3 modelwith the sampling intervals from 0 to 320.pixel. These pixel pairs maintain a reliable ba
kground model, whi
h 
an be used to 
ap-ture stru
tural ba
kground motion and 
ope with lo
al and global illumination 
hanges.
• As a spatial-dependen
e method, CP3 does not prede�ne any lo
al operator, subspa
e orblo
k, and it provides an a

urate dete
tion 
riterion even though the gray-s
ale dynami
range is 
ompressed under weak illumination.We interpreted our method and 
ondu
ted experiments using gray-s
ale data, however, using
olour imagery is also an option for obje
t dete
tion. The modi�
ation of CP3 for multi-
hanneluse, su
h as rgb, 
an be realized through ve
torized extension of the basi
 unit for a three-dimensional observation; for the Gaussian model of ea
h pixel pair, the asso
iated mean valueand varian
e evolve to a 3D ve
tor and a 3 � 3 
ovarian
e matrix respe
tively.AppendixK-means 
lustering for optimizing spatial distribution:De�ne a spatial distan
e between P and Qn by d(P; Qn), and de�ne a spatial distan
e betweendifferent Qn by d(Qn;Qn0), where n = 1; 2; :::;N and n , n0. There are different approa
hesfor 
he
king the distan
e between two observed values, su
h as Eu
lidean distan
e, Hammingdistan
e or 
ity-blo
k distan
e. As a spatial distan
e measurement, we used Eu
lidean distan
e.A set to represent the lo
al spatial distribution of P and Qn is  (Qn) = fd(P; Qn); d(Qn;Qn0)g.(I) Initialize:Given random initial 
lustering 
enters Qpk (0) 2 fQng; k = 1; 2; :::;K, and one �xed 
lustering
enter of P, the total K + 1 number of initial seed lo
ations, the 
orresponding initial 
luster42
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Figure 2.20: Dete
tion using CP3 and its a

elerated algorithm.f (Qpk )0g = �.(II) Clustering:Assign ea
h Qn(u0; v0) to a 
luster with the 
losest seed lo
ation:fQPk g� = fQn : d(Qn;QPk [�℄)�d(Qn;QPk [�℄)g;where � is iteration times, and 8 k , k0, until Qn goes into exa
tly one fQPk g�.(III) Updating 
entroid:The updated 
entroid of the 
luster is 
al
ulated by the mean lo
ations:QPk [� + 1℄ = #�1 X(u0;v0)fQPk g�;where # is the number of Qn 2 fQPk g�. It is important to note that the lo
ation of P withoutupdating in step (III) also allows Qn 2 fPg to 
al
ulate d(P; Qn) in step (II).
43



Chapter 3. CP3 for image mat
hing
3.1 OverviewIn this 
hapter, we introdu
e a novel framework of robust image mat
hing based on Co-o

urren
e Probability based Pixel Pairs (CP3) [54℄. CP3 was originally a statisti
al ba
kgroundmodel, proposed for pixel-level obje
t dete
tion under dynami
 ba
kgrounds, su
h as suddenillumination �u
tuation and physi
al motion ba
kground. It has been proved to be very robustand a

urate for the obje
t dete
tion task. Theoreti
ally speaking, both the obje
t dete
tion andimage mat
hing 
an be seen as a model mat
hing problem. The differen
es is that the obje
tdete
tion is to seek the regions of interest (ROI) whi
h violate/mismat
h the ba
kground model,while the image mat
hing is to seek the ROI whi
h 
an mat
h the image model optimally.Therefore, we further extend the use of CP3 to the robust image mat
hing task.CP3 employs spatial pixel pairs to represent ea
h other by using their intensity differen
eswhi
h is mu
h more stable than the intensity of a single pixel, espe
ially when the intensity ofa single pixel 
hanges dramati
ally over time. The overview of the proposed image mat
hingframework is shown in Figure 3.1. Different from the traditional image mat
hing method, CP3�rstly 
arries out a spatial-temporal learning stage, to build the intensity differen
e of ea
hspe
i�
 pixel pair as a single Gaussian model, whi
h is effe
tive to 
ope with 
omplex s
enes.Although an additional learning stage is ne
essary, the experiment results show that the proposedmethod is robust under several imaging 
ases and it also outperforms other two well-knownrobust similarity measure Normalized Cross Correlation (NCC) and Statisti
al Rea
h Feature(SRF).It should be noted that, in this study, the proposed method aims to deal with the blur, partialillumination, highlight and o

lusion imaging 
onditions in natural and 
omplex environment,but it is not designed for dealing with the rotation, s
ale 
hange, and af�ne 
hange problems sofar. In addition, sin
e this method relies on a off-line supervised learning phase, it 
annot bedire
tly used for an on-line unsupervised learning based robot vision system, so far.The remainder of this 
hapter is organized as follows. In the next se
tion, SRF method isdis
ussed. Se
tion 3.3 details the learning phase. Se
tion 3.4 presents the similarity measurepro
edure. Se
tion 3.5 presents the experimental results, and Se
tion 3.6 is the summary of this
hapter.
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3.2. SRF FOR IMAGE MATCHING CHAPTER 3. CP3 FOR IMAGE MATCHING
Figure 3.1: Overview for the proposed image mat
hing framework.3.2 SRF for image mat
hingAs we mentioned in Se
tion 1.2.4, SRF is robust under illumination �u
tuation and it is also
omputational ef�
ient. However, the sign 
oding of SRF is produ
ed by a global threshold TP,whi
h would not be a

urate enough to des
ribe the intensity relationship of a spe
i�
 pixel pair.In detail, TP is a trade-off parameter, small TP 
annot maintain a reliable relationship betweena pixel pair be
ause the image noise always exists. On the other hand, large TP would 
ause alarge number of ineffe
tive pixel pair, i.e. the sign 
ode sr f (P ! Q;TP) = ?. This will makeSRF lose some details of the image, leading to an insensitive mat
hing. This problem 
annotbe ignored when the image is a degenerated by defo
using or low illumination. As shown inFigure 3.4 to Figure 3.12 in the experiment se
tions, SRF resulted false mat
hing.A
tually, the intensity differen
e of a pixel pair 
an be 
hanged along with the illumination
hange, e.g. the intensity differen
e will be smaller under a low illumination 
ase than it under anormal illumination, and vi
e versa. In this study, the proposed method based on CP3 also relieson the intensity relationship between pixel pairs. Different from SRF method, CP3 builds theintensity differen
e as a single Gaussian model for ea
h spe
i�
 pixel pair via a spatial-temporallearning stage, rather than a global threshold TP in SRF, whi
h is a more a

urate des
ription ofa pixel pair. The proposed image mat
hing framework also removes the de�nition of ? in SRF,allowing the pixel pair with similar intensity also build their Gaussian model, whi
h maintain a
onstant number of supporting pixels Q for ea
h target pixel P. On the basis of the illuminationinvarian
e property of CP3, we also propose a similarity measure fun
tion to a
hieve robustimage mat
hing.3.3 Spatial-temporal learning3.3.1 Spatial relationship modelIn this se
tion, we �rstly de�ne a spatial stru
ture of the supporting pixels for ea
h targetpixel P, as shown in Figure 3.2. This stru
ture is identi
al with the one of SRF that the supportingpixels are sele
ted from the eight neighbourhood pixels, denoted as Qk, where k = 1; 2; :::; 8.This spatial stru
ture has some advantage: (1) it is very ef�
ient for the following statisti
al
al
ulation. For all target pixels, the 3-D latti
e � 
an be operated by a matrix shift operationonly on
e for one supporting pixel. For instan
e, the intensity differen
e between P and Q145
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an be 
al
ulate between �(u; v; t) and �(u + 1; v + 1; t). (2) the neighbouring pixels generallyhave mu
h more stable intensity relationship than the pixels far away from ea
h other, espe
iallywhen the s
ene involves �u
tuation.

Figure 3.2: Spatial relationship model of a target pixel and its probability distribution.3.3.2 Parametrized statisti
al model of a pixel pairFor ea
h supporting pixel Qk, we assume that the intensity of it keeps a bivariate differen
e bwith the intensity of the target pixel P, that is pt�N(qt(k)+b; �2"), whereN refers to a normalizeddistribution. We de�ne �(pt ; qt(k) as the differen
e of P and Qk, then we have the Single Gaussianprobability density fun
tion (SG-PDF) as follows,f (�(pt ; qt(k)); �b; ��") =1��"p2�exp 0BBBBBB��12 0BBBB��(pt; qt(k)) � �b��" 1CCCCA21CCCCCCA ; (3.1)where the estimation of differen
e is �b = E[pt � qt(k)℄ and the estimation of noise standarddeviation ��" = �pt�qt(k) . We use maximum likelihood method to estimate the two parameters,�b = E[pt � qt(k)℄ = 1T TXt=1 (pt � qt(k)) (3.2)��2" = �pt�qt(k) = 1T TXt=1 ((pt � qt(k)) � �b)2 (3.3)The above two parameters ��", �b are re
orded in a look-up table (LUT) 
onsisting of fQkg �[ ��"; �b ℄ for the following image mat
hing pro
edure. So far, we have modelled the intensity dif-feren
e of ea
h pixel pair �(pt ; qt(k)) to be an unique statisti
al model SG-PDF f (�(pt ; qt(k)); �b; ��")46



3.3. SPATIAL-TEMPORALLEARNING CHAPTER 3. CP3 FOR IMAGE MATCHINGAlgorithm 3: CP3 for spatial-temporal learningData: B = fI1; I2; :::; IT g with total T images.Result: LUT of fQkgk=1;2;:::;8 
onsisting of [ ��"; �b℄.for ea
h P(u; v) 1�u�U; 1�v�V dofor ea
h Qk do(1) Compute �b = 1T PTt=1(pt � qt(k))(2) Compute ��2" = 1T PTt=1((pt � qt(k)) � �b)2(3) Re
ord [ ��"; �b ℄ into LUT of fQkg.with only two parameters ��" and �b. It has some 
hara
ters 
ompared with SRF method: (1) Bylearning a referen
e image sequen
e, f (�(pt ; qt(k)); �b; ��") 
an tolerate the noise of the pixel pairand it is also adaptive to the intensity 
hange of the pixel pair. (2) Without assuming any value ofthe two parameters, we estimate the values of the two parameters of ea
h pixel pair respe
tivelya

ording to the real referen
e image sequen
e. It is obvious that this manner is mu
h morea

urate than setting a global value to des
ribe the relation of a pixel pair.In this work, we use the differen
e value of the pixel pair to build a single Gaussian distri-bution, this way is different from a traditional Gaussian distribution fun
tion for a single pixel;If we only observe the intensity of a single pixel, the distribution would be 
hanged followingthe intensity variation, obviously, the single Gaussian method is not a proper model. When weobserve the differen
e value of the pixel pair, most of the 
ases, the values are 
lose to the meanvalue of the Gaussian model be
ause the differential relationship is relatively stable than the in-tensity itself, even the illumination 
hanged; when there are some more dif�
ult situations, su
has shades and shadows, most of the pixel pair 
ould still maintain a stable differen
e be
ausethey are neighbouring pixels. Certainly, the differen
e value of a pixel pair 
annot be always
losed to the mean value. The 
al
ulation of the Gaussian model for ea
h pixel pair 
an granteea pair of unique parameters (mean and varian
e) for ea
h pixel pair, whi
h 
an tolerate some dif-�
ult situations, but maintain an a

urate modelling a

ording to the spe
i�
 imaging 
onditionin the referen
e images for training.It should be noted that we use this SG-PDF to model the distribution of a pixel pair ratherthan a Gaussian mixture model (GMM) [11, 16, 19℄ be
ause we found that a SG works betterhere than a GMM des
ription, be
ause most of the neighbouring pixel pairs have stable intensityrelationship with ea
h other and the probability distribution of a pixel pair is always with onemajor peak. In addition, SG is more ef�
ient for 
omputation than GMM approa
h, be
ause inGMM method, an additional expe
tation maximization (EM) needs to be 
al
ulated to assignparameters to ea
h 
omponent of GMM.3.3.3 Prepare images for learningCompared with the traditional single referen
e image based methods, CP3 based on a spatial-temporal learning stage, whi
h need to prepare a 
ertain number of referen
e images for learn-47
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iple, these referen
e images should better 
over the possible 
hanges of the s
enario.For instan
e, we 
an use the 
amera to 
apture a s
enario with a �xed time interval when manu-ally providing different kinds of illumination (as the 
ase of Experiment 1). Sometimes, we haveto manually sele
t a set of referen
e images to organize more 
omplex situations (as the 
ase ofExperiment 2). In this 
ase, the a
quisition of the referen
e images is a manual pro
ess, whi
hinevitably have some translation of position among the referen
e images. Therefore it requires apre-pro
essing to align the referen
e images for the subsequent spatial-temporal learning. Whenpreparing the referen
e images for train at different lo
ations, be
ause we 
an roughly 
ontrolthe region we 
aptured manually, there are just slight translation of the position among the differ-ent referen
e images, in whi
h 
ase using NCC is enough to 
orre
t the translation error be
ausethe 
orrelation peak 
an be very 
on
entrate. This is far more easier than using NCC to sear
ha small target in a large and 
omplex �eld of view, in whi
h the similar stru
ture and the lo
alillumination would destroy an expli
it 
orrelation peak.Obviously, the proposed method is a �Best Effort� method, we have to manually sele
t a setof referen
e images a

ording to the dif�
ulty of spe
i�
 appli
ation. Generally, to realize ro-bust mat
hing, it is ne
essary to 
olle
t a large number of referen
e images in order to randomly
over mu
h more dif�
ult 
ases. In pra
ti
e, we suggest the user to use a way of in
rementallearning, that is �rstly 
ondu
t a preliminary work using a relatively small number of samples,then if ne
essary, add more samples a

ording to the performan
e evaluation.3.4 Similarity measureThe similarity measure in
ludes two stages: (1) identify the normal/abnormal state of ea
hpixel pair (P; Qk); (2) 
al
ulate a normalized similarity 
oef�
ient at ea
h position of the inputimage of a s
ene, and �nally produ
e a similarity index map.3.4.1 Identifying the state of the pixel pairThe proposed CP3 model 
onverts the image mat
hing problem into a 
ompetitive binary
lassi�
ation problem by 
omparing the intensity pairs (P; fQkgk=1;2;:::;8) in turn. For ea
h pixelpair (P; Qk), the binary fun
tion �(Qk) used to dis
riminate the normal/abnormal state 
an beestimated as the following 
ondition a

ording to Eq. (3.1):�(fQkgk=1;2;:::;8) =8>>><>>>: 1 if j(p � qk) � �b)j < C � ��"0 otherwise (3.4)where p and qk are the intensity value of P and Qk, respe
tively, in the testing image Jxy. Thetesting image Jxy is essentially a sliding window with the same size of the referen
e imageIt , whi
h s
ans the range of an input image S of a s
ene, where (x; y) 2 S . Note that usingthe bivariate normal distribution of the pixel pair is different from a traditional SG-PDF basedidenti�
ation fun
tion; In a single Gaussian method, the ideal threshold should be 
hanged48



3.5. EXPERIMENTALRESULTS CHAPTER 3. CP3 FOR IMAGE MATCHINGfollowing the latest intensity variation. For example, the standard deviation should be largerwhen the �u
tuations in illumination be
ome more intense. In our proposed version, the stabledifferen
e of a pixel pair provides an adaptive observation so that ��" is only related to the noisea
ting on ea
h pixel pair. Therefore, it is unne
essary to update an adjustable ��" to adapt to its
hanges 
aused by illumination 
hanges. The 
onstant C 
an be set from 1.0 to 3.0 to 
ontainan area of 68-99% of its PDF. In the following experiment se
tion we set C = 3:0. In addition,the re
ords of ��" and �b from the learning stage provide an a

urate parametrized 
riterion toprodu
e an expli
it 
orrelation peak, whi
h will be 
on�rmed in the experimental se
tion.3.4.2 Similarity 
oef�
ientAfter identifying the normal/abnormal state of the pixel pairs, 8 bits of �(Qk) are produ
edfor the following de
isions of ea
h P. In order to 
reate the similarity index map, the normalizedsimilarity 
oef�
ient �(I; J(x; y)) is de�ned as,�(I; Jxy)x;y2S = 18UV x+UXu=x+1 y+VXv=y+1 8Xk=1 �(Qk): (3.5)we 
an see that the similarity 
oef�
ient �(I; J(x; y)) 2 [0; 1℄ is a normalized summation to 
ountthe number of the pixel pair whi
h 
an mat
h the parametrized statisti
al model. This similaritydegree of the regions in the s
ene and the parametrized statisti
al model is free from the effe
tof noise and illumination 
hange. For the implementation of similarity measure, the pro
edureused to 
al
ulate �(I; J(x; y)) for every position (x; y) is performed by an LUT operation for
al
ulating �(Qk) and a bit 
ounting operation for 
al
ulating �(I; J(x; y)), both of whi
h arequite ef�
ient to implement on both 
onventional and embedded hardware. The pseudo-
odeof the similarity measure of CP3 is shown in Algorithm 4. By using the similarity 
oef�
ient�(I; Jxy)x;y2S to s
an the whole s
ene, it �nally produ
e a similarity index map 
ontaining thesimilarity 
oef�
ient value of ea
h pixel perdition. The true mat
hing position (X;Y)mat
h 
anbe got at the maximum value, (X;Y)mat
h = argmax(�(I; Jxy)x;y2S ) (3.6)
3.5 Experimental resultsTo evaluate the performan
e of the proposed method, we tested it on data in
luding 
halleng-ing environments for both qualitative and quantitative analysis.For quantitative analysis, we utilize the output signal-to-noise ratio (SNR), as did in [49℄,whi
h 
an evaluate the sharpness of the 
orrelation peak in the similarity index map, as followsS NR = j�truth � MjD ; (3.7)49



3.5. EXPERIMENTALRESULTS CHAPTER 3. CP3 FOR IMAGE MATCHINGAlgorithm 4: Similarity measure of CP3Data: Testing sliding window Jxy from an input image S of a s
ene.Result: Similarity index map with values of �(I; Jxy).for Ea
h sliding position (x; y) dofor Ea
h pixel P in J do(I) Initialize:Load look-up table � [ ��"; �b℄ of fQkgk=1;2;:::;8.(II) Pixel pair identi�
ation:for k = 1; 2; :::; 8 doif j(p � qk) � �b)j < C � ��" then�(Qk) = 1else�(Qk) = 0(III) Similarity 
oef�
ient:Compute �(I; Jxy)x;y2S = 18UV Px+Uu=x+1 Py+Vv=y+1 P8k=1 �(Qk).where �truth is the similarity 
oef�
ient value of the similarity index map 
orresponding to thetrue position, and M and D are the mean and standard deviation of �(I; Jxy)x;y2S respe
tively,in the region ex
luding the maximum. When the in
orre
t mat
hing o

ur, we also de�ne�(� f ault ; �truth) = j� f ault � �truthj to measure the departure degree of the true similarity 
oef�
ient,where � f ault is the maximum similarity 
oef�
ient of the similarity index map 
orresponding tothe false position.We 
ompared our algorithm with two methods: (1) NCC [38℄ method, a standardized methodamong single referen
e image based methods, and (2) SRF [46℄ be
ause it is a prede
essor andhas a homologous methodology with CP3. For SRF, we set Tp = 15 whi
h is suggested in [46℄.3.5.1 Experiment 1Figure 3.3 shows the experimental images, the input image of a s
ene is a 
ir
uit board
aptured under various imaging 
onditions, and a tiny 
hip is the target, whi
h has similar ap-pearan
e to some other parts of the 
ir
uit board. As depi
ted in the right hand of Figure 3.3,we used 67 pie
es of referen
e images whi
h keep gradual illumination 
hanges as the refer-en
e image sequen
e for CP3 learning, and we use the average image of the sequen
e as thesingle referen
e image for NCC and SRF. Subsequently, we evaluate the performan
e of thethree methods under normal illumination, defo
using, low-light with noise, and o

lusion, re-spe
tively. As shown in Figure 3.4 to Figure 3.7, the similarity index maps of CP3 have sharp
orrelation peaks with overwhelming magnitudes, whi
h provide 
lear maxima over the wholesimilarity index maps. As shown in Figure 3.4 to Figure 3.7, the 
orrelation index maps of SRFare mu
h narrow-ranged than CP3 and they also produ
e larger range noise than CP3 espe
iallyin the low-light and noise 
ase shown in Figure 3.6, be
ause its threshold TP is sensitive to the50
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ompression of the intensity's dynami
 range under low illumination. The similarity index mapsof NCC shown in Figure 3.4 to Figure 3.7, have so many disturbed lo
al maxima be
ause of thesimilar appearan
e between the tiny 
hip and other parts of 
ir
uit board, and NCC itself only
onsiders a global illumination 
hange but ignore the spatial stru
ture of a lo
al neighbourhoodper pixel, leading to less dis
riminative similarity 
oef�
ient values among the similarity indexmap. Table 3.1 summarized the 
orresponding quantitative analysis results, where it is 
lear thateven under severe imaging 
ondition, CP3 
an 
apture a 
orre
t 
orrelation peak, and the SNRvalues of CP3 are signi�
antly higher than both the one of SRF and NCC. In addition, we 
anobserve in Figure 3.4 (d) to Figure 3.7 (d) that, there is a �wall� on the right side of the similarityindex map of NCC method. That is be
ause the boundary of the board has a line of 
onne
ting�nger, whose appearan
e looks like the 
onne
ting �nger around the boundary of the 
hip. Thisphenomenon 
an be also observed in Figure 3.12 (f) in Experiment 2, when the s
ene has somesimilar appearan
e with the target.

Figure 3.3: Left hand is the input image of the s
ene for Experimental 1 (600�800). Right handis a subset of the referen
e image sequen
e for CP3 learning (magni�ed version).Figure 3.8 shows a demonstration of the two parameters �b and ��" of �(pt; qt(k)) at P(40; 23)with its supporting pixels. It is 
lear that ea
h Q have a spe
i�
 ��". When the �b is far from 0,the 
orresponding ��" 
ould have a larger value. In addition, we 
an see that the distribution ofQ1,Q3 and Q4 near 0, and Q1 and Q3 
over both a plus and a minus range. CP3 
an des
ribethis 
ase suf�
iently using the two statisti
al parameters. We also show the SRF threshold Tpand list the SRF sign of ea
h Q. We 
an see that SRF has to set this sign of Q1,Q3 and Q4to ?, whi
h means they 
annot work for the mat
hing. To show the intuitive representationof the distribution of �(pt ; qt(k)) in Figure 3.8, we provide the 
orresponding histogram of thedistribution in Figure 3.8 (
). 51
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(a) Normal

(b) CP3 (Normal) (
) SRF (Normal)

(d) NCC (Normal)Figure 3.4: Experiment 1 (Normal). Input images of a s
ene and mat
hing results (600 � 800),and the 
orresponding similarity index maps of CP3, SRF and NCC.52
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(a) Defo
using

(b) CP3 (Defo
using) (
) SRF (Defo
using)

(d) NCC (Defo
using)Figure 3.5: Experiment 1 (Defo
using). Input images of a s
ene and mat
hing results (600 �800), and the 
orresponding similarity index maps of CP3, SRF and NCC.53
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(a) Low-light

(b) CP3 (Low-light) (
) SRF (Low-light)

(d) NCC (Low-light)Figure 3.6: Experiment 1 (Low-light). Input images of a s
ene and mat
hing results (600�800),and the 
orresponding similarity index maps of CP3, SRF and NCC.54
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(a) O

lusion

(b) CP3 (O

lusion) (
) SRF (O

lusion)

(d) NCC (O

lusion)Figure 3.7: Experiment 1 (O

lusion). Input images of a s
ene and mat
hing results (600�800),and the 
orresponding similarity index maps of CP3, SRF and NCC.55



3.5. EXPERIMENTALRESULTS CHAPTER 3. CP3 FOR IMAGE MATCHINGTable 3.1: SNR of CP3, SRF and NCC (Experiment 1).Conditions Method Mat
h �truth � f ault � M j�truth � Mj D SNRCP3 
 0.649 - - 0.217 0.432 0.105 4.114Normal SRF 
 0.504 - - 0.209 0.295 0.127 2.323NCC 
 0.351 - - 0.075 0.276 0.140 1.971CP3 
 0.570 - - 0.259 0.311 0.137 2.270Defo
using SRF � 0.270 0.311 0.041 - - - -NCC 
 0.338 - - 0.087 0.251 0.154 1.630CP3 
 0.549 - - 0.258 0.291 0.104 2.798Low-light SRF � 0.394 0.417 0.023 - - - -NCC � 0.139 0.273 0.134 - - - -CP3 
 0.590 - - 0.241 0.349 0.119 2.933O

lusion SRF 
 0.435 - - 0.110 0.325 0.124 2.621NCC � 0.141 0.145 0.004 - - - -

56
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(a) A target pixel (b) Magni�ed neighbourhood andtheir mean intensity values
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(d) CP3 and SRF sign. Pillars are the range of �b � ��" of CP3, values �b and ��" are in bra
kets. SRF signsare in the 
ir
les at the bottom.Figure 3.8: An example of CP3 and SRF.57



3.5. EXPERIMENTALRESULTS CHAPTER 3. CP3 FOR IMAGE MATCHING3.5.2 Experiment 2Next, we perform an experiment based on a real appli
ation, in
luding 
omprehensive high-light and o

lusion 
onditions. As shown in Figure 3.9, the input image of a s
ene is a groupof glossy pa
kages of food on a shelf of a supermarket under �uores
ent lamp illumination.Moreover, the individual differen
es of the plasti
 
overs of the pa
kages lead to the variety ofhighlight and o

lusions.Using a robot vision devi
e designed for lo
ating the expiration date of food 
an improvethe quality of servi
e. However, it is very dif�
ult to sele
t an appropriate referen
e imagewhen using traditional single referen
e image mat
hing framework. In addition, in this providedexample, there are eight potential targets in this s
ene, whi
h upraise the dif�
ulty for mat
hing,where the eighth 
orrelation peak should be higher than any of the disturbed lo
al false maxima.We sele
ted total 57 possible o

urred referen
e images for CP3 learning, as shown in the lefthand of Figure 3.9. For NCC and SRF, we used the average image of this sequen
e as a referen
eimage.In Figure 3.10, the similarity index map of CP3 has eight sharp spikes, whi
h su

essfullylo
ate the eight targets in the s
ene as shown in Figure 3.10. The similarity index maps of SRFand NCC are shown in Figure 3.11 and Figure 3.12, both of whi
h lose some mat
hing positionsshown in Figure 3.11 and Figure 3.12.Table 3.2 summarizes the 
orresponding quantitative analysis results. Sin
e this s
ene 
on-tains multiple targets, to avoid 
onfusion, we gave up using the departure degree of the true
oef�
ient �(� f ault ; �truth) = j� f ault � �truthj for 
omparison. The average SNR of CP3 is signi�-
antly higher than the one of both SRF and NCC.

Figure 3.9: The right hand is the input image of the s
ene for Experiment 2 (640�480). The lefthand is a subset of the prepared referen
e image sequen
e for CP3 learning (magni�ed version).
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(a) CP3 mat
hing

(b) CP3 similarity index mapFigure 3.10: Experiment 2. Input images of a s
ene and mat
hing results (640 � 480), andsimilarity index maps of CP3.
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(a) SRF mat
hing

(b) SRF similarity index mapFigure 3.11: Experiment 2. Input images of a s
ene and mat
hing results (640 � 480), andsimilarity index maps of SRF.
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(a) NCC mat
hing

(b) NCC similarity index mapFigure 3.12: Experiment 2. Input images of a s
ene and mat
hing results (640 � 480), andsimilarity index maps of NCC.
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3.5. EXPERIMENTALRESULTS CHAPTER 3. CP3 FOR IMAGE MATCHINGTable 3.2: Average SNR of CP3, SRF and NCC (Experiment 2).Methods �truth M D SNRCP3 0.57 0.16 0.19 2.16SRF 0.49 0.22 0.21 1.29NCC 0.37 -0.05 0.39 1.083.5.3 Experiment 3Next, we performed an experiment based on the input image of another 
ir
uit board 
apturedunder partial illumination, highlight and o

lusion imaging 
onditions, and three 
apa
itors witha very tiny size and an identi
al model, are the targets, whi
h is the most dif�
ult 
ase amongthe three experiments. As shown in Figure 3.13, we sele
ted total 70 o

urred referen
e imagesfor CP3 learning. In Figure 3.14 (a), CP3 su

essfully lo
ates the three targets in the s
eneunder partial illumination 
ondition. However, in Figure 3.14 (b) and (
), we 
ould �nd thatboth of them lose a 
orre
t mat
hing position, under mu
h more severe o

lusion and highlightsituations.

Figure 3.13: A subset of the prepared referen
e image sequen
e for CP3 learning for Experiment3 (magni�ed version).

62
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(a) S
ene 1 (mathed all the 3 targets 
orre
tly)

(b) S
ene 2 (mathed 2 targets 
orre
tly, mis-mathed 1 target under serve o

lusion) (
) S
ene 3 (mathed 2 targets 
orre
tly, mis-mathed 1 target under serve highlight)Figure 3.14: Experiment 3. (a)-(
) Input images of a s
ene and mat
hing results using CP3.3.5.4 Computation 
ostTable 3.3 shows 
omputation time per pixel for CP3, SRF and NCC, using the dataset inExperiment 2. In the learning stage, the pro
essing time of CP3 for per pixel is about three timesthan that of the similarity measure stage. This is an a

eptable time 
ost be
ause the referen
eimages are in mu
h smaller size than the size of the input image of a s
ene. In similarity measurestage, the 
omputational 
ost of CP3 is mu
h smaller than the one of NCC be
ause it does notdo any pixel-wise multiply operation, but do a quite ef�
ient LUT operation and bits 
ountingoperation. The 
omputational 
ost of CP3 is almost the same level as the one of SRF be
auseboth of them 
ontain an LUT operation with only two parameters, even if CP3 in
ludes a more63



3.6. SUMMARY CHAPTER 3. CP3 FOR IMAGE MATCHINGa

urate statisti
al model. The runtime is measured on a 
omputer with a Intel Xeon 3.0 GHzpro
essor and implemented by C language.Table 3.3: Comparing 
omputational 
ost of Experiment 2 (�s=pixel).Methods Learning stage Similarity measureCP3 1.093 0.381SRF - 0.342NCC - 2.2773.6 SummaryIn this 
hapter, an image mat
hing method based on 
o-o

urren
e probability based pixelpairs, whi
h has the nature of robustness for severe imaging 
onditions, has been proposed. Bylearning a set of referen
e images, the spatial and statisti
al models effe
tively improved thequality of similarity measure, and the pixel pair stru
ture effe
tively redu
es the disturban
es ofthe illumination �u
tuation. The 
orresponding quantitative analysis results 
learly shows thatin most severe imaging 
onditions, CP3 
an 
apture a 
orre
t 
orrelation peak, and the SNRvalues of CP3 are signi�
antly higher than both the one of SRF and NCC.There are still some works worth to be explored in this study. Firstly, the a
quisition of thereferen
e images needs to be improved so that it 
an be more �exibly applied to a robot system.Se
ondly, this method 
ould be potentially integrated with some mathemati
al manipulation todeal with geometri
 varian
e, e.g. rotation, s
ale 
hange, and af�ne 
hange. Some 
andidateways 
ould be 
onsidered to integrate with CP3 to realize rotated and s
aled image mat
hing,for example in [62℄, a hierar
hi
al frame work are employed for rotated image mat
hing. Amore general way is [49℄, whi
h used Fourier-Mellin invariant (FMI) as a des
riptor to deal withtranslated, rotated, and s
aled referen
e images. We will 
onsider how to 
ombine the merits ofour proposed method and the previous methods in our future work.
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Chapter 4. Con
lusion and future work
4.1 Con
lusionThis thesis proposed a novel ba
kground model for obje
t dete
tion based on 
o-o

urren
epixel pairs. This ba
kground model breaks the 
onstraint of the assumption that the pixels'
orrelation degree depends on the spatial distan
e between them that ea
h observed pixel hashigher 
orrelation with its neighbouring pixels.The ba
kground model performs robust dete
tion under outdoor and indoor extreme environ-ments. CP3 determines stable 
o-o

urren
e pixel pairs, instead of building the parametrized/non-parametrized model for a single pixel. These pixel pairs maintain a reliable ba
kground model,whi
h 
an be used to 
apture stru
tural ba
kground motion and 
ope with lo
al and global illu-mination 
hanges. As a spatial-dependen
e method, CP3 does not prede�ne any lo
al operator,subspa
e or blo
k, and it provides an a

urate dete
tion 
riterion even though the gray-s
aledynami
 range is 
ompressed under weak illumination.Compared with GAP, the proposed method employs a 
o-o

urren
e histogram to des
ribethe relationship of a pixel pair, whi
h is free from any intensity differen
es, and 
al
ulatesnormalized 
orrelation 
oef�
ients for measuring the degree of 
o-o

urren
e whi
h 
an dealwith a dynami
 ba
kground. It also introdu
es a spatial 
lustering operation to sele
t optimalsupporting pixels and then provides a more a

urate parametrized dete
tion 
riterion instead ofa �xed double-sided threshold.The speed-up algorithm based on the pixel sampling operation allows us to a
hieve highspeed ba
kground modelling when dealing with high resolution surveillan
e videos. when usingthe a

elerated version of CP3 ef�
iently redu
e the time 
ost of ba
kground modelling andmaintain a fairly good dete
tion performan
e. In addition, an optimized implementation forobje
t dete
tion 
an meet the requirement of real-time dete
tion utilization.In this study, an image mat
hing method based on 
o-o

urren
e probability based pixelpairs, whi
h has the nature of robustness for severe imaging 
onditions, has been also proposed.By learning a set of referen
e images, the spatial and statisti
al models effe
tively improved thequality of similarity measure, and the pixel pair stru
ture effe
tively redu
es the disturban
esof the illumination �u
tuation. Although an additional learning stage is ne
essary, the experi-ment results show that the proposed method is robust under several imaging 
ases and it alsooutperforms SRF method and traditional NCC. CP3 
an 
apture a 
orre
t 
orrelation peak, andthe SNR values of CP3 are signi�
antly higher than both the one of SRF and NCC. In similaritymeasure stage, the 
omputational 
ost of CP3 is mu
h smaller than the one of NCC and almostthe same level as the one of SRF. 65



4.2. FUTUREWORK CHAPTER 4. CONCLUSION AND FUTUREWORK4.2 Future workShadow dete
tionIn this study, we do not 
onsider the problem of shadow. Moving shadows do, however, 
auseserious problems while extra
ting moving obje
ts, due to the mis
lassi�
ation of shadow pointsas foreground. Shadows 
an 
ause merging of obje
ts, obje
t shape distortion and even obje
tlosses (due to the shadow 
ast over another obje
t). The dif�
ulties asso
iated with shadowdete
tion arise sin
e shadow and obje
ts share two important visual features. Shadows are darkand typi
ally differ signi�
antly from the ba
kground and they have the same motion as theobje
ts 
asting them. We will introdu
e 
olour spa
e analysis te
hniques and integrate CP3 intoa shadow dete
tion framework.Image mat
hingThere are still some works worth to be explored in this image mat
hing study. Firstly, thea
quisition of the referen
e images needs to be improved so that it 
an be more �exibly appliedto a robot system. Se
ondly, this method 
ould be potentially integrate with some mathemati
almanipulation to deal with geometri
 varian
e, e.g. rotation, s
ale 
hange, and af�ne 
hange. Infuture, the learning-based image mat
hing approa
hes will play an essential and irrepla
eablerole. The authors will 
ontinue to develop su
h approa
hes.Pedestrian tra
kingPedestrian tra
king in real-world is a 
hallenging task due to the presen
e of noise, o

lu-sion, 
lutter, dynami
 ba
kground elements and 
onfusing ba
kground 
olours. The generalway to tra
k the pedestrian is to model the appearan
e of the pedestrian using an observationmodel. The 
ommonly used observation models built for tra
king are edge-based, 
olour-based,and 
ontour-based features. However, algorithms relying on only one feature are less robustand suffer from various limitations in 
omplex s
enarios. The 
olour feature is robust to noiseand partial o

lusion but suffers from illumination 
hanges. The edge and 
ontour features aremore robust to illumination variation 
ompared to the 
olour feature but are mu
h sensitive toba
kground 
lutter. Due to the merits of CP3 in ba
kground modelling for obje
t dete
tion andappearan
e modelling for image mat
hing, we will 
onsider some spe
i�
 detail to utilize CP3as an appearan
e modelling for the elasti
 body of the pedestrian, and will integrate CP3 as arobust feature into an pedestrian tra
king framework, su
h as Kalman �ltering, Mean-shift orSequential Monte Carlo, in our future work.
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