
Human Action Recognition Based on Key Postures 

A Thesis Submitted for the Degree of 

Doctor of Philosophy 

By 

Yan Chen 

in 

School of Computing and Communications 

UNIVERSITY OF TECHNOLOGY, SYDNEY 

AUSTRALIA 

SEPTEMBER 2009 



UNIVERSITY OF TECHNOLOGY, SYDNEY 

SCHOOL OF COMPUTING AND COMMUNICATIONS 

The undersigned hereby certify that they have read this thesis 

entitled "Human Action Recognition Based on Key Postures" by 

Yan Chen and that in their opinions it is fully adequate, in scope and 

in quality, as a thesis for the degree of Doctor of Philosophy. 

·;. ' 

Dated: September 2009 

Research Supervisor: 
Xiangjian He 

11 



CERTIFICATE 

Date: September 2009 

Author: Yan Chen 

Title: Human Action Recognition Based on Key Postures 

Degree: Ph.D. 

I certify that this thesis has not already been submitted for any degree 
and is not being submitted as part of candidature for any other degree. 

I also certify that the thesis has been written by me and that any help 
that I have received in preparing this thesis , and all sources used, have been 
acknowledged in this thesis. 

~~~~~S-i-g~~~a~tu-reof ·~\1-t_h_o_r~~~~-

lll 



Acknowledgements 

I would like to take this opportunity to express my sincere gratitude to my 

supervisor, A/Prof. Xiangjian He for his continuous encouragement, advice, 

help and invaluable suggestions. I feel really happy, comfortable and uncon-

strained with him during my PhD study here. Many thanks are also due to 

my co-supervisors, A/Prof. Tom Hintz and Dr. Qiang Wu for their valued 

suggestions and constant supports, and for the numerous conversations with 

them. I gratefully acknowledge the invaluable discussion with Prof. Massimo 

Piccardi. 

I appreciate the financial assistance of Australian Postgraduate Award (APA) 

provided by the Australian government . I appreciate the travel support for 

attending the conferences which I received from the previous Faculty of Infor-

mation Technology and the UTS Vice-Chancellor's Conference Fund. I also 

appreciate the financial support from a Student Equity Grant of UTS, which 

helped me release from housework. 

I wish to thank my fellow research students and the staff of the school, 

especially those people listed below for providing various assistance for the 

completion of this research work. 

• Wenjing Jia, Lihong Zheng, Huaifeng Zhang, Oscar Perez Concha, Hatice 

Gunes, Ahmed Otoom 1 Zui Zhang, Ruo Du, Cao Zeng . 

Last but not least , I would like to thank my husband, Jianming, for his 

understanding and assistance. I also thank my parents and parents-in-law for 

their constant support. This thesis could not have been completed without the 

support and encouragement of my brother and my best friends . 

IV 



To My Family, Felix and Ivan 

v 



Table of Contents 

Table of Contents 

List of Tables 

List of Figures 

Author's Publications for the Ph.D 

Abstract 

1 Introduction 
1.1 Application Domains of Human Motion Analysis . 
1.2 Research Motivation . 
1.3 Author 's Contributions 
1.4 Thesis Organization . 
1.5 Terminologies . . . . . 

2 Literature Review of Human Motion Analysis 
2 .1 Hum an Detection . . . . . . . . . . . 

2.1.1 Motion Segmentation . . . . . 
2.1.2 Moving Object Classification . 

2.2 Human Tracking .......... . 
2.3 Human Behaviour Understanding .. 

2.3.1 Human Posture Representation 
2.3.2 Human Action Representation . 

2.4 

2.3 .3 
2.3.4 

Action Recognition . . . . . . . 
Knowledge of Key Posture Based Action Recognition 

Summary 

Vl 

vi 

ix 

x 

Xlll 

xv 

1 
2 
3 
4 
5 
7 

8 
10 
10 
15 
16 
19 
20 
23 
27 
31 
34 



3 Human Detection 
3.1 Moving Object Extraction 

3.1.1 Adaptive MoG Model 
3.2 Pedestrian Detection in Video 

3.2.1 Pedestrian Recognition Using Histogram of Angle 
3.2.2 Experiments . . . . . . . . . 

3.3 Human Detection in Static Images 
3.3.1 Hausdorff Distance . . . . . 
3.3.2 Mahalanobis Distance . . . 
3.3.3 Mahalanobis Distance VS Hausdorff Distance 

36 
37 
38 
40 
41 
46 
51 
51 
53 
54 

3.3.4 Human Detection Based on Human Geometrical Structure 54 
3.3.5 Experiments . 63 

3.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . 68 

4 Human Action Recognition Based on Shape Features 
4.1 Key Posture Selection 

4.1.1 Coarse Selection . 
4.1.2 Fine Selection .. 

4.2 Action Recognition ... 
4.2.1 Dynamic Time Warping 
4.2 .2 Action Template Creation and Matching 

4.3 Experiments 
4.4 Summary .. . . .. . .......... ... . 

5 Human Action Recognition Based on Radon Transform 
5.1 Human Posture Representation By Radon Transform . . . 

5.1.1 Radon Transform . . . . . . . . . . . . . . . . . . . 

70 
71 
72 
76 
83 
84 
89 
98 
99 

102 
103 
103 

5.1.2 Human Posture Representation Using Radon Transforms 105 
5.2 Key Posture Selection . . . . . . . . . 106 

5.2.1 Affinity Propagation Clustering 106 
5.2.2 Key Posture Identification 110 

5.3 Action Recognition . . . . . . . . . . . llO 
5.3.1 Action Template Creation . . . 111 
5.3.2 Learning and Classification Procedure 113 

5.4 Experiments . . . . . . 117 
5.4.1 Experiments 1 . 117 
5.4.2 Experiments 2 . 119 

5.5 Summary . . . . . . . 126 

Vil 



6 Conclusions and Future Work 
6.1 Conclusions ... . ..... . 

6.1.1 Human Detection .. . 
6.1.2 Human Action Recognition 

6.2 Future Work . . . . . . . . . . . . . 

Appendix A 
Pictures Used in Chapter 3 

Appendix B 
Part of Action Videos 

Bibliography 

Vlll 

129 
129 
129 
131 
133 

135 

142 

152 



List of Tables 

3.1 Experiments results for pedestrian detection 50 

3.2 Detail accuracy for pedestrian detection 50 

4.1 Confusion matrix for action recognition 100 

4.2 Accuracies for action recognition 100 

5.1 Confusion matrix for leave-one-subject-out cross validation (SMO) 119 

5.2 Accuracies for leave-one-subject-out cross validation (SMO) 120 

5.3 Confusion matrix for leave-one-subject-out cross validation (BayesNet) 120 

5.4 Accuracies for leave-·one-subject-out cross validation (BayesNet) 121 

5.5 Confusion matrix for leave-one-subject-out cross validation (C4.5) 121 

5.6 Accuracies for leave-one-subject-out cross validation (C4.5) 122 

5.7 Confusion matrix for leave-one--out cross validation (SMO) 123 

5.8 Detail accuracy for leave-one-out cross validation(SMO) . 123 

5.9 Confusion matrix for leave-one-out cross validation (BayesN et) 124 

5.10 Detail accuracy for leave-one-out cross validation ( BayesN et) 124 

5.11 Confusion matrix for leave-one-out cross validation (C4. 5) 125 

5.12 Detail accuracy for leave-one-out cross validation (C4.5) 125 

5.13 Comparison with related studies . .. 126 

IX 



List of Figures 

1.1 Framework of human action recognition based on key postures 

2.1 Framework human motion analysis [109] ...... .. . 

2.2 General model of articulated human body kinematic [26] 

2.3 Human posture representation of body part [7] 

2.4 The posture representation [59] . . . . 

2.5 An example of Hidden Markov Models 

3.1 Cycle of human walking .... 

3.2 Outline of pedestrian detection 

3.3 Object and its skeleton .. ... 

3.4 Angle histograms between centroid point and bottom end points before 

6 

9 

21 
24 

26 

28 

42 

42 

43 

normalization. (a) Pedestrian angle histograms, (b) Car angle histograms 48 

3.5 Angle histograms between centroid and two end bottom points after 

normalization: (a) Pedestrian angle histograms. (b) Car angle histograms 49 

3.6 Variance of angle histogram . . . . . . . . . 50 

3. 7 The Hausdorff distance calculation example 53 

3.8 Separating image into blocks [105] . . . . . . 55 

3.9 Example of distance map. (a): Distance map of human images; (b): 

Distance map of non-human images . . . . . . . . . . 

3.10 Average distance map. (a): human; (b): non-human . 

3.11 Difference map between human and non-human average map 

3.12 Data flow for calculation projection matrix ......... . 

x 

57 

58 

59 

61 



3.13 Image examples used in the experiments. (a) non-human images; (b) 

human images . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63 

3.14 Score distribution obtained by different methods: a) human images 

with Mahalanobis distance; b) non-human images with Mahalanobis 

distance; c) human images with Hausdorff distance; d) non-human 

images with Hausdorff distance. . . . . . . . . . . . . . . . . . . . 65 

3.15 Recognition rates obtained under different parameters with different 

methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66 

3.16 Ratios of inter-class scatter and intra-class scatter obtained under dif-

4.1 

4.2 

4.3 

4.4 

4.5 

4.6 

4.7 

4.8 

4.9 

ferent parameters with different methods 

Block devision of a human image . . . . 

Information measurement of a running sequences 

Coarse selection work ft ow. . . . . . . . . . . . . . 

Key posture candid-ates after coarse selection (running) : (a) Original 

sequence; (b) T=lO; (c) T=5 . .. . . .. .... .. .. . ...... . 

Key posture candidates after coarse selection (Jack): (a) Original se-

quence; (b) T=lO; (c) T=-5 .... .. . . ..... .. .... .. .. . 

Eight-point representation of a human body: (a) Interested points se-

lecting; (b) Points labeling . . . . . . . . . . . . . . . . . 

Final key postures of running action: (a) T = lO; (b) T=5 

Final key postures of jack action: (a) T=lO; (b) T=5 

Examples of final key postures for actions in database 

67 

73 

74 

75 

77 

78 

79 

83 
84 
85 

4.10 A warping between two sequences 86 

4.11 Warping path example . . . . . 87 

4.12 An example of distance matrix . 90 

4.13 An example of a warping path cost matrix and its warping path 90 

4.14 Distance calculation between two sequences 

4.15 Distance matrix between sequence Q and sequence R 

4.16 Warping path calculation example-step 3 . . . . . . 

Xl 

92 

94 
94 



4.17 Warping path calculation example---step 4 

4.18 Warping path calculation example---step 5 

4.19 Warping path calculation example---step 6(1) 

4.20 Warping path calculation example---step 6(2) 

4.21 Warping path calculation example---step 6(3) 

4.22 Warping path for the example 

4.23 An example of database(jack) 

5.1 The Radon transform computation [1] 

5.2 Radon transforms for two parallel lines 

5.3 Human images and their corresponding Radon transforms 

5.4 Affinity propagation clustering procedure 

5.5 A linear Support Vector Machine [83] 

5.6 An example of Bayesian network 

5. 7 An example of Decision Tree . . . 

Xll 

95 

95 

96 
96 
97 

97 

99 

103 

104 

106 

109 

115 

116 

117 



Autl1or's Publications for the Ph.D 

1. Y. Chen, Q. Wu, and X. He, "Human Action Recognition by Radon Trans-

form," in book 'Multimedia Analysis, Processing and Communications' , 2009, 

accepted. 

2. Y. Chen, Q. Wu, and X. He, "Human Action Recognition by Radon Trans-

form," in 2008 IEEE International Conference on Data Mining Workshops 

(ICDMW2008) , pp.862-868, 2008. 

3. Y. Chen, Q. Wu, and X. He, "Extracting Key Postures Using Radon Trans-

form," in Image and Vision Computing New Zealand (IVCNZ08), IEEE Digital 

Library, 5 pages, 2008. 

4. C. Du, Qiang.Wu., J. Yang, X. He, Y. Chen, i'Subspace Analysis Methods 

Plus Motion History Image for Human Action Recognition", in Digital Image 

Computing: Techniques and Applications (DICTA2008), Canberra, Australia, 

pp. 606-611, December 2008. 

5. Y. Chen, Q. Wu, X. He, W. Jia, and T. Hintz, "A Modified Mahalanobis 

Distance for Human Detection in Out-door Environments ," in the First IEEE 

International Conference on Ubi-Media Computing, 2008, pp. 243-248. 

6. Y. Chen, Q. Wu, X. He, C. Du, and J. Yang, "Extracting Key Postures in a 

Human Action Video Sequence /; in the 10th International Workshop on Mul-

timedia Signal Processing (MMSP2008) , 2008, pp. 569-573. 

Xlll 



Author's Publications XlV 

7. Y. Chen, Q. ·\aiu, and X. He, "Using Dynamic Programming to Match Hu-

man Behavior Sequences," in the 10th International Conference on Control, 

Automation, Robotics and Vision (ICARV2008) pp.1498-1503, 2008. 

8. Y. Chen, Q. Wu, and X. He, "Motion Based Pedestrian Recognition," in IEEE 

Congress on Image and Signal Processing, 2008, pp. 376-380. 

9. Y. Jiang, Y. Chen, Z. Zeng, and X. He, "A Bank Customer Credit Evaluation 

Based on the Decision Tree and the Simulated Annealing Algorithm," in the 

8th IEEE International Conference on Computer and Information Technology, 

2008, pp. 203-206. 

10. X. He, J. Li, and Y. Chen, "Local Binary Patterns with Mahalanobis Distance 

Maps for Human Detection," in IEEE Congress on Image and Signal Processing, 

2008, pp. 520-524. 

11. Y. Chen, Q. Wu, X. He, W. Jia, and T. Hintz, "Pixel Structure Based on 

Hausdorff Distance for Human Detection in Out-door Environments," in Digital 

Image Computing: Techniques and Application (DICTA2007), pp. 67-72, 2007. 

12. Y. Chen , Q. Wu, X. He, W. Jia, and T. Hintz, ''Study on Human Behaviour Re-

trieval," in Proceeding of International Conference on Image Processing, Com-

puter Vision, and Pattern Recognition , pp. 448-454, 2007. 



Abstract 

Human motion analysis has gained considerable interests in the computer vision area 

due to the large number of potential applications and its inherent complexity. Cur-

rently, human motion analysis is at an early stage. Its final aim is to generate an 

easy understanding, high level semantic description in a given scene. Human action 

recognition is an important step to the final aim of human motion analysis. 

Human Detection 

Human detection is part of the field of human motion analysis. The thesis looks 

at human detection. The thesis proposes a method using histogram of angles to 

discriminate pedestrians from vehicles. This proposed method is encouraged by the 

reality that humans are non-rigid objects, An angle formed by the centroid point and 

two bottom points for a human changes periodically while the angle for the vehicle is 

relatively static. In this part, this thesis also presents an approach to detect humans in 

static images. The thesis proposes an approach which uses human geometric features 

to fulfill the task. 

Human Action Recognition 

The thesis focuses on human action recognition. The thesis proposes what will be 

called a key postures based human action recognition approach. As we have known, 

human actions can be well described by a few important postures (called key pos-

tures) which are significantly different from each other and all other postures can be 

xv 



Abstract XVI 

clustered to these key postures. Therefore, these key postures can be used to represent 

and to infer the corresponding human action. The benefit of using key postures to 

represent human action is to reduce computational complexity. The thesis proposes 

two methods for human action recognition based on key postures. One is a human ac-

tion recognition based on shape features and the other one is action recognition based 

on Radon transforms. Both methods follow three steps to achieve action recognition. 

These steps are video processing, key posture extraction and action recognition. 

A two-step approach is proposed to extract key postures from preprocessed action 

video. These two steps are coarse selection and fine selection. Feature extraction and 

representation are discussed in both steps. After key postures are extracted from a 

video, key posture sequences are used to represent human actions. Each key posture 

sequence is regarded as an action template. In order to compare two action sequences, 

Dynamic Time Warping (DTW) is applied to determine the distance between the two 

action sequences. 

In the second method, in order to obtain key postures, the action sequences are 

extracted from the preprocessed silhouettes using Radon transforms. Then, an unsu-

pervised cluster analysis is applied to Radon transforms to identify the key postures 

for each sequence. Such key postures are used in the subsequent training and testing 

procedure. Several benchmark classifiers are used in this work for action learning and 

classification. 

Author's Publications 

This thesis covers the research results conducted by the author while undertaking for 

the degree. Most of the results have been published in research papers in refereed 

publications which are listed in Author's Publication for Doctor of Philosophy (PhD). 



Chapter 1 

Introduction 

Human motion analysis is commonly referred to as 'dealing with people ' or 'looking 

at people '. The goal for human motion analysis is to extract suitable human motion 

patterns from image sequences and to interpret human behaviour and the interactions 

between people and other objects. 

Human motion analysis has gained considerable interests in the computer vision 

area due to the large number of potential applications and its inherent complexity. 

The potential applications have a wide range of domains, which include smart visual 

surveillance, advanced user interface for control and command, motion based analysis 

and so on [76.]. These domains of potential applications make the automatic capture 

and analysis of human motion popular as research topics. 

Although researchers have tried to use machine learning techniques for human 

motion analysis, the research in this area is still in its infancy [109]. The difficulties 

exist in the steps of feature selection and learning/ determining from the selected 

features using machine learning techniques. The final objective of human motion 

analysis is to generate an easy understanding, high level semantic description in a 

given scene. However, at present 1 the research of motion analysis focuses on simple 

1 



Chapter 1. Introduction 2 

actions, such as walking and running. Recognition of these simple actions is an 

important step for the final objective of human motion analysis. 

1.1 Application Domains of Human Motion Anal-
. ys1s 

One application of human motion analysis is for 'smart' surveillance. Smart surveil-

lance monitors security sensitive locations automatically in order to detect illegal or 

unexpected events. These security sensitive places include airports, railway stations, 

shopping malls, borders and so forth. Surveillance cameras are already prevalent in 

these security-sensitive areas. A requirement in smart surveillance systems is that 

the analysis of surveillance data can be made in real time so that the security officers 

at the monitoring stations can be alerted without delay when a suspicious event is 

detected. These applications often require distinguishing the unusual activities from 

the usual ones. 

H uma.n motion analysis can also be used to measure traffic flow or to analyze 

crowds of people in public areas. 

Control and command is another application domain of human motion analy-

sis . Visual cues such as gestures, postures and facial expressions arc used to control 

human-machine interfaces. For example, in a game application , such interfaces al-

low game players to interact with games through body movements as can be seen in 

Sony's EyeToy games [2] . 

Furthermore, human motion analysis is often used to optimize athlete 's perfor-

mances. A system built for this application observes and analyzes the motion of a 
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human in a video, and then make suggestions for improvement. 

To name a few, other applications of human motion analysis include content based 

video footage indexing, automatic diagnostics of orthopedic patients, choreography. 

1.2 Research Motivation 

The first motivation for this research is because it has many potential applications 

which have been discussed in Section 1.1. 

Human action recognition is an important step toward the final objective of human 

motion analysis. The main challenges of human action recognition includes both a 

variety of human appearance and computation complexity which are detailed below: 

• Human appearance is different from person to person and from time to time. A 

human is a non-rigid object. Compared with a rigid object (e.g., a vehicle) , the 

movements of a non-rigid object is more difficult to be detected because its shape 

is not consistent. The posture of humans change very often. A small movement 

of a person will generate a different posture. Therefore, the posture of a human 

cannot be represented by a regular shape. So, it is hard to determine a human 

only by its shape information. Furthermore, a human's colour varies because 

of different clothes . Although , there are only several human skin colours, skin 

exposure is very limited because of the clothes. 

• The dataset for a human action video is large. It is time consuming to analyze 

the video frame by frame. 

There has been a large amount of literatures discussing human motion analysis in 
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the last decade [14][53][66][76][82](84](94][107][108][109][115]. Human action recogni-

tion is an important part of human motion analysis. Therefore, research in this area 

is meaningful and attractive. 

1.3 Author's Contributions 

The thesis presents a method which reduces the computational complexity for human 

action recognition. The author proposes methods to extract key postures to represent 

a human action sequence. The action recognition is then presented based on the key 

postures obtained. 

Given a human action sequence, ideally all the frames in the sequence are exam-

ined for action recognition. As we know, human action is a continuous process and 

human postures can not change dramatically from one frame in a video to the next 

frame. Therefore, we intend that the human action in a video can be recognized from 

key postures c•ppearing in a few frames extracted from the video sequence. This can 

be achieved because a human action is formed by important postures which are sig-

nificantly different from each other. As an illustration, a falling action contains three 

main postures. The first one is standing, the second one is non-upright standing, and 

the third one is lying on the floor. These three postures can form the key postures 

representing the falling action. These key postures are considered as the reference 

postures of such an action. Therefore, in order to perform an action, the human body 

should adopt, at the very least, these key postures. An action is then described in 

terms of time-ordered essentia l postures. As the recognition of these key postures in 

a sequence leads to the recognition of the entire action , these key postures are con-

sidered as the reference postures of such an action. So, an action can be represented 
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by a sequence of key body postures. 

The thesis proposes methods to extract key postures from the video and defines 

proper human action models using the extracted key postures. Action recognition is 

based on the defined model representing the action . 

The advantages of using key postures for action recognition are: 

• Action recognition through comparison between the small sets of key postures 

reduces the computational complexity. It may be used in some time critical 

applications . 

• Only the essence of an action is captured using the key postures and hence the 

variance of execut ion styles is ignored . 

In summary, the main contributions of this thesis are different methods to extract 

key postures and defining action templates/models by the extracted key postures. 

1.4 Thesis Organization 

Figure 1.1 shows the framework of the work using key postures for action recognition. 

For an input action video, Task B addresses the steps for video preprocessing. This 

task segments the moving human objects from background and generates binary 

images for further processes . Morphological processes such as dilation and erosion 

are required to obtain better quality human posture images. Task C describes how 

to extract key postures from videos . After key postures have been extracted from a 

video sequence, the corresponding key posture sequences are used to represent human 

actions. Task D presents the action recognition , which includes action template setup 
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Task A. input action video 

i 
Task S.. pre-processing I 

! 
Task C. key posture extraction 

+ 
Task D. action recngnition based on key postures 

Figure 1.1: Framework of human action recognition based on key postures 

and action matching. All of the work for Task Dis based on the key posture sequences 

extracted in Task C. Each key posture sequenc is regarded as an action template. 

In Chapter 2, a detailed literature review on human motion analysis is presented. 

Human detection is presented in Chapter 3, which corresponds to Task B in Figure 

1.1. The thesis presents two algorithms of preliminary work on human detection. 

One is human detection in static images and the other one is pedestrian detection. 

Chapter 4 and Chapter 5 present two methods for human action recognition based on 

key postures, which are corresponding to Task C and Task D in Figure 1.1. Chapter 4 

<lescribes an approach for human action recognition based on human shape features. 

Key postures are selected based on global and local shape features. Dynamic Time 

Warping (DTW) (77] is used to match the key postures sequences. Chapter 5 discusses 

another human action recognition method based on Radon transforms [88]. Human 
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figures are transformed to Radon transform space. Clustering is used to extract 

the key postures. Some classical classification methods are applied for learning and 

testing human actions. Lastly, Chapter 6 summarizes the whole thesis and discusses 

possible directions of future research. 

1.5 Terminologies 

Terminologies like motion, movements , actions, activities and behaviours are often 

used interchangingly by different authors in the literature. Sometimes, people are 

confused with these terms. Bobick suggested three levels of description, namely, 

movem ent, activity and action in [13] . 

In this thesis , we adopt the definitions of Babick and define these terms in three 

levels: movements , action and behaviour. 

A m ovement is defined as change of human posture or position between consecu-

tive frames. No knowledge about t he context is required . 

An action is considered as a process of a human performing a predefined motion 

pattern. In other words, an action can be described by a verb or a short expression, 

for example :hand waving' or 'running'. 

Lastly, a behaviour refers to one or several actions which acquire a meaning in a 

specific context. Context is required for behaviour understanding. For example, the 

meaning of 'hand waving' is different in different situations, e.g. at a farewell party 

or at a football match. 



Chapter 2 

Literature Revie-w of Huinan 
Motion Analysis 

As described in the previous chapter, the analysis of human motion by a computer 

is gaining more and more interest. A huge number of papers confront different levels 

of the general scheme as shown on the left-hand side in Figure 2.1. This reflects 

the significance of human motion analysis in the computer vision field. Many papers 

[6][10)[23][76)[82][109) have given detailed surveys in this area. Among these papers, 

Wang proposed a general framework (right-hand side in Figure 2.1) mapping to the 

general scheme (left-hand side in Figure 2.1) for human motion analysis [109]. Figure 

2.1 shows Wang's framework of the general scheme for human motion analysis. There 

are three main tasks shown in the framework. The three main tasks are human 

detection, human tracking and human behaviour understanding. In this chapter, a 

detailed review is presented of the literature in relation to these three tasks. 

8 
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Human Detection 

(Low~tevel Vision) 

Human Tucking 

(Intennediate-Jevel Vision) 

Behavior UndeIBtanding 

(High-level Vision) 

Figure 2.1: Framework human motion analysis [109] 

9 



Chapter 2. Literature Review 10 

2.1 Human Detection 

Almost all vision based moving object analysis starts with detection of a moving 

object (e.g., human) , namely, Motion Detection. Motion detection is segmenting the 

moving objects from the background in a video as accurately as possible. Moving 

Human Detection as a special case of motion detection is critical in a human motion 

analysis system because it affects the subsequent processes for human tracking and 

behaviour understanding. Human detection usually involves the steps of Motion 

Segmentation and Moving Object Classification. 

2.1.1 Motion Segmentation 

The task for the motion detection is to detect moving objects such as vehicles and 

humans within the scene. There are two categories of approaches for motion segmen-

tation, namely, background subtraction approaches and motion based segmentation 

approaches. Background subtraction uses a predefined background image to obtain 

foreground objects. Motion based segmentation extracts the moving objects from 

motion information obtained from two or more consecutive frames. 

Background Subtraction 

Background subtraction finds foreground objects through finding the regions which 

do not belong to the background. The main task for this approach is to construct 

a suitable 'background model ' or 'background image' of the scene. The background 

model is the representation of a scene without moving objects. The background 

subtraction attempts to detect moving objects in a frame by differencing between 

current frame and the background model in a pixel-by-pixel manner. Background 
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subtraction methods mainly contain three steps in terms of pixel intensity values: 

• maintaining/updating the background model; 

• subtracting the background model from the frame; 

• identifying the foreground and background pixels according to the computed 

subtraction differences. 

For simple background subtraction, the background model is not updated regu-

larly. Backgrounds, however, are subject to changes due to illumination changes or 

other factors such as shadows or camera vibration. Therefore, background subtraction 

highly depends on a robust background model to reduce the effects of the background 

changes. So, for better and more accurate subtraction, background models must be 

updated regularly and frequently so as to accommodate the changes of luminance and 

environment conditions. Furthermore, the accuracy of background subtraction also 

depends on the object moving speed and video frame rate, and this requires further 

investigation of background subtraction approaches. 

Cucciara et. al. improved the simple background subtraction method by taking 

into account the most recent n frames and hence used the median of the previous 

n frames for the construction of the background [29]. The disadvantage for this 

approach is that it is memory consuming because it requires additional buffers to 

store the most recent n frames [82] . 

Person finder (Pfinder) which was proposed by Wren [115] used a background 

model based on a single Gaussian per pixel. The background pixel was represented 

by a mean color value and a distribution of this mean. The color distribution of each 

pixel was modeled with the Gaussian described by a full covariance matrix. Pfinder 
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required an initial period when the background was empty. Although Pfinder allowed 

small or gradual luminance and environment changes, it could not compensate for 

large and/or sudden changes in the scene. Furthermore, using Pfinder, one could 

only identify one moving object in the scene at a time. 

Stauffer and Grimson presented an adaptive background model in (97]. Each 

pixel was modeled as a Mixture of Gaussians (MoG) and was updated by on-line 

approximation. The on-line approximation examined every new pixel value against 

the existing Gaussian distributions. Based on the persistence and the variance of 

each of the Gaussians of the mixture, they determined which Gaussians correspond to 

background. The pixels with values that did not match the background distributions 

were considered as foreground pixels. In this approach, pixels on an object is regarded 

as background if the object has not moved for a long enough time. 

Elgammal et al. proposed a non-parametric representation of the background 

model in [38] . Kernel density estimation was used to estimate the probability of a 

pixel's value using a set of values of the previous n frames. The main feature of the 

model was that it represented a very recent model of the scene and adapted to changes 

quickly. This model allowed the background of the scen_e not to be completely static 

and contain minor changes (e.g., the changes occurred by the tree branch motion). 

The limitation of this approach was large memory consumption. Han et al. overcame 

this problem by using a sequential kernel Density approximation in (52] . 

Oliver et al. adaptively reconstructed the background by using eigenspace de-

composition [78]. The eigenspace model was formed by taking into account a sample 

of k frames. To do this, take k input frames Ji ( i = 1, 2, · · · , k) with size m x n . 

The background, B , with size k x l ( l = m x n) was constructed by cascading the k 
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frames (the values of each row in B came from a given frame). A row of the back-

ground B was computed by cascading row by row from a given frame Ji. Eigenvalue 

decomposition was applied to the covariance of B. Let Cb be the covariance matrix 

of B. This covariance matrix could be diagonalized via an eigenvalue decomposition 

Lb = ¢bCb¢f, where </>b was the eigenvector matrix and Lb was the corresponding di-

agonal matrix of its eigenvalues. Then, the background was represented by the most 

significant values of the eigenvectors by Principal Component Analysis (PCA). The 

foreground objects were extracted by projecting the current frame to the eigenspace 

and finding the difference between the reconstructed and actual frames. 

Heikkila and Pietikainen presented a different background model in (55] by repre-

senting the background pixel by a bit sequence. Each bit reflected whether the value 

of a neighboring pixel was above or below the pixel of interest. So each pixel was 

modeled as a group of adaptive Local Binary Pattern (I.iBP) histograms that were 

calculated over a circular region around the pixel. The persistence of the histogram 

was used to decide whether the histogram models were background or not . 

In summary, approaches presented in this section can be used to build a back-

ground model from one or several consecu~ive frames. By far, the adaptive Mixture of 

Gaussians is one of the most popular background models for background subtraction 

approaches. 

Motion Based Segmentation 

Motion based segmentation extracts moving objects usmg the motion information 

obtained from consecutive frames. There arc two categories of methods for motion 

based segmentation. They are temporal diffe·rencing and optical flow. 
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Temporal differencing makes use of the pixel-wise difference between two or more 

consecutive frames to extract moving regions. 

Lipton et. al. used temporal differencing to detect motion in outdoor scenes (70]. 

After the absolute difference between the current frame and the previous frame was 

obtained, a threshold was applied to determine the pixels that belong to the moving 

objects or background. A connected component analysis was used to cluster moving 

sections into moving regions. These regions were classified into predefined categories 

used for motion tracking. 

Temporal differencing is adaptive to dynamic environments, but may generate 

holes (consisting of pixels that were classified as background by mistake) inside the 

regions covering the moving objects (109). 

Optical fl.ow, on the other hand, describes coherent motion of moving objects. 

Motion segmentation based on optical flow uses flow characteristics in a video se-

quence to detect the moving objects. An exhaustive review can be found in (10]. 

Some relative work on this area are given below. 

Sidenbladh calculated optical flow from a pair of consecutive images in a video 

(94]. A support vector mac~ine (SVM) was trained using various optical flow patterns. 

Then optical flow of a region with different size and position was tested against the 

trained SVM to find whether the region had human-like motion patterns or not. 

Rowley and Rehg focused on the segmentation of optical flow of articulated ob-

jects (90] . They utilized a kinematic model to constrain the motion estimates, and 

segmented the optical flow into various parts according to different articulated mo-

tions. Their algorithm was based on Expectation Ma.,'<imization (EM) which could 

segment optical flow into independent rigid body motion models. 
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Bregler represented each pixel by its optical flow [20]. Motion similarity as mea-

surement was used to group pixels into a blob. Each blob was characterized by a 

mixture of multivariate Gaussians. Each single Gaussian encoded the coherent mo-

tion of the blob (e.g. , translation and rotation, or affine motion). 

The advantage of optical flow algorithms is that it is able to detect moving objects 

even when the camera is moving. However, the drawback of optical flow is its com-

putational complexity. Applying optical flow in a real-time situation often requires 

some specialized hardwares. 

2.1.2 Moving Object Classification 

The purpose of moving objects classification is to determine the region corresponding 

to people from all moving blobs obtained by motion segmentation. Different moving 

regions may correspond to different moving targets in natural scenes. In order to 

further track people and analyze their activities, it is necessary to distinguish human 

from other objects correctly. There are two main categories of approaches toward 

moving object classification, namely, appearance based classification and motion based 

classification. 

Appearance based classification uses features such as point, bounding box, silhou-

ette, blob, contour, shape context and Histogram of Oriented Gradients (HOG) for 

classification. 

Collins et al. [27] used neural networks to classify moving objects into four cate-

gories which were a single human, vehicles: human groups and a clutter. The features 

they used to input to the neural networks were image blob dispersedness , image blob 

area and aspect ratio of the hlob bounding hox. 
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Dalal and Triggles [33] classified objects into human or non-human by using the 

HOG descriptor. HOG was used to characterize the object according to the distri-

bution of local intensity gradients or edge directions. Then, they adopted a linear 

support vector machine to classify the object into human or non-human using the 

distribution of HOG. 

Motion based classification uses distinguishing motion characters. For example, 

human motion usually is periodic, so this periodic motion character can be used as a 

strong cue for human classification. 

Culter and Davids described a self-similarity based technique to detect and analyze 

a periodic motion [32] . They computed an object's self-similarity as the time went 

on. Then, time frequency was analyzed to classify the moving object based on the 

computed periodic of the motkm. 

Lipton used residual flow to analyze the rigidity and periodic of a moving object 

[69] . Residual flow reflects the relative velocity of a pixel motion to the whole object's 

motion. Rigid objects and non-rigid objects have very different residual flow values. 

Rigid objects have little residual flows and non-rigid objects (e .g., human) have large 

amount of residual flow. Hence, object classification was made based on the value of 

residual flow as shown in [69]. 

2.2 Human Tracking 

In the step of motion segmentation: the results may not be accurate due to image noise 

and/ or appearance occlusions. The step for tracking to be reviewed in this section can 

improve the accuracy of motion segmentation. The tracking process usually interacts 

with motion detection to perform robust motion segmentation. Tracking estimates 
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the trajectory of an object in the image plane as it moves around a scene. A tracker 

assigns a consistent label to a tracked object in different video frames (119]. 

Tracking is a challenging task when noise and occlusion exist. In some extreme 

cases, the object being tracked can be occluded completely. Some useful algorithms 

for tracking include Kalman filter (113], condensation algorithm (61] and Bayesian 

Networks (95][96]. 

Kalman filter provides an efficient computational means to estimate the state of 

a process in a way that minimizes the mean of square error between the actual and 

estimated data. The main application for the Kalman filter in computer vision is 

tracking. The Kalman filter estimates the location and velocity of an object in a 

frame by using the object's position and velocity in the previous frame. Therefore, 

instead of looi<:ing for an object in the whole image, one only needs to search the 

object in the area centered in the predicted position by the Kalman filter. 

The condensation algorithm was proposed by Isard and Blake (61]. The condensa-

tion algorithm is a conditional density propagation method for visual tracking. It is a 

fusion of the statistical factored sampling algorithm for static, non-Gaussian problems 

with a stochastic model for object motion. 

Bayesian networks are probabilistic models that graphically encode probabilistic 

dependencies between random variable!:l. Sidenbladh et al. addressed a Bayesian 

Network for tracking 3-D articulated human figures in monocular image sequences 

(95] (96]. They defined a generative model of image appearance, a likelihood function 

based on image gray level differences, and a prior probability distribution over pose 

and joint angles which modeled how humans move. The model defined the state 

space representation for humans and their motion , and specified the probabilistic 
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relationship between these states and observations. 

According to [109], tracking methods are divided into five categories according 

to different criteria. They are region based tracking, active contour based tracking, 

feature based tracking, model based tracking and tracking based on body parts. 

Region based tracking identifies and tracks each connected region (e.g., a blob) 

which is associated with an object. Wren et al. explored the use of small blobs to 

track a single human in (115]. The human body is deemed to consist of blobs. Hence, 

tracking a moving human is to track the blobs constituting the human. 

Active contour based tracking tracks objects by identifying their outline contours, 

and updating these contours dynamically over time. Compared with region based 

approaches, active contour based methods describe objects in a simpler and more 

- effective way. So the computational complexity is reduced. [81] shows an approach 

for active contour based tracking. In [81], Peterfreund proposed an active contour 

model using a Kalman filter to track a non-rigid object (e .g., human) in a combined 

spatio-velocity space. The. author employed image gradients and optical fl.ow along 

the contour as the measurement of the model. 

Feature based tracking first extracts elements of objects, then clusters these ele-

ments into higher level features , and finally matches the high level features between 

image sequences. Polana and Nelson 's work shown in [84] is an example of feature 

based tracking . In their work, a human was represented by a bounding box and its 

centroid was selected as the feature point for tracking. [62] reports on feature based 

tracking using shape and texture information . 

Model based tracking tracks an object by matching its model produced with prior 

knowledge. In [116], the authors used a predefined stick figure model to track human 
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in image sequences. 

Tracking based on body parts detects and tracks individual body parts of a human, 

and reassembles these body parts into a human being. This approach usually uses 

a human model based on body parts, including head with shoulder, torso and legs. 

The work shown in [117) is an example of this approach. 

2.3 Human Behaviour Understanding 

The field of behaviour understanding is relatively old, yet still challenging. The final 

goal of behaviour understanding is to transfer the low level motion patterns to high 

level semantic meanings. As shown in Figure 2.1, human behaviour understanding 

consists of two parts. One is action recognition and the other is semantic description. 

Human action recognition tries to associate a sequence of movements with some verbs, 

such as walking, jumping, bending and so on. The recognition is usually carried 

out by classifying the captured motion patterns into one of several types of actions. 

The actions can be simple, such as walking and running, and can be complex such 

as various gymnastic activities. Action recognition may be simply considered as a 

classification problem using time varying feature data. It matches an unknown video 

sequence against a group of labeled reference sequences representing typical human 

actions. On the other hand , semantic description aims to find out what people are 

doing within the context. An automated sports annotation system as shown in [60] 

is a good example of semantic description. In this part , our review focuses on action 

recognition. 
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2.3.1 Human Posture Representation 

After the human is segmented and tracked frame by frame, human posture represen-

tation must be defined and estimated for human action recognition. Human posture 

representation usually requires a process to represent the configuration of the under-

lying kinematic or skeletal articulation structure of a person. Conventionally, human 

body representation uses stick figures and 2-D /3-D shape information. 

A stick figure is composed of the segments connecting the body's endpoints [23]. 

The stick figure reflects the anatomic characters of the human body. Stick figures can 

be built by means of a technique called skeletonization as described in [7] and [43] . 

In [43], Fujiyoshi et al. obtained a human body representation based on t he skele-

tonizaiton process . After the moving target was detected, the contour and centroid 

point of the target was computed. Their skeleton was constructed based. on the points 

whose distances to the centroid point were the local maxima on the contour. The 

skeleton demonstrated in [7] to represent a human body had three main components 

of the body, namely, the torso, the upper part of the legs and the lower part of the 

legs. Hip joints and knee joints were detected to joint these three componets. 

Stick figures can also be defined beforehand. Cheng and Moura constructed a 

stick figure as shown in Figure 2.2 based on some prior knowledge such as the human 

anatomical structure [26]. Their human body model was described as an articulated 

object with 12 rigid body parts (head, torso, two primitives for each arm and t hree 

primitives for each leg) . Each body part was a generalized, truncated cone with a 

semi-oval sphere attached at each end. 

2-D or 3-D shape information is also commonly used to describe human body parts. 

Pfinder [115] used a multi-class statistical model of color and shape to obtain a 2-D 
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representation of head and hands in a wide range of viewing conditions. Davis and 

Philomin used a B-spline as contour representation [35]. They improved the earlier 

work through parameterization of the B-spline curve to fit each extracted contour. 

A condensation algorithm as shown in the previous subsection was implemented for 

tracking in their work. 

Silhouette based human posture is also popular and the relevant work can be found 

in [53] [79]. In (53], Haritaoglu et al. proposed the W 4 system which computed the 

vertical and horizontal projections of a silhouette to construct the model of a human 

posture. The model may represent the posture of standing, sitting, bending or lying. 

The histogram-based feature representing human posture proposed by Panini and 

Cucchiara [79] was similar to but not the same with the work shown in [53]. The 

difference is that [79] did not use a predefined model for human posture representation. 

A histogram of the shape context (describing the coarse distribution of the rest of 

the shape with respect to a given point on the shape [11]) was suggested by Agarwal 

and Triggs (5) to describe the silhouette. They randomly selected 400-500 points on 

a silhouette and used shape context to represent these points. After that, they used 

a histogram of shape context to find out the shape context's distribution. 

2-D human posture representation has a limitation due to its single view. To 

overcome this disadvantage, 3-D representations were proposed in [18] [65]. 

Kehl et al. used a voxel representation for 3-D human posture construction in (65]. 

Multiple video streams were simultaneously captured from different views. Silhouettes 

were obtained continuously for each video stream. The 3-D shapes were constructed 

based on these silhouettes from different views. 

Boulay et al. claimed that their 3-D model of posture was independent of the 
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camera position [18]. They computed projections of moving pixels on a reference 

axis (either horizontal or vertical) and a 2-D posture was represented by a couple of 

projections. Their 3-D human posture was composed of three types of geometrical 

objects, namely, parallelepipeds, spheres and truncated cones. The posture of the 

human was defined by a set of 111 parameters corresponding to the positions and 

orientations of all these geometrical objects. 

3-D representations require reconstruction of human postures from multiple view 

image sequences. Therefore, 3-D posture representation results in much larger com-

putation cost. 

2.3.2 Human Action Representation 

In the previous subsection, numan posture representation was examined. In this 

section, the research on action description or action representation is reviewed. A 

meaningful and appropriate action representation is critical for recognition of various 

human actions and for extraction of high-level semantic meanings of the actions. 

A human action model can be represented in two ways, namely, appearance based 

approach and motion based approach [14]. 

Appearance Based Human Action Representation 

An appearance based action model is built on a sequence of static instances of human 

posture. Each instance shows the configuration of a human posture corresponding to 

an action. 

In [7], each human posture was represented using a skeleton and was described 

using three angles on the skeleton, i.e., the angle between the vertical line with the 
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torso, the upper part of the legs and the lower part of the legs (see Figure 2.3). Then, 

a human action was represented as a sequence of vectors and each vector composed 

of by the three angle values. 

A method using temporal texture templates was proposed by Haritaoglu for ac-

tion representation in (53]. Each temporal texture template combined the gray-scale 

textural values with human body's shape information in a 2-D dynamic template. 

Each action was represented by a sequence of horizontal and vertical projections of 

temporal texture templates. 

Babick and Davis proposed another temporal template based on Motion Energy 

Images (MEI) and Motion History Images (MRI) (14]. The motion images were 

obtained by subtracting successive frames and the computed pixel values were con-

verted into binary values using a threshold. These motion images were accumulated 
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in time and formed an MEI (representing where the motion was) . In MHI, each pixel 

intensity value was a function of the temporal history of motion at that point (repre-

senting how motion was moving). The MEI and MHI captured the temporal changes 

in a video sequence. They were considered as a two component version of an action 

temporal template. 

In (7 4], an action was represented as a sequence of normalized feature images by 

Masoud and Papanikolopoulos. At each frame, motion information was represented 

by a feature image. Motion information was calculated efficiently using an infinite 

impulse response filt er. PCA was applied to the feature image to reduce the dimension 

of the feature image for easier learning and recognition. 

Ikizler and Duygulu described a 'bag-of-rectangles' method for representing and 

recognizing human actions in videos in (59]. In their method, each human posture 

in an action sequence was represented by oriented rectangular patches extracted over 

the whole body (see Figure 2.4 for reference) . Then, spatial oriented histograms were 

formed to represent the distribution of these rectangular patches. They proposed four 

methods to recognize the actions. Among them, SVM and adapted DTW achieved 

best performance. 

Thurau represented actions by applying a clustering algorithm to sequences of 

HOG [33] descriptors of human motion images [102]. They detected humans by com-

paring extracted HOG descriptors to template HOG descriptors of human postures. 

The templates were automatically clustered from a set of training sequences. They 

expressed behaviors as histograms of the n-gram instances that were found in the im-

age sequence. Their main contribution was that they no longer required background 

subtraction for human detection and tracking. 
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Wang and Suter explored the applicability of analysis of dynamic shapes of moving 

objects for action recognition (108]. To characterize the properties of human action, 

the associated sequence of dynamic silhouettes were used to learn the action by using 

Locality Preserving Projections (54]. 

Motion Based Action Representation 

Motion based action representation attempts to characterize the motion itself without 

referring to the underlying static postures of the human body (14]. 

Trajectory can be used for motion based action representation. A view-invariant 

representation of action consisting of dynamic instants and intervals was proposed by 

Rao and Shah in (89]. The instants and intervals were computed using the spatio-

temporal curvature of a 2-D trajectory. 

Polana and Nelson used repetitive motion as a strong cue to recognize cyclic 

motions such as walking and running (84). An action was represented as a spatio-

temporal of motion features. Given an image sequence, the moving objects were 

detected and tracked. Then, optical flows were computed between successive image 

frames. Each of optical flow frame was divided into spatial grid of x x y dimension 
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and the motion magnitudes in each spatial cell were summed. Let M(z, y , t) be the 

motion magnitude in a flow frame t corresponding to spatial cell (x, y). For repetitive 

actions, M ( z, y, t) over time should be periodic at a fixed ( x, y). 

2.3.3 Action Recognition 

Action recognition analyzes and recognizes human motion patterns and produces a 

verb or a short expression for the motion pattern. After the action has been rep-

resented, the action recognition problem can be regarded as classifying an unknown 

motion pattern to a labeled motion pattern. 

General Techniques for Action Recognition 

Action recognition can be regarded as a problem of time series matching. There are 

some general techniques for time series matching. They are Dynamic Time Warp 

(DTW) , Hidden Markov Models (HMMs) and Neural Networks (NN). 
' The DTW technique, originally used in (77] and [91] for speech recognition in early 

years, finds the temporal alignment between two time series by nonlinear warping 

along time axis. Now DTW has been used in· many other disciplines because of 

its ability to discover the distance between two sequences or the alignment of two 

sequences [92] . DTW techniques used in the human action recognition domain can 

be found in [15] [39] . More details on DTW will be discussed in Chapter 4. 

HMM is a stochastic state machine for time series analysis [19][86]. The HMM 

defines Markov chains and an output of finite observations (01 , 0 2 , 0 3 in Figure 2.5). 

The Markov chains defines a finite state set (S1 , S2 , S3 in Figure 2.5) with the state 

transition probabilities (p11 , p 12 , p23 , · · · in Figure 2.5). Each state has probabilities 
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over a number of observations (au, a 12 , a22 , · · · in Figure 2.5). [25] and [112] are two 

papers using HMMs for human action recognition. 

Figure 2.5: An example of Hidden Markov Models 

NN is another approach for analyzing time series. Guo et al., in [51], presented 

their work on human motion pattern understanding using an NN. They began to 

obtain the skeleton of a moving human from each frame. The skeleton was described 

as a vector. Then, they transformed the vector of skeleton sequence of the same 

person into the Fourier domain by using discrete Fourier transform. Finally, a neural 

network which used the Fourier coefficients as input was used to classify the human 

motions such as walking and running. 
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Approaches for Action Recognition 

There are two main approaches to human action recognition, namely, state-space 

model approach and template matching approach [109]. 

The state-space model approach defines each static posture as a state and assigns 

a probability to transfer from one state to another. Each action is regarded as a se-

quence of various states. HMM is commonly used in the state-space model approach. 

(25] and [112] mentioned above are two papers using HMM based state-space model 

for action recognition. We review their work below. 

In (25], Chen et al. presented human action recognition using a skeleton as a 

posture description. A feature vector sequence were created based on the sequence 

of the skeletons. An HMM was built for each action according to the feature vector 

sequence. In the training phase, the parameters of each HMM were optimized so 

as to best describe the corresponding symbol sequences for each human action. For 

human recognition, the HMM which best matched the observed symbol sequence was 

selected, and hence the observed hu~an action was deemed as the action correspond-

ing to the selected model. 

An HMM model was built based on exemplars by Weinland et al. in [112]. 3-D 

exemplars were constructed and displayed as visual hulls from the images taken using 

a system of five calibrated cameras aimed from multiple viewpoints. At the learning 

stage, a set of exemplars were selected for all actions models; probabilities of trans-

ferring these exemplars were learned individually for each action. The probabilities 

were estimated using standard probability estimation techniques of HMMs. At the 

testing stage, the standard HMI\Is algorithm was performed for action recognition. 

The advantage of the state-space model approach is that it is more resistant to 
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n01se. However , it is of larger computational complexity. 

Template matching approach is further categorized into single template approach 

and sequence template approach. The single template approach converts the entire 

action sequence into a single template and the recognition task is then performed 

based on the single template. 

Blank et al. analyzed the silhouettes based on the Poisson equation as shown 

in [49] and generalized a volumetric space-time volume shape to represent a human 

action [12] [48]. The space-time volume shape contained the spatial information about 

the human 's posture at each video frame (including information of location and orien-

tation of his/her torso, and limbs and aspect ratio of his/her different body parts), as 

well as the dynamic information of the human (including the information of his/her 

whole body motion and the motions of his/h r limbs relative to the body) . The ac-

tion recognition was carried out by classifying the volumetric space-time shape into 

different actions. 

Babick and Davis proposed another single template approach in [14]. MHI and 

MEI as reviewed in Subsection 2.3.2 above were used as two components of the 

template f9r action representation. For each view of an action, a statistical model 

describing the mean and covariance matrix of seven Hu moments as shown in [56) was 

generated for MEI and MHI. To recognize a human action, a Mahalanobis distance 

was calculated to describe the similarity between the model of the input action and 

each model of the known action. 

Sequence template approach is similar to the state-space model approach and uses 

a sequence of static postures for action recognition. Unlike the state-space approach, 

the sequence template approach docs not consider state transitions. 
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Li and Greenspan proposed a method to recognize and estimate the scale of time-

varying human gestures [ 67). Their gesture model based on the contour of the silhou-

ette was constructed to characterize the spatial and temporal variations. A gesture 

model was built by recording an actor performing a gesture repeatedly at a single 

moderate speed. To classify an unknown gesture, the distances between the input 

gesture and each gesture model was calculated using DTW. Only those gesture mod-

els with distances smaller than a pre-defined threshold would be needed for further 

classification. 

Compared to the state-space method, the template matching approach is cost 

effective. However, it is view dependent and usually is more susceptible to noise and 

the variations of time interval of the movements [109) . 

2.3.4 Knowledge of Key Posture Based Action Recognition 

The concept of key frame was first applied to video compression [45]. Now, the idea 

of key frames has been applied to video indexing and video retrieval as shown in 

[99] [121] . 

In this thesis , key frames (i.e. , key postures) arc extracted based on the visual 

feature rather than the information for video compression. 

It is possible to use key postures for action recognition because of the charac-

teristics of human actions . For example, human actions can be well described by a 

few important postures (called key postures) which are significantly different from 

each other and all other postures can be clustered to these key postures. Therefore, 

these key postures can be used to represent and to infer the corresponding human 

action by taking advantages of the contextual characters of human actions (46]. A 
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contextual character is that transforming postures from one to another is a smooth 

process. Another characteristic is that transition from one action to another cannot 

be arbitrary. For example, a 'lying down' action will never become a 'running' action 

without having an intermediate 'standing' posture. 

Previous research using key postures/key frames/exemplars to represent human 

action can be found in [22)[24)[30][68][71][111)[112]. 

Weinland et al. used Wrapper to extract the key postures in [111][112] . Wrapper 

is a technique for discriminant feature subset selection [ 63]. A wrapper performed a 

greedy search over all the frames and determined a suitable feature set. Then the 

key postures were extracted based on the selected feature set. After the key postures 

were obtained, they built an HMM for action learning and recognition based on the 

key postures . 

Lv and Nevatia proposed an action recognition algorithm based on key postures 

and an action net [71]. In the learning phase, key postures representing each human 

action were extracted from a manually-selected set of motion capture sequences. The 

3-D key postures were rendered from a variety of viewpoints using commercial software 

for animating human action. An action net was constructed by connecting the key 

postures. During the recognition process, each silhouette (representing a posture) 

was used to match the node (i.e. a posture) in the action net. The disadvantage of 

this work is that special software is required to generate the 3-D human postures. 

Lim and Thalmann obtained key postures based on magnetic or optical devices 

[68]. They treated the motion data as high-dimensional curves and then ran a curve 

simplification algorithm to extract key postures from 3-D motion data. Their work 

was not in the area of computer vision because they collected data using a special, 



Chapter 2. Literature Review 33 

magnetic or optical motion capture device instead of cameras. 

Cuntoor and Chellappa presented a method to determine key frames by using 

an antieigenvalue based measure in [30]. Their method was based on the fact that 

antieigenvalues reflect changes in the data. They argued that a frame with small 

mean of antieigenvalues indicated a relatively large change and hence could be used 

as a key frame. 

Chen et al. proposed a human posture analysis framework to select key postures 

from a video sequence [24] . Firstly, cumulative entropy change was used as an indica-

tor to select an appropriate set of key postures from a human action video sequence. 

Secondly, a cross entropy check was applied to remove the redundant key postures. 

Although the work shown in [24] was for human posture analysis, we have not seen 

its application to human action recognition. Furthermore, (24] did not make use of 

the local features of human postures. 

Carlsson and Sullivan demonstrated that actions could be recognized by matching 

shape information extracted from individual frames to pre-stored prototypes (22]. 

These prototypes represented key frames of the action. Their algorithm was applied 

to recognition of forehand strokes and backhand strokes of tennis players. 

In summary, key posture based human motion analysis has been an active research 

topic in recent years. This is because a human action can be represented using a 

small set of key postures. The benefit using key postures for action recognition is the 

reduced computational complexity. 
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2.4 Summary 

Vision based human motion analysis has become an active research area due to its 

promising applications. Human detection, human tracking and human behaviour 

understanding have been reviewed in this chapter. What has been discussed according 

to the three major tasks of human motion analysis are summarized in the following. 

• Human detection. Human detection is the first step toward human motion anal-

ysis. The primary task for human detection is to segment the moving objects 

from the scene (background) . Two categories of approaches for this purpose 

have been reviewed. They are background subtraction approaches and motion 

based approaches. Background subtraction detects the foreground object in a 

frame by measuring the difference between the current frame and a background 

model. The success of background subtraction depends on the quality of back-

ground image. A motion based approach pays attention to motion information 

between the consecutive frames. Frame differencing and optical flow are two 

commonly used algorithms for motion based approach. 

• Human tracking. Tracking locates the objects in a frame by using the infor-

mation of objects obtained in the previous frames. Tracking algorithms involve 

hypothesis and validation. Popular tracking algorithms uses Kalman filter, the 

condensation algorithm and the Bayesian network. Five categories of tracking 

methods have been studied in this chapter, namely, region based tracking, ac-

tive contour based tracking, feature based tracking, model based tracking and 

tracking based on body parts. 

• Behaviour understanding. The aim of behaviour understanding is to transfer 
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the low level motion features and patterns into high level semantical descrip-

tions. Because human action is characterized by a sequence of human postures, 

human posture representation has been discussed in this chapter. Stick figures 

and 2-D / 3-D shape information are commonly used tools for human posture 

representation. In this chapter, we have also reviewed approaches for human 

action representation. There are two approaches used for action representation. 

One is the appearance based approach and the other one is motion based ap-

proach. Since a human action is composed of a sequence of human postures, the 

human action recognition can be performed through matching the sequences of 

human postures with each other. Template matching approach and state-space 

model approach have been discussed in this chapter for action recognition. We 

have also introduced the methods for action recognition using key frames or key 

postures. An advantage for human motion analysis based on key postures is 

that it significantly reduces the number of frames needed for action recognition 

and hence greatly simplifies the computation. 



Chapter 3 

H UIIlan Detection 

Human detection is significant for human action recognition or behaviour under-

standing because it is the first step toward any computer vision based human motion 

analysis. The results of human detection affect the final outcomes of human motion 

analysis . The difficulties of human detection lie in several aspects. Firstly, a human 

is non-rigid with a shape which varies from time to time. So it is impossible to detect 

a human only by the shape information. Secondly, although a human has limited 

categories of skin colours, the colour of a human is different from person to person 

because of various clothes. In Chapter 2, the techniques used for human detection in 

videos have been reviewed. In this chapter, some of our preliminary work relative to 

human detection is presented. 

Moving objects segmentation is an important part for human detection. Adaptive 

Mixture of Gaussians (MoG), the most popular method for motion segmentation, is 

studied in this chapter. MoG is used to extract moving objects in this thesis when 

moving targets extraction is required. 

A method is proposed to distinguish pedestrians from vehicles. The method is 

36 
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based on the property pedestrians are non-rigid objects while vehicles are rigid ob-

jects. Three important reference points are found on the moving object. They are 

centroid point and two bottom points of the moving object. The angle formed by the 

three points and opposite to the two bottom points is calculated and the histogram 

of the angle in a video is employed as a feature of the moving objects. Classification 

is made based on the variance of the angle histogram. 

This chapter also discusses human detection in static images. Human detection 

becomes tougher without motion information. This work is motivated by the idea that 

the geometric structures of all human beings are similar although they wear cloths 

of different colours. A distance map is created for each human or non-human image. 

Two average distance maps are constructed using all of the training samples. One 

uses for human images and the other uses for non-human images. A difference map 

is computed based on the two average distance maps. Due to the high dimension of 

the difference map, an iterative method is used to select the most significant elements 

from the difference map. These most significant elements are applied to distinguish 

human images from non-human images. 

3.1 Moving Object Extraction 

Moving object extraction has been reviewed in Chapter 2. In that chapter, two 

main categories of object extraction approaches, namely, background subtraction ap-

proaches and motion based approaches were introduced. Compared to motion based 

approaches, background subtraction approaches are computationally efficient. In a 

relatively static environment, a background subtraction approach is used because of 

its cfficicucy. The main task for background subtraction is to build up a background 
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model. The foreground objects in a frame are obtained by computing the difference 

between the frame and the background model. 

Adaptive MoG, proposed by Stauffer and Grimson [97], is the most popular back-

ground subtraction method in practice. It is used in our work. We discuss adaptive 

MoG in detail as follows. 

3.1.1 Adaptive MoG Model 

The adaptive MoG background model was discussed completely in (50) and [97). It 

was used to dynamically update the background model . In this approach, each back-

ground pixel is modeled by a mixture of K Gaussian distributions. The probability 

of the current pixel value Xt is determined by 

P (X,) = t Wi,t * 1) ( X,, /L; ,t , ~) . (3.1.1) 

In Equation 3.1.1 , K is the number of Gaussian distributions. K is determined by the 

available computer memory and computation power. Usually, K is a value between 

3 to 5. Xt is the pixel value vector at time t, which consists of red, green and blue 

intensity components, i.e ., Xt = (x; , xf, xn. It is assumed that the red, green and 

blue pixel values are independent. Therefore, the covariance matrix Li,t is simplified 

to a diagonal matrix. Furthermore, the standard deviations for the three channels 

are assumed to be the same, so, the covariance matrix is expressed as 

(3 .1.2) 
i,t 

These assumptions permits us to bypass a costly matrix inversion at the expense of 

some accuracy [97]. wi ,t is the estimated weight (measuring the port ion of the data 
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is accounted for by this Gaussian) of the i-th Gaussian in the mixture at time t . /Li ,t 

is the mean value of the i-th Gaussian in the mixture at time t. T/ is a Gaussian 

probability density function described by 

(3.1.3) 

Background Model Estimation 

A criterion is provided in [97] to distinguish the foreground distributions from the 

background distributions. Firstly, all the distributions are ranked based on the value 

of~, where w is the peak amplitude of the distribution weight and C5 is the correspond-

ing standard deviation. A pixel is more likely from the background if it corresponds 

to a higher and more compact distribution. Therefore, the first B distributions in 

ranking order satisfying Equation 3.1.4 belong to background model. 

B =~{tw,,, > r}, 
b t = l 

(3.1.4) 

where T is a threshold and its valu is between 0.5 and 1. 

Then; at t ime t, every new pixel value Xt is checked against the exist.ing K 

Gaussian distributions to see whether there is a match or not. A match is defined as 

the pixel value Xt falling within 2.5 standard deviations from the mean of one of the 

Gaussian distributions, i.e., 
xi - µi,t --->2.5. 

The background is updated as follows. 

(3.1.5) 

• If a match is found , the parameters for unmatched distributions remain the 

same. The parameters of the distributions represented in Equation 3.1.1 which 
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match the new observation are updated as shown in Equation 3.1.6 and Equa-

tion 3.1. 7. 

µi,t = (1 - p) · µi,t-1 + p · Xt. (3.1.6) 

(3.1.7) 

where 

(3.1.8) 

and a is the learning rate. 

• If none of the K distributions matches the current pixel's Xt, the least probable 

distribution G1 is replaced by a distribution centered in Xt with a high variance 

and a low prior weight . 

Foreground Segmentation 

If the pixel Xt is best modeled by one of the background components (i.e., the pixel 

value Xt best matches one of the B distributions) , it is marked as background. 0th-

erwise, it is classified as foreground. 

3.2 Pedestrian Detection in Video 

Pedestrian detection is critical in many surveillance applications. This can be used 

in applications such as traffic control and intrusion detection. 

Repeated object motion is common in nature. Many real life motions are periodic 

such as the motions of a pendulum, winging of flying birds and dog running. :\!lost 

human motions such as walking and running have strong periodic characters. Periodic 
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motion is a strong cue for object and action recognition (47). Cutler and Davids (31) 

investigated the gait period by calculating a similarity matrix for every image pair 

in a sequence. Their method is computation expensive because they calculated the 

similarity between every pair of frames in a video. The proposed approach detects 

the movement cycle by using a statistic method. Compared with Culter and David 's 

method, the proposed approach is easy to implement and is cost efficient. 

3.2.1 Pedestrian Recognition Using Histogram of Angle 

Because a human is a non-rigid object, the shape of a human may change when he/she 

is performing an action. In contrast , a rigid object , such as a car, has a similar 

shape at all times. Furthermore, a pedestrian walking is a periodic movement, so 

the shape of the human body is similar after a certain period. Figure 3.1 shows a 

cycle of pedestrian movement. Although people's walking styles are different from 

each other, their cycles are similar. Therefore, this character of a human walking 

can be used to distinguish humans from vehicles. Figure 3.2 shows the outline of the 

proposed pedestrian detection method. When a video comes into the system, the first 

step is to extract the moving objects. Then, the skeleton of the target is extracted. 

An angle formed by the centroid point and two bottom points and opposite to the 

two bottom points is calculated based on the skeleton. Normalization is applied 

because of different human sizes . Finally, the histogram of the angel is calculated for 

learning/ classification purpose. 

Once moving objects have been extracted from the videos, the skeletons of the 

objects are obtained through distance transforms (16]. A distance transform is the 

transformation of a binary picture where the value of a 1-pixel (pixel with value 
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Figure 3.2: Outline of pedestrian detection 
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1) is replaced by the distance to the nearest 0-pixel (pixel with value 0) . Distance 

transformation is a useful tool in binary image processing for shape features. Figure 

3.3 shows the results of a moving target and its corresponding skeleton. 

Figure 3.3: Object and its skeleton 

Angle Calculation and Normalization 

For a pedestrian , it is assumed that the two bottom end points of the skeleton are on 

the feet of the pedestrian. In Figure 3.3, point A and point B are the bottom end 

points of the skeleton. Point C is the centroid of the foreground object. The centroid 

of the object is calculated by Equation 3.2.1 and Equation 3.2.2: where f (x , y) is the 

distribution of the object (silhouette in this work), and x and 'f} are the coordinates 

of the centroid point. The angle (J between line AC and line BC is calculated by 

Equation 3.2.3, where a is the length of line BC, b is the length of line AC and c is 

the length of line AB. The angle (J is calculated for each frame in a video. 

(p 1 q = 0: 1, ... ) . (3.2.1) 
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(3.2.2) 

(3.2.3) 

(3.2.4) 

Human shapes/sizes are different from person to person. Some are big and some 

are small. In order to eliminate the difference between different people, angel nor-

malization is performed using Equation 3.2.4, where {31 , {32 , · · · , f3i, · · · are the angles 

obtained by Equation 3.2.3 frame by frame and i is the frame number. After the 

normalization process, {3~ becomes a vajue between 0 and w. 

Angle Histogram Calculation 

The histogram of angles is calculated based on the normalized angles. N bins are 

used to determine the difference between pedestrian and other non-rigid objects in 

this work. Let these bins be H1 , H2 , · · · , HN and they are initialized to zero. If 

{3~ E [ H x ( i - 1) ' H x i) ' 

then 

(i = l ,2,···,N). 

Histograms are normalized to [O, l] in order to achieve an effective comparison. 

Equation 3.2.5 is used for normalization of the histogram of the angels. The histogram 

variance is calculated according to Equation 3.2.6. The histogram variance is used to 

discriminate pedestrians from other rigid objects. 
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(i=l ,2,···,N). (3.2.5) 

var(H) = t ( H, - ( H, + H2 ~· .. + HN)) 2 (3.2.6) 

System Training 

Let us assume that there are K pedestrian video sequence samples and K rigid object 

video sequence samples for system training. The moving object's angle formed by the 

centroid point and the two end bottom points and opposite to the two bottom points 

is calculated according to Equation 3.2.1 to Equation 3.2.3, frame by frame. After 

the angle of each frame is obtained, angle normalization is accomplished by Equa-

tion 3.2.4. The angle histogram is computed for each video sequence sample using 

Equation 3.2.5. Finally, the variance of angle histogram of each video is calculated 

as Equation 3.2.6. In the training data, a threshold is easily drawn for the variance 

of the angle histogram between pedestrians and non-rigid objects (see Figure 3.6). 

Recognition Process 

Given a video sequence, its corresponding angle histogram is calculated using Equa-

tion 3.2.1 to Equation 3.2.5. Then, the variance of angle histogram of the video 

sequence is computed by Equation 3.2.6. If the variance of the angle histogram 

V :::; Threshold, it is determined that the moving object is a pedestrian; otherwise, 

it is classified as a rigid object. This is because that the angle (see {3 in Figure 3.3) 

formed by the centroid point and the two end bottom points and opposite to the 

two bottom points varies for pedestrian while the angles for the rigid object have 
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relatively static values. 

3.2.2 Experiments 

To verify the proposed algorithm, 40 video sequences were used for the experiment, 

in which 20 sequences were used for system training and the other 20 sequences were 

used for recognition. These videos were taken at a T street junction and the side 

view of the object was taken. The distance between camera and moving objects is 

around 15 meters. The 20 sequences for system training consist of 10 pedestrian 

sequences and 10 car video sequences. Each video sequence lasts around 50 seconds. 

The resolution is 640 x 480 at 25 frames per second (FPS). Moving objects to be 

classified included cars and pedestrians. 

In order to remove some background noise caused by the swinging leaves, the 

moving cloud and so forth , the region of interest is set when calculating the variance 

of angle histograms. In this experiment , 30 bins are used, so the angle value for each 

bin is: 

[;~ x ( i - 1) 1 ~ x i) ( i = 1, 2, . . . 1 30). 

Figure 3.4 shows the histograms of the angle (see /Jin Figure 3.3) between centroid 

and the two bottom end points of skeleton before normalization. It is obvious that the 

angle of pedestrian changes from time to time while the angle of car is relatively static. 

Figure 3.5 shows the normalized angel histograms. The histograms of the pedestrian 

were distributed in all 30 bins while the histograms of car were only seen at some bins 

due to different car models. From Figure 3.4 and Figure 3.5, it can be deduced that 

a pedestrian 's walking is a periodical activity because almost each bin in Figure 3.5 

has a similar value, while the angle value of car is not changed during observation. 
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Figure 3.6 shows the variance of histogram between pedestrian video samples and 

car video samples. It is not hard to draw a threshold to distinguish pedestrians from 

other rigid objects. The threshold is set to be 0.004 for this experiment. 

Table 3.1 shows the recognition results of this experiment. Among ten of the 

pedestrian videos, nine of them are recognized as pedestrians and one of them is 

recognized as a car. For all the ten car videos, all of them are correctly classified as 

car movement. 

True positive rate (TP Rate), false positive rate (FP Rate), false negative rate 

(FN Rate), precision rate and recall rate are commonly used in pattern recognition 

and computer vision systems to show their performance. They are defined in [3] and 

[4] as follows. These accuracies are used in all experiments of this thesis. 

number of true positives true positive rate (T P) = ----------------
total number of actual true instances 

(3.2.7) 

number of false positives 
fals e positive rate (F P) = l (3.2.8) 

tota number of actual negative instances· 

number of false negatives 
false negative rate(FN) = ---------------

total number of actual tr'ue instances· 

TP 
preczswn rate = T p + F p. 

FN 
recall rate= TP + FN 

(3.2.9) 

(3.2.10) 

(3.2.11) 

Table 3.2 shows the detail of accuracy of this experiment, including TP, FP, FN, 

precision and recall. 
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Figure 3.4: Angle histograms between centroid point and bottom end points before 
normalization . (a) Pedestrian angle histograms , (b) Car angle histograms 
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Figure 3.5: Angle histograms between centroid and two end bottom points after 
normalization: (a) Pedestrian angle histograms. (b) Car angle histograms 
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Figure 3.6: Variance of angle histogram 

Table 3.1: Experiments results for pedestrian detection 
I II pedestrian I car I 

pedestrian 9 1 

car 0 10 

Table 3.2: Detail accuracy for pedestrian detection 
TP rate FP rate FN rate Precision Recall 

p edestrian 0 .900 0.100 0.000 0.900 1.000 

car 1.000 0.000 0.100 1.000 0.909 
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3.3 Human Detection in Static Images 

In the last section , pedestrian detection in video sequence was discussed. In this 

section, human detection in static images is described. Without motion information, 

it is quite hard to detect a human in an image because of the following two reasons. 

1. The appearance of a human is different because human shape is variant from 

time to time and human colour is different because of various clothes . 

2. In static images, there is no motion information, such as object position and 

velocity. Therefore, only image information can be used for this purpose. 

However, the relative positions of various body parts are common to all humans. 

Utsumi and Tetsutani (105] used this attribute to identify a human in static images. 

They set up a Mahalanobis distance map for each image and then used a statisti-

cal analysis to discover the different distributions of human or non-human images. 

Significant elements in the distance map were selected a identifying human subjects 

against non-human subjects. In this thesis, the Hausdorff distance [57] is used instead 

of Mahalanobis distance [105) to characterize image pixel structure. The experimental 

results show that using Hausdorff distance gives better results than using Mahalanobis 

distance. 

3.3.1 Hausdorff Distance 

Hausdorff distance is defined as the maximum distance of a set to the nearest point in 

the other set . Given two fini te point sets A= { a 1 , a 2 , . . . , ap } and B = {b1 , b2 , . .. , bq} , 

direct Hausdorff distance h(A, B) is the maximum distance of a set to the nearest 
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point in the other set. It is defined in Equation 3.3.1. 

h(A, B) = maxminl la - bl I a E A,b EB, (3.3.1) 

where 11·11 is some underlying metric on the points of A and B (e.g. , Euclidean dis-

tance). h(A, B) ranks each point in A based on its distance to the nearest point in 

B and then uses the largest ranked point as the distance. Intuitively, if h(A, B) = d, 

then each point in A must be within the distance d of some point in B, and there 

also is at least one point in A whose exact distance from the nearest point in B is d. 

Direct Hausdorff distance is asymmetric, which means that h(A, B) is not necessarily 

equal to h(B, A) in most instance. The Hausdorff distance denoted as H(A, B) is the 

maximum of h(A, B) and h(B, A). The Hausdorff distance is hence defined as 

H(A, B) = max(h(A, B), h(B, A)). (3.3 .2) 

It measures the degree of mismatch between two sets by measuring the distance of 

the point in A that is farthest from any point in B and vice visa. Figure 3. 7 is 

an example showing the calculation procedure of Hausdorff distance. There are two 

data sets, namely: A = {a.i, a 2 , a3 } and B = {b1 , b2 , b3 } , as shown in Figure 3.7(a). 

The distance between a 1 to each element in set B is calculated (Figure 3. 7 (b)) and 

the shortest distance d13 is selected (Figure 3.7(c)). Figure 3.7(c) and Figure 3.7(d) 

illustrate the shortest distances d23 from a 2 to b1 , b2 and b3 . Figure 3. 7(f) and Figure 

3. 7 (g) determine the shortest distance d33 from a3 to b1 , b2 and b3 . The Hausdorff 

distance between A and B is d13 which is the largest among d13 , d23 and d33 (Figure 

3.7(h)). 
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Figure 3.7: The Hausdorff distance calculation example 

3.3.2 Mahalanobis Distance 
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Mahalanobis distance is a distance measure proposed by Mahalanobis [72) in 1936. 

The Mahalanobis distance takes into account the correlations of the data set . Given 

two n dimensional sets X = [x1 , x2 , · · · , Xn]' and Y = [y1 , y2 , · · · , Yn]' , the covariance 

matrix of X is defined as 

1 n 
L = - L(xi - x)(xi - x)' , 
x n i 

(3.3.3) 

where i is the mean of X. Similarly, the covariance matrix of Y is defined as 

1 n 
L = - L(Yi - y)(Yi - y)', 

Y n 1 
(3.3.4) 

where fj is the mean of Y. 

The Mahalanobis distance is defined as 
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M(X, Y) = (xi - Yi)'(L + L)-1(xi - yi) . (3.3.5) 
x y 

3.3.3 Mahalanobis Distance VS Hausdorff Distance 

In our work, Mahalanobis distance is replaced by Hausdorff distance. Although Maha-

lanobis distance is better than Euclidean distance because it considers the correlation 

of data sets, it still misses some subtle differences because it uses the mean value of 

the pixels in the block to represent the block value. The mean value is a general value 

of the block which sacrifices the detailed information of the block. On the other hand , 

Hausdorff distances are calculated point by point. The distances can be calculated 

based on rows and columns of each block in the image. These distances are then 

integrated together to obtain the final difference between any two blocks. Because 

the Hausdorff distance scans the original image blocks in refined manner column by 

column and row by row, it gains more information to distinguish two image blocks 

better than the Mahalanobis distance. 

3.3.4 Human Detection Based on Human Geometrical Struc-

ture 

Pixel values contain significant information for object detection. But if the colour 

or the illumination of the targets varies, the detection using pixel values can not 

be effective. A human figure belongs to this category because humans have various 

colours of clothes. However , the geometrical structure of human body parts is similar 

to all human figures . The proposed human detection method is based on the idea that 

the relative positions of human body parts are common for most of human figures. 
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Distance Map 

A revised Hausdorff distance map is constructed to describe the pixel structure of an 

input image which is different from the previous work shown in [105]. The original 

image of size m x n is divided into M x N blocks as pictured in Figure 3.8. Each block 

consists of p x q pixels. Each pixel is represented as a vector, Y = [y1, Y2 , · · · , YnJ'· 

For RGB images , n = 3, and for gray images, n = 1. In our work, only gray values of 

the pixels are considered. Let Xz (l = 1, 2, ... ,MN) denote the blocks in Figure 3.8. 

Xz (l = 1, 2, ... ,MN) is a p x q matrix. Each element of the matrix Xt is the gray 

value of the corresponding pixel in the original image. 

1 2 M 
• 

1 
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~ 
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Figure 3.8: Separating image into blocks [105] 

Given two blocks X i and Xj with size p x q, the difference between blocks i and 

block j (denoted as dij) is measured based on Hausdorff distance according to Equa-

tion 3.3.6 to Equation 3.3.10. The distance is measured in the horizontal direction 

and in the vertical direction as well. Equation 3.3.6 illustrates that the direct Haus-

dorff distance between the blocks in the horizontal direction (row by row) is the mean 

value of all row direct Hausdorff distances according to 3.3.1 . Similarly, Equation 
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3.3. 7 calculates the direct Hausdorff distance between the blocks in the vertical di-

rection (column by column). According to Equation 3.3.2, the Hausdorff distance in 

the vertical direction is calculated using Equation 3.3.8 and the Hausdorff distance 

in the horizontal direction is calculated using Equation 3.3.9. Hence, the Hausdorff 

distance between block Xi and block Xj is expressed as Equation 3.3.10. 

hrow(Xi, Xj) = ~ L h(Xil 1 Xjz) p 
1 :::; l :::; p. (3.3.6) 

1 
hcoz(Xi, Xj) = - L h(Xil, Xjz) q 

1 :::; l :::; q. (3.3 .7) 

Hcoz(Xi, Xj) = max(hwt(Xi, Xj) , hcot(Xj, Xi)). (3 .3.8) 

(3.3.9) 

(3.3.10) 

0 d1 ,2 d1 ,MN 

d2 ,l 0 d2 ,MN D= (3.3.11) 

dMN,l dMN,2 0 

The Hausdorff distance map of the image is denoted by D and is computed ac-

cording to Equation 3.3.11. D represents the distance from one block to another 

block in the image, which is an MN x MN matrix. Figure 3.9 shows two distance 

maps that are for a human image and a non-human image respectively. The block 

size for these two distance maps is 3 x 3. 

System Training 

In the training stage, the distance maps of all sample images are constructed using 

Equation 3.3.10 to Equation 3.3.11. Let us assume that there are K human sample 
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(a) (b) 

Figure 3.9: Example of distance map. (a): Distance map of human images; (b): 
Distance map of non-human images 

images and K non-human sample images. Let d~.Ji,k be the (i,j) element of k-th 

Hausdorff distance map for the image with a human where i, j = 1, 2, ... , MN x MN 

and k = 1, 2, ... , K. Let d~~k,k be the (i , j) element of k-th Hausdorff distance map 

for the image without a human where i, j = 1, 2, .. . , l\/f N x J\!l N and k = 1, 2, ... , K. 

Then the average distance of element ( i , j) is computed using Equation 3.3.12 and 

Equation 3.3.13, where d~,J,k is the average for human samples at ( i, j) and d~~k,k is the 

average for non-human samples at (i,_j). Equation 3.3.14 calculates the covariance 

of I< human samples and Equation 3.3.15 calculates the covariance of K non-human 

samples. The difference at element ( i , j) of the distance map between human images 

and non-human images is computed using Equation 3.3.16. 

K 
dobj = 2_ '"" dobj ,k. 

i ,J J( ~ i,J (3 .3.12) 
k= l 

(3 .3.13) 
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(a) 

K 
J2 _ 1 '""""(dobj,k dobj)2 

obj(i,j) - K ~ i,j - i,j · 
k=l 

K 

6;ck(i,j) = ~ L(d~~k,k - d~~f) 2 . 
k=l 

( dobj _ df?cJ:-)2 
i,J i,J 

Wi ,j = J2 J2 . 
obj(i,j) + bck(i,j) 

"b) ( , 

Figure 3.10: Average distance map. (a): human; (b): non-human 
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(3.3.14) 

(3 .3.15) 

(3.3.16) 

There are two average distance maps in the training stage. One average distance 

map is for all training human images and the other one is for all traninig non-human 

images (see Figure 3.10). It can be observed that texture patterns of these two 

average maps are different . The average distance for non-human is smoother than 

the human average distance map. We can observe that there is a tendency in the 

human average distance, especially in the middle part. To compare the two average 

distance maps, a difference distance map W = [wi ,] ]MN xMN between human images 

and non-human images is created according to Equation 3.3.16. Figure 3.11 shows 

the difference distance map between all traiuing humau images aud all tranining 

non-human images . 
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Figure 3.11: Difference map between human and non-human average map 

The difference distance map has a huge number of elements (MN x MN elements) . 

For example, the size of the difference distance map is 288 x 288 if the image size is 

72 x 36 and the block size is 3 x 3. It is computational expensive if the whole difference 

distance map is used directly to differentiate human objects from non-human objects. 

To avoid this problem, it is necessary to extract the most important elements from 

the difference map. A linear discriminant method [105) is used to reduce the number 

of different distance map elements. 

In the difference map, an element with a larger value means that the element plays 

a more significant role to differentiate humans from non-humans. So, the r largest ele-

ments in the difference distance map are selected to measure the different distribution 

of the average human image distance map and the average non-human image distance 

map initially. Each element is represented as (i , j) (i,j = 1, 2, ... ,MN) . When r is 

large enough, the most significant elements are preserved in these r elements. Let 



Chapter 3. Human Detection 60 

R = ((ur,1, Vr,1), (ur,2, Vr,2), · · · , (ur,ri Vr,r)) denote the first selected r elements posi-

tion in the different distance map. The r selected elements are represented as an r 

dimensional distance value vector as shown in Equation 3.3.17. 

n' = [d d ... d ]' r Ur,I,Uv,l l Ur,2,U-u,2 l l Ur,r,Uv,r . (3.3.17) 

From the distribution of the r dimensional vectors for both human images and non-

human images, a projection matrix Ar is computed which transforms the distance 

vector Dr to a discrimination space. 

Let fJ~bj and L fJ~bj be the average and covariance for the distribution of human 

objects respectively. Let jj~ck and L D,~ck be the average and covariance for the 

distribution of non-human objects respectively. The projection matrix Ar is computed 

by 

(3.3.18) 

The number of the elements of the projection matrix Ar is reduced iteratively by 

determining the projection matrix Ar and removing the lower contribution elements. 

The positions of the elements are retained as well for recognition purposes. The iter-

ation is continued until the elements number reaches a preset value which is normally 

set between 10 and 100. For example, initially, 1000 elements are selected as A1000 . 

Next , we calculate A990 without 10 lower contribution elements. A980 ~ A970 , . . . are 

calculated in the same way. Finally, R elements are selected. Figure 3.12 shows the 

iteration procedure of calculating the matrix Ar. 

Finally, a projection matrix AR is created. The matrix AR is employed to trans-

form the multi-dimensional feature vector represented a!:l a Hausdorff distauce map 

to a one-dimensional score value for each probe image. l\foreover: positions of the R 
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select 1000 most significant elements from the difference map 

keep the position of the significant elements in difference map 

mean and covariance for distribution of human 
acco_i:9ing to the positi on of the significant elements 

mean and covariance for distribution of non-lluman 
according to the position of the significant elements 

discard the least 10 elements in Ar projection 
Keep the position of the remaining significant elements 

significant elements and their position in the distance 
map have been determined 

END 

Figure 3.12: Data flow for calculation projection matrix 
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elements are also determined. Elements on these positions are the most significant 

elements in the distance map. The subject (i.e., human) classification is carried out 

on the one-dimensional score value. A pre-calculated threshold is computed to de-

termine human or non-human images. The threshold computation is detailed in the 

recognition process. 

Recognition Process 

Given a probe image, its corresponding Hausdorff distance map is created according 

to Equation 3.3.6 to Equation 3.3.10. Then, the R elements are selected from the 

distance map according to the position of the most important R elements selected in 

the training stage. The score value of the probe image is computed by 

A D probe score= Rx R , (3.3.19) 

where AR is the projection matrix obtained in the training stage and D~·obe is the 

feature vector with R eiemcnts of the distance map of the probe image. When the 

score is larger than a pre-calculated threshold, the corresponding probe image is 

identified as a human image. Otherwise, it is identified as a non-human image. 

To calculate the classification threshold, all training images consisting of human 

images and non-human images are fed into the testing procedure respectively. Obvi-

ously, the corresponding scores obtained based on Equation 3.3.19 are clustered into 

two classes on the one-dimensional data domain. A threshold is carefully selected to 

better distinguish these two classes, which maximizes the ratio of inter-class difference 

and intra-class difference according to Fisher 's Linear Discriminant (FLD) (28](40]. 
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3.3.5 Experiments 

To verify the performance of the proposed algorithm, 1600 images were used for the 

experiment consisting of 800 human images and 800 non-human images. The human 

images were taken in a park and under various out-door illumination situations. The 

human posture is upright . However, there are various view angles including front 

view, side view and back view. There is one human in a human image. The non-

human images were taken outdoor and indoor and also under various illumination 

conditions. These 1600 images are divided into two parts for training and testing 

respectively. Each part has 800 images inclu_ding 400 human images and 400 non-

human images. Figure 3.13 shows some image samples used in the experiments and 

Appendix A shows 400 human images 400 non-human images used in the experiments. 

(a) 

(b ) 

Figure 3.13: Image examples used in the experiments . (a) non-human images; (b) 
hum an images 

At the training stage, all sample images are scaled down to the size of 36 x 72. 
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For human images, human figures are located at the center of the image and the size 

of the human figures is similar. In order to implement the current method on the 

images with different resolutions, the interesting areas labeled on testing images are 

slightly larger or smaller than the size of training sample but retain the aspect ratio. 

Before constructing its corresponding distance map, these blocks on probe images are 

scaled down or up to match the training image. 

In order to verify the proposed method, recognition rates are compared between 

using Mahalanobis distance and using Hausdorff distance. Furthermore, Fisher's 

linear discriminant [40] is also used to testify the advantage of using Hausdorff distance 

instead of using Mahalanobis distance. 

There are two parameters being adjusted in the experiments. One is the size of 

a block in each training image. The other one is the number of significant elements 

selected by iteration process. By changing these two parameters, the different recog-

nition rates and ratios of inter-class scatter and intra-class scatter arc recorded, which 

are calculated using Mahalanobis distance and Hausdorff distance respectively. 

Figure 3.14 shows the score distribution of human images and non-human images 

with the block size of 3 x 3 and 50 significant elements selected by the iteration 

process from the distance map. We can see that the score distribution between 

human images and non-human images is larger using the Hausdorff distance than 

using the Mahalanobis distance. 

Figure 3.15 compares the recognition rate using the Hausdorff distance and using 

the Mahalanobis distance. In most cases, using Hausdorff distance has better recog-

nition rate except when the block size is 4 x 4 and the number of significant elements 

is chosen to be 50 due to the limitation of current experimental data. 
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Figure 3.14: Score distribution obtained by different methods: a) human images with 
Mahalanobis distance; b) non-human images with Mahalanobis distance; c) human 
images with Hausdorff distance; d) non-human images with Hausdorff distance. 
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Figure 3.15: Recognition rates obtained under different parameters with different 
methods 
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Figure 3.16: Ratios of inter-class scatter and intra-class scatter obtained under dif-
ferent parameters with different methods 
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Figure 3.16 compares the ratio of inter-class scatter and intra-class scatter between 

using Hausdorff distance and using Mahalanobis distance. The result shows the ratios 

of inter-class scatter and intra-class scatter is higher when using Hausdorff distance 

than using Mahalanobis distance. 

The experimental results reveal that the Hausdorff distance performs better than 

Manhalanobis distance. The main reason is that Mahalanobis distance scarifies subtle 

differences in the block while computing the mean value of a block. On the other 

hand, Hausdorff distance is based on the differences between columns/rows in the 

blocks. Thus, the Hausdorff distance takes into account the subtle difference among 

the block. 

3.4 Summary 

In this chapter, some preliminary work on human detection has been done based on 

video sequences and in static images respectively. The main points are listed here: 

1. Adaptive MoG is studied in detail because it is used to extract moving ob-

jects from video sequences when needed. Each pixel is modeled as a mixture of 

Gaussians and the model is updated in real time. The Gaussian distributions 

of the models are evaluated to determine those pixels belonging to the back-

ground. Pixels with values that do not match the distribution of background 

are considered as foreground pixels. 

2. A statistical approach is proposed to distinguish pedestrians from vehicles. 

Adaptive MoG is used to extract targets from the video. Three points are 

determined from the extracted targets. The histogram of the angle, which is 
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opposite to the bottom two points, is computed for each video sequence. The 

variance of the histogram of the angle is employed to classify the moving object 

as pedestrians or vehicles. 

3. A method for human detection from static images based on pixel structure of 

input images is presented. Pixel values are used for human detection because the 

geometric structure for all humans is similar. In the training stage, all sample 

images consisting of human images and non-human images are used to construct 

a Hausdorff distance map. The difference map is statistically analyzed. A 

projection matrix is created to reduce the dimension of the difference map. The 

decision is made based on the most significant elements in the difference map 

and the features of the projection matrix. A pre-calculated threshold is used to 

distinguish human images from non-human images. 



Chapter 4 

Human Action Recognition Based 
on Shape Features 

Human action recognition is a fundamental topic in computer vision and has become 

an active research area in recent years. It is an important step toward the final aim 

of human motion analysis. 

As we know, human action is comprised of a large number of postures. It is pos-

sible to use key postures for action recognition because of the characters of human 

actions. For example, human actions can be well described by a few important pos-

tures (called key postures) which are significantly different from each other and all 

other postures can be clustered to these key postures. Therefore , these key postures 

can be used to represent and to infer the corresponding human action by taking ad-

vantages of the contextual characters of human actions (46]. A contextual character 

is that transferring postures from one to another is a smooth process. Another char-

acter is that transition from one action to another cannot be arbitrary. For example, 

a 'lying down' action will never become a :running ' action without having a 'stand-

ing' posture. A detailed review of key posture based action recognition was done in 

Subsection 2.3 .4. 
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This chapter proposes a method for human action recognition based on 2-D human 

key postures because 2-D human postures can be obtained easily using cameras. 

Although 3-D postures are more accurate and view independent, they require more 

resources for computation. 

The framework as shown in Figure 1.1 has been introduced in Chapter 1. In this 

chapter, we focus on key posture selection (Task C) and action recognition (Task D). 

Task C describes extraction of key postures from videos. A two-step approach is 

proposed to extract key postures from a preprocessed action video. These two steps 

are coarse selection and fine selection. Feature extraction and representation are 

discussed in both steps. After key postures are extracted from the video, key posture 

sequences are used to represent human actions. Task D presents action recognition, 

whiclLincludes action template setup and action matching. All of the work in Task D 

is based on the key posture sequences extracted in Task C. Each key posture sequence 

is regarded as an action template. In order to compare two action sequences, Dynamic 

Time Warping (DTW) is applied to determine the distance between the two action 

sequences. 

4.1 Key Posture Selection 

Given an action sequence, the objective of key posture selection is to discover the 

most significant postures in the action video. The proposed method consists of two 

selection steps. We name these two steps coarse selection and fine selection respec-

tively. Coarse selection chooses the key posture candidates from an action video. 

Coarse selection uses information measurements representing human postures. Fine 
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selection compares the similarity between key posture candidates and decides the fi-

nal key postures of an action. The feature used for fine selection is an eight-point 

human posture representation . 

4.1.1 Coarse Selection 

As its name suggests, coarse selection chooses key posture candidates coarsely from 

an action video. In this step, features are extracted from each frame of the video. 

Image information measurement is employed for this purpose. The detail is shown as 

follows. 

Feature Representation for Coarse Selection 

Shannon developed information entropy in [93] which measured the randomness or 

unpredictability of a sequence of symbols. Supposing there is a discrete set of symbols 

with associated probabilities 

the information entropy of the set of symbols is defined as 

rn 

H = - LTilog2Ti. (4.1.1) 
i=O 

Information entropy tries to discover the distribution of a system, and it has been 

widely used in content based image retrieval [37] [98] to find the distribution similarity 

between images . 
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Figure 4 .1: Block devision of a human image 

Information measurement which borrows the idea of information entropy is used 

to describe human posture features . It is a global feature for human posture represen-

tation which indicates the general distribution of a human posture. Given a human 

image, it is divided into h x w blocks (see Figure 4.1). In each block, the probability 

of human body pixels Pi is calculated as 

N p. = _i 

i N' (4.1.2) 

where Ni is the number of pixels occupied by human body in block i (white pixel), and 

N is the total number of pixels in the whole image. The information measurement 

for the human posture is computed by 

M 

E = - ~ P.log?P. ~ t ~ti ( 4.1.3) 
i=O 

where M is the total number of blocks in the human image and Pi is the probability 

of each block calculated using Equation 4.1.2. Figure 4.2 shows the information 

mea.5urement of a human running action. The information measurement is calculated 
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frame by frame for the whole action sequence. The x coordinate represents the frame 

in each action sequence while the y coordinate represents a frame's corresponding 

information measurement. 
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Frames 

Figure 4.2: Information measurement of a running sequences-

Coarse Selection Procedure 

Figure 4.3 shows the steps for coarse selection. In the coarse selection, the posture 

in the first frame of a video is always regarded as one of key posture candidates. It 

is recorded as the current reference key posture. The postures in subsequent frames 

are compared with the reference key posture. If the difference of posture information 

measurements between the posture currently being examined and the current refer-

encc posture is larger than a t hreshold , this posture is chosen as a new candidate key 

posture and the reference posture is updated and replaced by the newly found key 

posture candidate . T'he above procedure is repeated unti l all frames in the sequence 

have been examined. The outputs of coarse selection are key posture candidates . 

For any two given frames P and Q, assume that EP and Eq are their corresponding 
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begin 

reference frame= 1st frame 

current frame=1 st frame 

current frame=current frame's next frame 

O=Ecurrent_frame-Ereference_frame 

reference frame= current frame : 

current frame is a candidate ; 

end 

N 

Figure 4.3: Coarse selection work flow. 
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information measurements. 

If 

( 4.1.4) 

then these two frames contain two different postures. The threshold is calculated as 

threshold= ( Emax; Em;n) , (4.1.5) 

where Emax and Emin denote the max and min values of information measurements 

in the whole sequence respectively, and T is adjustable. The larger T 1 the coarser the 

procedure is. T = 10 and T = 5 are chosen for our experiments. Figure 4.4 and Figure 

4.5 show the posture candidates after coarse selection for running and jacking actions 

respectively. Comparing the results obtained when T = 10 and T = 5 respectively, 

many more posture candidates are selected when T = 10. From observation and the 

experiments, the candidates selected when T = 5 have redundant postures and no 

important postures are missing. In order to reduce the computational cost in the fine 

selection step, T = 5 is a preferable value for T. 

4.1.2 Fine Selection 

Although the threshold (i.e., T = 5 ) can be adjusted to a relatively precise level, there 

may still be some redundant postures in the posture candidates set. It is necessary 

to remove the redundant postures and make all final key postures different from each 

other. Fine selection is introduced for this purpose. In the fine selection step , an 

eight-point feature is used to eliminate similar key posture candidates 1 especially for 

periodic movements. The detail is shown as follows. 
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Figure 4.4: Key posture candidates after coarse selection (running): (a) Original 
sequence; (b) T=lO; (c) T =5 
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Figure 4.5: Key posture candidates after coarse selection (Jack): (a) Original se-
quence; (b) T=lO; (c) T=5 
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Feature Representation for Fine Selection 

In the previous section, a global feature is found to represent a human posture. In 

this section, a local skeleton feature is constructed. The eight-point representation 

tries to represent the shape of a human image. Techniques as shown in [34] and 

(104] can be used to represent the human by skeleton. However, these techniques are 

computation expensive. Skeleton has been used by Fuiyoshi for motion analysis in 

(42]. Their skeleton representation is suitable for finding the cyclic periodic human 

motion, but cannot be used to distinguish human postures. The proposed eight-point 

representation aims to find the difference between two human postures without costly 

computation. 

(a) 

3~.·/ . ~ 
~r7 

6 

(b) 

Figure 4.6: Eight-point representation of a human body: (a) Interested points select-
ing; (b) Points labeling 

Figure 4.6 shows the proposed skeletoninzation representation after the foreground 

human image is extracted. The representation is obtained as shown in the following 

steps: 
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1). The centroid of a human body image contour, (Xe, Ye), is computed by 

( 4.1.6) 

1 . Np 

Ye= N LYi, 
p i=l 

(4.1.7) 

where NP is the number of contour pixels of the human image, and (Xi , Yi) is a pixel 

on the contour. 

2). Four points of interest (xi' Yi) are selected from the contour) such that I xi I = 

Xe or IYil = Yc ('i = 0, 2, 4, 6). These four points are to the east, north, west and 

south of the centroid point (Xe , Yc) respectively, and they are represented as point 0, 

point 2, point 4 and point 6 in Figure 4.6(b). 

3). Four other interesting points (Xi, Yi) are determined according to Equation 

4.1.8. These four points are to the northeast, northwest, southwest and southeast of 

the centroid point (Xe, Yc) respectively, and are represented as point 1, point 3, point 

5 and point 7 in Figure 4.6(b). 

t e = 1 
I
Y:-Yj 
Xi -Xe 

(i = l,3,5,7) . ( 4.1.8) 

For Step 2) and Step 3), if there are more than one point detected in one direction, 

the point most distant from the centroid is selected. For example, in Figure 4.6(a) , 

both point 3 and point 3' are to the northwest of the centroid point , but point 3 is 

selected as an interested point because point 3 is farther away from the centroid point 

than point 3'. 

4). The distances from the eight interesting points on the contour to the centroid 
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point are computed by 

( i = 0' 1, 2' .. · 1 7). (4.1.9) 

5). The human posture is represented by a distance vector Das shown in Equation 

4.1.10 where i stands for the point position on the contour (see Step 4). 

D ={Di Ii= 0, 1, ... , 7}, (4.1.10) 

Selection Procedure for Fine Selection 

According to Equataion 4.1.10, an action sequence is represented by a sequence of 

distance vectors as 

Dt = { D ti Ii = 0 1 1, . . . 1 7} ( t = 0' 1, 2, .. . ) ' (4.1.11) 

where t is the frame number of a key posture candidate obtained by coarse selection 

and i stands for the point position (see Subsection 4.1.2) on the contour. 

Based on these eight interesting points corresponding to each key posture can-

didate, Euclidean distance is used to determine the similarity between any two key 

posture candidates. Given two vector Di and Dj, the distance between these two 

vectors is calculated by 

7 

distij = L (Dik - Djk) 2
, (4.1.12) 

k=O 

where Dik is the k-th vector of candidate i and Djk is the k-th vector of candidate j. 

A distance matrix M is constructed to hold the distances between any two key 

posture candidates. JV! is a symmetric matrix as shown by 
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0 dist12 dist13 dist1n 

dist21 0 dist23 dist2n 
M= dist31 dist32 0 dist3n (4.1.13) 

distn1 distn2 distn3 0 

where distiJ indicates the distance between candidate i and candidate j, and n is the 

total number of candidates. The smaller distij, the more alike between candidate i 

and candidate j a.re. The most similar two candidates has the smallest distance in 

matrix M , of which one needs to be removed. To remove the redundant postures, the 

minimum value in Mis selected and one of its corresponding key posture candidates 

is removed from the key posture candidates list. For example, if distpq is the smallest 

value in M, then either candidate p or candidate q is removed from the candidates 

list . In this work, the latter key posture candidate is removed from the key posture 

list . That is , supposing min(M) = distpq, and p < q, candidate q is removed from 

key posture candidates list. After candidate q is removed from the candidates list , 

the distances between candidate q and other key posture candidates become invalid . 

Therefore, column q and row q in matrix Mare removed. This procedure stops when 

one of the following conditions is satisfied. 

• The total number of key posture candidates is less than a preset value N. From 

observation, each action has at least two postures. Therefore, N is set to 3 in 

this work. 

• The minimum value in matrix J\I[ is greater than a preset value, that is , min(M) > 

SimThreshold. SimThreshold is set to the mean value of M when M is con-

structed. 
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The output of the fine selection step are key postures of an action. Recognition 

is performed using these key postures. Figure 4. 7 and Figure 4.8 show the final key 

postures of running and jacking when T = 5 and T = 10. From these two figures, it 

can be concluded that a larger T value is not necessary. Figure 4.9 shows the final 

key postures in the experiment database. 

(a) 

(b) 

Figure 4.7: Final key postures of running action: (a) T=lO; (b) T=5 

4.2 Action Recognition 

After key posture sequences are obtained, a method to match the key posture se-

quences is needed . Both HMM [87) and DTW [91] are well studied algorithms for 

sequences matching. They are widely used in the speech recognition area. Recently, 

they have been applied for human action recognition. Both of them share the idea of 
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(a) 

(b) 

Figure 4.8: Final key postures-of jack action: (a) T=lO; (b) T=5 

dynamic programming (DP) for sequence matching. There is no preference for one 

over the other. In this work, DTW is used for action sequence matching purposes. 

4.2.1 Dynamic Tirne Warping 

DTW technique, originally used in [77] and [91] for speech recognition, finds the 

temporal alignment between two time series by warping non-linearly along the time 

axis. DTW has been used in many other disciplines [92] due to its ability to discover 

the distance between two sequences or the alignment of two sequences. Figure 4.10 

shows an example of how one sequence is warped to another [92]. In Figure 4.10, each 

line connects a point in one time series s 1 to a point in another time series s2 . If time 

series s 1 and s 2 in Figure 4.10 are identical, all of the lines connecting from s 1 to s2 
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Figure 4.9: Examples of final key postures for actions in database 
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would be exactly vertical and hence warping is not necessary. DTW is a technique 

that can be used to measure the distance between two sequences. 

\ \ ·1 I 
\ \ I j 

\\ l, / 
\I > 
~/ 

'f\\ \ 1,\ \ 
,J \ \ \ 
I '\ ' \_ 
: _ \ \ \ 
' \ '\ \ 

Figure 4.10: A warping between two sequences 

DTW is reviewed as follows. Given two sequences, X with length IXI and Y with 

length IYI , i.e., 

and 

the warping function W is defined as a vector function by 

where, 

rnax(IXI, IYI) :SK :S IXI + IYI , (4.2.1) 

K is the length of the warping path and the k-th elements of the warping path is 

Wk = (i, j) (k=l , 2, ... , K) , (4.2.2) 

where i is an index of sequence X~ and j is an index of sequence Y . The warping pa.th 

startsatthebeginningofeachsequenceatw1 = (1 , 1) ,andfinishesatwK = (IXl ,IYI). 
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This ensures that all indexes in both sequences are in the warping path. In the warping 

path, i and j are monotonically increasing, i.e., 

if 

Wk= (i,j), (4.2.3) 

and 

( 4.2.4) 

then 

i :S i
1 

' j :S j' . ( 4.2.5) 

An example shown in Figure 4.11 illustrates the concepts of warping path. There 

identical, the warping path, W = {(1 , 1), (2, 2), (3, 3) , (4, 4), (5 , 5)}, is the straight line 

as shown in Figure 4.11. The dotted line in Figure 4.11 is another warping path and 

is represented as W = {(1 , 1) , (1 , 2), (1 , 3) , (1 , 4) , (1 , 5) , (2 , 5), (3 , 5), (4 , 5), (5 , 5)} . 

y5 

y4 

y3 

y2 

y1 

:······ ..................... . 
• • . . 
• • . 
"' .. • • • •· !I 

x1 x2 x3 x4 

Figure 4.11: Warping path example 

x5 
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The distance of a warping path W is shown as 

K 

Dist(W) = L d(wki1 Wkj), (4.2.6) 
k=l 

where (wki, Wkj) stands for the k-th element of the warping path with index i in 

sequence X and index j in sequence Y respectively. d (wki, Wkj) is the distance be-

tween the two sequences index points at the k-th element of the warping path. The 

distance can be measured by any distance measurement, e.g., Euclidean distance, 

Mahanlanobis distance, Hausdorff distance and so forth. For example, in Figure 4.11, 

the straight line warping path distance between X and Y is 

Disistra·ight(W) = d(l , 1) + d(2, 2) + d(3 , 3) + d(4 , 4) + d(5, 5). 

The dotted line warping path in Figure 4.11 has the distance of 

Distdotted(W) = 

d(l, 1) + d(l, 2) + d(l, 3) + d(l, 4) + d(l, 5) + d(2, 5) + d(3 , 5) + d(4, 5) + d(5 , 5). 

The best warping path is the warping path with minimum distance between two 

sequences. Dynamic time warping makes use of dynamic programming to compute 

the minimum distance between two sequences. The minimum· distance is found 

by recursively accumulating the locally optimal path. Given two sequences X = 

{x1,x2, ... ,:ri,···,x1x1} and Y = {Y1,Y2, ... ,yj,···,YIYJ} with lengths IX! and !YI re-

spectively, let i and j be indexes of X and Y respectively. Assume T( i, j) is the 

accumulated distance along the best path from (1, 1) to (i,j), where T(i,j) is defined 

by Equation 4. 2. 7. The distance of the best warping path Distmin ( X, Y) minimizes 

the accumulated distance T(IXI, jYI) along the path from (1, 1) to (IXJ, IYI). 

T(i,j) = d(i , j) + min(T(i , j - 1) , T('i - 1,j - 1), T(i - l ; j)) i,j fl, (4.2.7) 
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where d( i, j) is the distance between xi and yj and 

T(l, 1) = d(l, 1), 

T(i, 1) = d(i, 1) + T(i - 1, 1), 

T(l,j) = d(l,j) + T(l,j - 1). 

89 

(4.2.8) 

(4.2.9) 

(4.2.10) 

There are IXI x !YI elements in the distance matrix [T(i, j)). The warping path 

is calculated in reverse order starting from the right top with value T(IXI, !YI) to the 

left bottom with value T(l, 1). 

To find the minimum distance warping path, the difference/similarity between 

each index in sequence X and each index in sequence Y is calculated. That is, a 

distance measure between the two sequences is needed to determine the similarity 
-

between sequences one by one. After the difference matrix has been calculated, the 

warping path cost matrix can be calculated accordingly to Equation 4.2. 7 to Equation 

4.2.10. Figure 4.12 shows the distance between each index of X and each of Y. Figure 

4.13 shows the accumulated distance matrix [T(i, j)] and the best warping path which 

minimumize the distance from (x1 , y1) to (x3 , y4 ). The warping path for this example 

is W = {(1 , l),(2,2),(2,3) , (3,4)}. More details·on how to compute the distance 

between two sequences is addressed in Subsection 4.2.2. 

4.2.2 A ction Template Creation and Matching 

In Section 4.1 , key postures have been extracted from an action video. In t his sub-

section, key posture sequence matching is discussed. 
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-

y4 4 3 1 

y3 3 0 4 

y2 2 2 2 

y1 0 8 2 

x1 x2 x3 

Figure 4.12: An example of distance matrix 

y4 

y3 

y2 

y1 

x1 x2 x3 

Figure 4.13: An example of a warping path cost matrix and its warping path 
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Sequence Normalization 

Different people have different shapes because the sizes of people are different. Some 

are tall and some are short. Some are big and some are small. The key posture 

measurement as defined in Section 4.1 does not consider this problem because ex-

tracting key posture deals with only one person at a time. However, for sequence 

matching which compares at least two different people, different human sizes need to 

be considered. Otherwise, the distance between an adult and a kid performing the 

same behavior may be larger than the distance between two adults who are doing 

differen~e actions. Therefore, normalization is used to solve this problem. 

For a given key posture sequence 

Dt = {Dtil(i = 0, 1, ... 7)} (t = 1, 2, .. ~), 

the normalized result is shown in 4.2 .11 below, and is still represented by Dt 

{ 
De } Dt = max(~ti) l(i = 0, 1, ... 7) (t = 1, 2, ... ). (4.2.11) 

After normalization, Dt is regarded as the feature vector of an action. Each 

element in Dt is an eight-element vector. 

Sequence Matching 

In order to match a query action sequence to one of the reference sequences, the 

distance between the query action sequence and the reference sequence is calculated. 

DTW is applied to find out the distance between the two action sequences. 

Figure 4.14 shows how to calculate the distance between two action sequences. The 

inputs to the algorithm are two action sequences. One is the action to be identified 
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Figure 4.14: Distance calculation between two sequences 
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and the other one is the reference action sequence. The output of the algorithm is 

the distance between the two sequences. A warping path can also be obtained. Let 

matrix d be the distances between the elements of query sequence Q and the elements 

of reference sequence R. The size of dis IQI x !RI, where IQI and IRI stand for the 

lengths of Q and R respectively. The output of the algorithm is the distance between 

two sequences. 

An example is used to demonstrate how to calculate the distance between two 

action sequences and is demonstrated in Figure 4.15 to Figure 4.22. Sequence R = 

{RI, R2, R3, R4} is a reference sequence with 4 elements and query sequence Q = 

{ Ql, Q2, Q3, Q4 1 Q5} is a sequence with 5 elements. Figure 4.15 is the distance matrix 

d between each element of Rand Q, whose size is 4 x 5. A 4 x 5 matrix Tis created 

for the warping path calculation. We illustrate the steps on calculating warping path 

T in the algorithm below. 

1. Compute the distance between each element in R and each element in Q. we 

denote this distnace matrix as d. 

2. Initialize a matrix T to hold the warping path distance. T has the same size as 

d. 

3. Calculate T(l, 1). According to Equation 4.2.8, T(l, 1) = d(l, 1). Figure 4.16 

shows the results of this step. 

4. Calculate T(l, j) . According to Equation 4.2.10, T(l, j) = d(l, j) + T(l, j - 1). 

Figure 4.17 shows the results of this step. 

5. Calculate T(i, 1). According to Equation 4.2.9, T(i; 1) = d(i; 1) + T(i - 1; 1). 

Figure 4.18 shows the results of this step. 
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6. Calculate each row of matrix except row 1 according to Equation 4.2. 7. Figure 

4.19 to Figure 4.21 show the results after row 2, row 3 and row 4 are calculated. 

7. The distance between sequence Q and R is obtained and its value is 0.6. The 

warping path is shown in Figure 4.22. It is W = { (1, 1) , (2, 2), (3, 3), ( 4, 4), (5, 4)}. 

R4 1 1 0.4 0.2 0.1 

R3 0.8 0.5 0.1 0.5 0.2 

R2 0.4 0.1 0.9 0.5 0.4 

R1 0.1 0.5 0.3 0.6 1 
-

01 02 03 04 05 

Figure 4.15: Distance matrix between sequence Q and sequence R 

R4 
--· 

R3 
·- · 

R2 

R1 0.1 

01 02 03 04 05 

Figure 4.16: Warping path calculation example-step 3 
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R4 

R3 

R2 

R1 0. 1 - --.. 0.6 - r-.. 0.9 - r--. 1.5 - __. 2.5 

01 02 03 04 05 

Figure 4.17: Warping path calculation example-step 4 

R4 2.3 
A. 
I 

R3 1. 3 
.6. 

T 
R2 0.5 

... 
I 

R1 0. 1 0.6 0.9 1.5 2.5 

01 02 0 3 04 05 

Figure 4.18: Warping path calculation example-step 5 
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R4 2.3 

R3 1.3 

R2 0.5 - __ ..,. 0.2 - :\ 
1 . 1 - ~. 

1.4 - -+ 1.8 
i-" ,,,,,. 

/ r / l / 
\ 1.5 

/ 
1
2.5 R1 0. 1 0.6 0.9 

Q1 Q2 Q3 Q4 Q5 

Figure 4.19: Warping path calculation example-step 6(1) 

R4 2.3 

R3 1.3 
~ 

0.7 -
~. 

0.3 - ~ 0.8 
~ 

1 - -

l I / 1- / T R2 0.5 0.2 1 '1 1.4 1.8 

R1 0. 1 0.6 0.9 1.5 2.5 

Q1 02 03 Q4 Q5 

Figure 4.20: Warping path calculation example- step 6(2) 
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R4 2.3 1. 7 - ~ 
0.7 0.5 

~ 
0.6 

- ~ - ~ 
-

/ T / I / T / 1 R3 1.3 0.7 0.3 0.8 1 

R2 0.5 0.2 1 . 1 1.4 1.8 
-

R1 0.1 0.6 0.9 1.5 2.5 

01 02 03 04 05 

Figure 4.21: Warping path calculation example-step 6(3) 

R4 2.3 1. 7 0.7 

R3 1.3 0.7 0.8 

R2 0.5 1 . 1 1.4 1.8 

R1 0.6 0.9 1.5 2.5 

01 02 Q3 04 05 

Figure 4.22: ·warping path for the example 



Chapter 4. Action Recognition method I 98 

In order to find out the minimum distance between the query sequence and the 

reference sequences, the distances between the query sequence and all reference se-

quences need to be computed. The query sequence belongs to the reference sequence 

with minimum sequence distance. 

4.3 Experiments 

The experiments were carried out on Weizmann Institute of Science's human ac-

tion database [12]. To our knowledge, this database is one of the few reasonable 

sized and available public databases for human action recognition. It contains 90 

action videos (nine subjects, each performing ten natural actions). The actions in-

clude walking( walk), running( run), bending(bend), gallop-sideways( side), one-hand-

waving( wavel), two-hand-waving( wave2), jumping-forward-on-two-legs(jump) , jumping-

in-place(pjump), skipping(skip) and jumping-jacking(jack). The actions include both 

periodic actions (e.g. , walk, run) and non-periodic actions (e.g., bend). For the peri-

odic actions, a subject performed the same action two or three times. The resolution 

of the video is 180 x 144. The video sequence was taken around 25 frames per second 

(FPS). The number of frames of each video varies from 30 to 70. Human silhouettes 

are provided by the database. The quality of the provided silhouettes is generally 

good although there are some defects. Morphological operations including dilation 

and erosion are applied to repair these defects . Figure 4.23 is an example of the 

database performing jack action. The heads of some humans are missing. 

In this experiment, starting postures are manually aligned. Leaving-one-out cross 

validation is used to compute an unbiased recognition accuracy. Each time, one se-

quence is left out. The remaining sequences are used as training sequences. All of the 
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Figure 4.23: An example of database(jack) 

frames in a video are used for the experiments. Key postures are extracted from the 

silhouette sequence according to Section 4.1. Then, the distances between the left-out 

sequence and all the training sequences are calculated according to Section 4.2. The 

left-out sequence is classified as one of the training sequences with the smallest dis-

tance. Thus , if the left-out sequence is classified correctly, it has high similarity with 

a sequence in which a difference person performs the same action. Table 4.1 shows 

the recognition results using this two-step method. The Table 4.2 shows the accuracy 

using this two-step method . The overall recognition rate is 81.113. Considering the 

precision rate and recall rate, walk ha.s the best performance with 903 precision rate 

and 1003 recall rate , and jump has worst performance with 60% precision rate and 

66. 73 recall rate. 

4.4 Summary 

In this chapter, the action recognition approach based on key posture sequence match-

ing is proposed and demonstrated to perform well. The main points are summarized 
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Table 4.1: Confusion matrix for action recognition 
bend jack jump PJUmp run side skip walk wavel wave2 

bend 7 0 0 1 0 0 0 0 1 0 

jack 0 7 0 0 0 0 0 0 1 1 

JUmp 0 0 6 0 0 0 3 0 0 0 

pjump 0 0 2 6 1 0 0 0 0 0 

run 0 0 0 0 7 0 0 1 1 0 

side 0 1 0 0 0 8 0 0 0 0 

skip 0 0 2 0 0 0 7 0 0 0 

walk 0 0 0 0 0 0 0 9 0 0 

wave l 0 0 0 0 0 0 0 0 8 1 

wave2 0 0 0 0 0 0 0 0 1 8 

Table 4.2: Accuracies for action recognit ion 
T P rate FP rate FN rate P recision Recall 

bend 0.778 0.000 0.222 1.000 0.778 

jack 0.778 0.012 0.222 0.875 0. 778 

JUmp 0.667 0.049 0.333 0.600 0.667 

pjump 0.667 0.012 0.333 0.857 0.667 

side 0.778 0.012 0.222 0.875 0.778 

skip 0.889 0.000 0.111 1.000 0.889 

run 0.778 0.025 0.222 0.778 0.778 
~-

walk 1.000 0.012 0.000 0.900 1.000 

wavel 0.889 0.049 0.111 0.667 0.889 

wave2 0.889 0.025 0.111 0.800 0.889 
--~ 
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below. 

Key postures selection consists of two steps. They are coarse selection and fine 

selection. Coarse selection selects key posture candidates from the action videos. 

Coarse selection makes use of information measurements for feature representation. 

Fine selection determines final key postures from key posture candidates. An eight-

point feature is employed for fine selection. Key postures sequences represent human 

action sequences after key postures have been extracted. In order to match one query 

key posture sequence to a reference sequence, DTW is applied to compute the distance 

between the query sequence and the reference sequence. The query sequence belongs 

to the reference sequence with the minimum distance. 

The benefit of using key postures for human action recognition is its reduced 

computation complexity. The advantage of using the two-step key posture selection 

is that it considers not only the global information of a human posture, but also the 

local information of the posture. However, there are some problems which need to be 

solved in the future. They are: 

• Same action sequences with different starting postures cause larger distance in 

the sequence matching. In the experiments, we manually aligned the starting 

posture. This problem is a challenge for action recognition which needs further 

study. 

• The accuracy for jump is relatively low. Better representation or better match-

ing methods will be studied to improve the accuracy. 



Chapter 5 

H urnan Action Recognition Based 
on Radon Transforrn 

As we mentioned in Chapter 4, t he starting posture is a problem for the two-step 

method. Furthermore, there is still some scope to improve the accuracy. In this 

chapter , we try to find a more effective way for human posture representation and a 

better sequence matching method. 

In order to obtain key postures, the action sequences are extracted from the pre-

processed silhouettes using Radon transforms . Then, an unsupervised cluster is ap-

plied to Radon transforms to identify the key postures for each sequence. Such kind 

of key postures are used in the subsequent training and testing procedure. 

To further optimize the extracted action features embedded inside the key pos-

tures, the Linear Discriminant Analysis (LDA) is adopted to process the feature vec-

tors. Several benchmark classifiers, including BayesNet [80], C4.5 or Decision Trees 

[85], and t he Sequential Minimal Opt imization (SMO) algorithms [83], are used in 

this work fo r action learning and classification. 
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5.1 Human Posture Representation By Radon Trans-

form 

In this section, the Radon transform is introduced first and then we will discuss how 

the human postures are represented by Radon transforms. 

5.1.1 Radon Transform 

Radon transform is named after J. Radon who showed how to describe a function in 

terms of integral projections in 1917 [88]. The integral of a function over a line is the 

Radon transform. Radon transform is well known for its wide range of applications 

in various areas, such as radar imaging, geophysical imaging and medical imaging. 

Radon transform has various definitions and we use the one in [l] to illustrate it. 

A' 

Figure 5.1: The Radon transform computation [l] 

Let f be a continuous function vanishing outside some interested regions in the 

Euclidean plane R2 . The Radon transform, denoted by R1 is a function defined on 
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the space of lines L (AA' in Figure 5 .1) in R2 by 

R1(L) = 1 f(x)d<J(x) , (5.1.1) 

where the integration is performed with respect to the arc length measure da(x) on 

L. Concretely, any straight line L can be parameterized by 

( x ( t) , y ( t)) = t (sin a , - cos a) + s (cos a, sin a) , (5.1.2) 

where s is the distance of L from the origin and a is the angle L makes with the x 

axis. Thus the quantities ( s, a) are coordinates on the space of all lines in R2, and 

the Radon transform can be expressed in these coordinates by 

R1(a, s) = 1: f(x(t), y(t))dt (5.1.3) 1: J(t(sina, - cos a)+ s(cosa,sina))dt. (5 .1.4) 

Figure 5.1 shows the computation of Radon transforms. Figure 5.2 shows an 

example of Radon transforms. Two parallel lines are in the image (see Figure 5.2 

(a)) . Its Radon transforms have two intensive highlights with the same angle a but 

different distance from the originals (see Figure 5.2 (b)). 

y 

:x 
(at 

Figure 5. 2: Radon transforms for two parallel lines 
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5.1.2 Human Posture Representation Using Radon Trans-

forms 

The Radon transform has several useful properties. Some of them are relevant to hu-

man posture representation [36). Wang et al. used R transform for action recognition 

in (110). R transform is based on Radon transform and it is given by Equation 5.1.5 

as in [100]. 

R(a) = 1: R}(s, a)ds, (5.1.5) 

where R1 is the Radon transform. 

They claimed that R transform was translation invariant, rotation invariant and 

scaling invariant. In fact, rotation invariant is not sufficient for action recognition 

and rotation invariance may sometimes even degrade an action recognition result. 

For example, a feature which is rotation invariant cannot be used to distinguish the 

postures corresponding to standing from those of lying. Like R transform, Radon 

transform is also scaling invariant and translation invariant based on the following 

facts. Scaling invariance can be easily achieved through alignment of the objects (i.e., 

the human silhouettes in this t hesis) of different scales and translation invariance 

can be achieved by moving the centers of the objects to the origin before applying 

Radon transforms. That is , Radon transform is better for action recognition than R 

transform when we require the recognition to be scaling and translation invariant but 

not rotation invariant. 

Subsequent to the extraction of human images, Radon transform on the human 

silhouette images are used to represent the corresponding human postures . Figure 5.3 

shows some human images and their corresponding Radon transforms. The human 

images are in normal x - y coordinate system. The Radon transforms images are in 
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a - s coordinate system. These human images are different because of shadow and 

noise. But their Radon transforms look closer and all have two similar bright parts. 

y 

·X 
s 

Figure 5.3: Human images and their corresponding Radon transforms 

5.2 Key Posture Selection 

As we have stated in the previous chapters, key postures are used to represent action 

sequences because actions are continuous. Key postures are the most significant 

postures in an action sequence. Once the key postures are selected, and the other 

postures in the sequences can be clustered into one of these key postures . 

5.2.1 Affinity Propagation Clustering 

Clustering data, based on a measure of similarity, is a critical step in pattern recogni-

tion and image processing. It classifies data into different subsets so that the data in 
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a subset share common characteristics. The measure used for the clustering method 

is the sum of squared errors between the data points and their corresponding data 

center. k-means [101), fuzzy clustering [9], and affinity propagation clustering [41] are 

some examples of the existing clustering methods. Some clustering methods, e.g., k-

means, begin with an initial set of randomly selected exemplars and iteratively refine 

this set so as to decrease the sum of squared errors. Other clustering methods, e.g., 

affinity propagation, do not require initially selected exemplars explicitly. 

The input of affinity propagation clustering is the similarity of data points and 

user's preference. The similarity s ( i, k) indicates how well the data point with in-

dex k is suited to be the exemplar for data point i. Similarity can be obtained in 

many ways . For example, the similarity can be measured using Euclidean distance, 

Manhanlanobis distance and so on. In order to achieve minimum squared error for -

clustering, similarity is set to a negative squared error. For points xi and xk, the 

similarity between these two points is s (i , k) = - llxi - xkll 2
. Instead of taking the 

number of clusters as input, affinity propagation takes the user preference as an input . 

The user 's preference is an N x 1 matrix p. p( i) indicates the preference to choose 

point i as a cluster center. If all data points are sui_table as exemplars, the preference 

uses a common value. The preference is set to the median of the similarity for this 

work. 

There arc two kinds of messages exchanged between data points. Each takes into 

account a different kind of competition. The responsibility message, r (i, k), sent from 

data point i to candidate exemplar point k, reflects the accumulated evidence for how 

well-suited point k is to serve as the exemplar for point i. The availability message, 

a ( i, k), sent from candidate exemplar point k to point i, reflects the accumulated 
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evidence for how appropriate it would be for point i to choose point k as its exemplar. 

Figure 5.4 is the procedure of affinity propagation clustering. At the beginning, 

the availabilities are initialized to zero, i.e., a( i, k) = 0. Then, the iteration begins. 

r (i, k) = s (i, k) - maxk'#, {a(i, k') + s(i, k'}. (5.2.1) 

a (i, k) =min {o, r(k, k) + L max {O, r(i', k)}} . 
i'~{i,k} 

(5 .2.2) 

The responsibilities are computed using Equation 5.2.1 , where s( i , k) is an element 

of similarity matrix, and a( i, k) is an element of availability matrix. An iteration of 

the responsibilities updates all candidate exemplars competing for ownership of a 

data point. 

The availabilities are computed using Equation 5.2.2 . The availability a-fi, k) is 

set to the self responsibility r(k , k) plus the sum of the positive responsibilities that 

candidate exemplar k receives from other points. The availabilities and responsibili-

ties are ('.Ombined to identify exemplars. For point i, the value of k that maximizes 

a( i, k) + r( i, k) either identifies point i as an exemplar if i = k, or identifies the data 

point that is the exemplar for point i. The message passing procedure is terminated 

in the following situations: 

• a preset number of iterations has been reached, 

• changes in the messages fall below a threshold, or 

• the local decisions stay constant for some number of iterations. 

There are two reasons to choose affinity propagation clustering for key posture 

selection in this thesis. Firstly, it speeds up the convergence time compared with 
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Begin 

a.(i, k) =O 

For each point i , 
r(i,k}~ s(i,k)-max{a(i,k' )+s(i, k')} 

For each point i 

:t(i, k) ~- min {O, r(k,k) + z=max(O,.r(i ',k)} } 

point k is the exemplar for point i 

End 

' _______ __. 

Figure 5.4: Affinity propagation clustering procedure 
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other methods (41). Secondly, it does not require initially chosen exemplars. By 

considering all data points as candidate centers and gradually identifying clusters, 

affinity propagation is able to avoid many of the poor solutions caused by unlucky 

initialization. 

5.2.2 Key Posture Identification 

Radon transforms are computed frame by frame for an action video. Affinity prop-

agation clustering is applied to the Radon transforms to obtain key postures. The 

inputs for affinity propagation clustering are the similarity matrix and the preference 

as exemplar for each frame. A similarity matrix is computed to measure the simi-

larity between each pair of frames' Radon transforms. In this work, each frame is 

equally regarded as an exemplar. Therefore, the preference acting as exemplar is set 

at the same value for each frame. The median of all Radon transforms is used as the 

preference. The outputs of the affinity propagation clustering are the cluster centers 

which are the key postures for an action . 

5.3 Action Recognition 

One of the challenges for action recognition is to obtain the action template from 

the given information of an action. In the following, we describe our method to 

obtain templates of human actions using key postures; and the method for learning 

or classification are based on the templates. 
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5.3.1 Action Template Creation 

Different people perform similar actions in different styles. Therefore, there are differ-

ent action sequences for one action regardless if the action is performed by the same 

person or by different people. However, from observation, each action has similar key 

postures although the key postures are not exactly the same. The proposed method 

uses the combination of all key postures as the feature descriptor for an action. The 

advantage of using the combination of key postures is that it does not require a 

starting posture alignment, which emerged as a problem in the previous chapter. 

Suppose that there is an action sequence which has N frames denoted in the set 

F by 

F = { F1 P.2 F3 · · · ~· · · · I l < i < N} . 
l ' ' ' i 1 - -

(5.3.1) 

Their corresponding Radon transforms are denoted in the set R by 

R = f R1 R" R3 · · · o . ···II< i < N}. l ' L,) ' 1 .L"i 1 - - (5.3.2) 

The Radon transform of a frame Rj (1 :::; j :::; N) is a matrix with a large amount 

of data. The key postures in an action sequence selected by the method shown in 

Section 5.2 are K 1 , K 2 , · · · , Kj (1 :::; j :::; N). 

Let Rg1 , Rg2 , • • • , RK1 (1 :::; j :::; N) be the corresponding Radon transforms of the 

selected key postures. For each action, the template T P is calculated by 

(1 :::; j :::; N). (5.3.3) 

The dimensions of T P and R are very high. Dealing with such high dimensional 

data will result in poor recognition rate and high computing complexity. There-

fore, feature extraction is needed to extract the most important information from 
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T P for classification purpose. During feature extraction, the dimension of data is 

reduced. Besides that, a good feature extraction will enhance those features of in-

put data that achieve better classification results. Typical methods for extracting 

the most expressive features and reducing the feature dimension include Principal 

Component Analysis (PCA) (44][64](118], Independent Component Analysis (ICA) 

[58] and their variances. In addition to PCA and ICA, Linear Discriminant Analysis 

(LDA) [8](44](120] or Fisher's Linear Discriminant (FLD) (28][75] are used to discrim-

inate between patterns. PCA and LDA are two widely used conventional tools for 

dimension reduction and feature extraction [73][103]. However, there is a tendency 

for the preferred use of LDA over PCA because LDA deals directly with discrimina-

tion between classes . In contrast with LDA, PCA deals with the data in its entirety 

for the principal component analysis without paying any attention to the underlying 

class structures [73] . LDA requires category information in order to compute a vector 

which best discriminates between classes. Therefore, in this chapter, LDA is chosen 

for feature extraction from template TP. 

For a given dataset with c classes, LDA aims to find the best c - 1 features in the 

underlying data that best discriminates among classes. LDA defines two measures : 

1. within-class scatter matrix, as represented by 

c NJ 

Sw =LL (xf - µj) (xf - µj{ , (5.3.4) 
j=l i=l 

where xi is the i-th sample of class j , µj is the mean of class j , c is the number 

of classes , and Nj is the number of samples in class j . 



Chapter 5. A ction Recognition Method II 113 

2. between-class scatter matrix, as represented by 

c 

Sb= I: (µ1 - µ) (µ1 - µ{ , (5.3.5) 
j=l 

where µ represents the mean of all classes. 

Then, LDA tries to find a best (c-1) feature space, Wpr 0 , that maximizes the ratio 

of the between-class scatter matrix to the within-class scatter matrix, i.e., maximizing 

the ratio 8
8

b • 
tLI 

The best feature space Wpro is defined as 

(5.3.6) 

Accordingly, when given a dataset denoted by X, its selected feature set denoted 

by XLDA can be obtained by projecting X onto the (c - 1) feature space by using 

(5 .3.7) 

In order to obtain the the best features to discriminate for the actions, the action 

templates T P and their corresponding action classes are input for the LDA compu-

tation. Equation 5.3. 7 is applied to obtain the most significant features of T P. After 

using LDA, the dimension of T P has been decreased dramatically. If there are c 

classes in T P , then the reduced dimension of T P is c - 1. 

5.3.2 Learning and Classification Procedure 

The classifiers used for this part of work are the BayesNet [44] [80], C4.5 or Deci-

sion Trees [85], and t he Sequential Minimal Optimization (SMO) algorithm [83][114]. 
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These three classifiers are available in the WEKA package, a publicly available tool-

box for automatic classification (114]. We briefly introduce these three classifying 

methods in this section. 

Sequential Minimal Optimization is a new algorithm for training a Support Vector 

Machine (SVM) (21](44](106]. SVM invented by Vapnik in 1979 (106] is the foundation 

of learning machines. SVM combines techniques from statistics, machine learning and 

neural networks. In its linear form, an SVM is a hyperplane that separates a set of 

positive examples from a set of negative examples with maximum margin (see Figure 

5.5). The margin is defined by the distance of the hyperplane to the nearest positive 

and negative examples. The output of the linear SVM is 

u = w. i- b, (5.3.8) 

where w is the normal vector to the hyperplane and i is the input vector. The 

separating hyperplane is the plane satisfying u = 0. The margin m is obtained by: 

(5.3.9) 

SVM tries to maximize the margin, because a large margin can make estimation 

reliable on the training set, and also make estimation to perform well on unseen 

examples. SVM can also be in a non-linear form [17]. 

Bayesian networks are probabilistic models that graphically encode probabilistic 

dependencies between random variables. A Bayesian network is a graphical model 

that encodes probabilistic relationships among a set of variables. The graphical struc-

ture of the model imposes qualitative dependence constrains. Figure 5.6 is an example 

of Bayesian network. For example, the arc between variables Y and £ 1 denotes condi-

tional dependency of £ 1 on Y. In addition to this graphical representation, Bayesian 
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Maximize distances t.o nearest 
points 

Figure 5.5: A linear Support Vector Machine [83] 

networks include a quantitative measure of dependencies. For each variable and its 

parents, this measure is defined using a conditional probability function. For example, 

in Figure 5.6, one such measures is the probability P (E1IY). Together, the graphi-

cal structure and the conditional probability functions completely specify a Bayesian 

network probabilistic model. This model specifies a particular factorization of the 

joint probability distribution function over the variables in the network. Therefore, 

the definition of P (Y, E 1 : £ 2 , E3 ) in Figure 5.6 is 

(5.3.10) 

The Bayesian network specifies a particular factorization of the joint probability 

distribution over the variables in the network. Bayesian network probabilistic models 

provide a flexible and powerful framework for statistical tool as well as learning of 
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model parameters from data [80]. 

Figure 5.6: An example of Bayesian network 

A decision tree learning uses a decision tree as a predictive model which maps 

observations about an item to conclusions about the item's target value. It has 

become more and more important in machine learning and knowledge discovery sinrn~

Quinlan introduced ID3 in 1986 [85]. A Decision Tree is a tree-structured plan with a 

set of att ributes to test and to predict the output . Figure 5. 7 is an example of decision 

tree. Each node corresponds (i.e., B1 , B3 , C3 in Figure 5.7) to a variable; an arc to a 

child represents a possible value of that variable. A leaf (i.e. , C1 , C2 , B 2 , D 1 , D 2 , D 3 

in Figure 5. 7) represents a possible value of the target variable given the values of the 

variables represented by the path from the root. 

During the training stage, the action templates of the training samples are sub-

mitted to a classifier. The classifier learns from the input training samples and stores 

information for recognition task. 

For recognition, the action descriptors of the testing samples are calculated as 

described in the previous sections. The descriptors are input into the classifier. The 

classifier determines the action according to the information it learns from the training 
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Figure 5. 7: An example of Decision Tree 

action templates. 

5.4 Experiments 

5.4.1 Experiments 1 

The proposed method has been tested based on ·weizmann Institute of Science 's 

human action database [12]. We have described the database in Chapter 4. There 

are 9 subjects performing 10 actions in the database. 

Leave-one-out cross-validation is used for the research in this experiment because 

it avoids any possible bias introduced when relying on a particular division of the 

sample into test and training components. In experiment 1, leave-one-out was leaving 

one subject out (LOSO). That means eight subjects' 80 action videos were used for 

training while the remaining single subject's ten action videos were used for testing. 

The experiment was repeated nine times until all of these nine subjects' actions were 
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used for testing. 

All of the action sequences had their corresponding key postures according to 

Section 5.2. After the key postures were obtained, the action templates were created 

according to Subsection 5.3.1. The learning and testing processes were conducted 

according to Subsection 5.3.2. 

During the training process, the action templates of the training samples (8 sub-

jects, 80 actions videos) were submitted to a classifier. The classifier learned from 

these training input action templates and stored information for future recognition 

task. During the testing process, the testing action descriptor was fed into the classi-

fier. Then, the classifier classified the testing action descriptor based on the knowledge 

that it learned from the training templates. 

The confusion matrices are shown in Table 5.1, Table 5.3 and Table 5.5 using 

difference classifiers. Table 5.1 shows the results using the SMO classifier. Each row 

represents the nine actions classified and their actual results. For example, at row 

5, there are nine running actions to be classified. The results for the running action 

show that eight out of the nine actions are correctly classified as 'run' and one of them 

is classified as 'skip'. At row 7, there are nine skipping actions to be classified. The 

results show that seven out of the nine samples are correctly classified as 'skip', while 

one of them is classified as 'wave2 ' and the other one is classified as 'side'. Table 5.2 

shows the accuracies for this experiment using key postures based on SMO classifier. 

It examines true positive rate, false positive rate, false negative rate, precision rate 

and recall rate. All of these rates are evaluated for a recognition system. Table 5.3 

shows the results using BayesN et classifier. Table 5 .4 shows the accuracies for this 

experiment using key postures based on Bayes:\Tet classifier. The results obtained 
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using Decision Tree/C4.5 classifier is illustrated in Table 5.5. Table 5.6 shows the 

accuracies for this experiment using key postures based on C4.5 classifier. 

Table 5.1: Confusion matrix for leave-one-subject-out cross validation (SMO) 
bend jack jump pjump run side skip walk wavel wave2 

bend 9 0 0 0 0 0 0 0 0 0 

jace 0 9 0 0 0 0 0 0 0 0 

jump 0 0 6 3 0 0 0 0 0 0 

pJump 0 0 3 6 0 0 0 0 0 0 

run 0 0 0 0 8 0 1 0 0 0 

side 0 0 0 0 0 9 0 0 ~-~0----a-
skip 0 0 0 0 0 l 7 0 0 1 

walk 0 0 0 0 0 0 0 9 0 0 
·-

wavel 0 0 0 1 0 0 0 0 7 1 
--~0- -0--0- --

wave2 0 0 0 0 0 0 9 

5.4.2 Experiments 2 

In this part of experiment, leave-one-sample-out (LOO) cross validation was used 

because it is easier to compare our method with others work. Since we had 90 

samples in our dataset , we had 89 samples for training, and the remaining one for 

testing. The same experiment was repeated 90 times until all of the 90 samples were 

used as testing samples. The overall accuracy was estimated and it was the average 

of the result obtained from the repeated experiments. 

After the key postures were obtained for each video, the action templates were 

created for each action video. The learning and testing processes were conducted 
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Table 5.2: Accuracies for leave-one-subject-out cross validation (SMO) 
TP rate FP rate FN rate Precision Recall 

bend 1.000 0.000 0.000 1.000 1.000 

jack 1.000 0.000 0.000 1.000 1.000 

JUIDp 0.667 0.037 0.333 0.947 0.667 

pjump 0.667 0.049 0.333 0.931 0.667 

run 0.889 0.000 0.111 1.000 0.889 

side 1.000 0.012 0.000 0.988 1.000 

skip 0.778 0.012 0.222 0.984 0.778 

walk 1.000 0.000 0.000 1.000 1.000 

wavel 0.778 0.000 0.222 1.000 0.778 

wave2 1.000 0.025 0.000 0.976 1.000 

Table 5.3: Confusion matrix for leave-one-subj ect-out cross validation (BayesNet) 
-·---- b -end- - jack JUIDp pJump run side skip walk wavel wave2 

bend 9 0 0 0 0 0 0 0 0 0 

jack 0 8 0 0 0 0 0 0 0 1 

JUIDp 0 0 7 1 1 0 0 0 0 0 

PJUIDp 0 0 3 5 1 0 0 0 0 0 

run 0 0 0 0 8 0 1 0 0 0 
,._._ 

side 0 0 0 0 0 9 0 0 0 0 

skip 0 0 0 0 0 1 7 0 1 0 

walk 0 0 0 0 1 0 0 8 0 0 

wave l 0 0 0 1 0 0 0 0 7 1 

,_~ave2- 0 0 0 0 0 0 0 0 0 9 
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Table 5.4: Accuracies for leave-one-subject-out cross validation (BayesNet) 
TP rate FP rate FN rate Precision Recall 

bend 1.000 0.000 0.000 1.000 1.000 

jack 0.889 0.000 0.111 1.000 0.889 

JUIDp 0.778 0.037 0.222 0.955 0.778 

pjump 0.556 0.025 0.444 0.957 0.556 

run 0.889 0.037 0.111 0.960 0.889 

side 1.000 0.012 0.000 0.988 1.000 

skip 0.778 0.012 0.222 0.984 0.778 

walk 0.889 0.000 0.111 1.000 0.889 

wavel 0.778 0.012 0.222 0.984 0.778 

wave2 1.000 0.012 0.000 0.988 1.000 

Table 5.5: Confusion matrix for leave-one-subject-out cross validation (C4.5) -· bend jack jump pj ump run side skip walk wavel wave2 

bend 8 0 0 0 0 1 0 0 0 0 

jack 0 8 0 0 0 0 0 0 0 1 

jump 1 0 7 1 0 0 0 0 0 0 

PJUmp 0 0 3 5 0 0 1 0 0 0 

run 0 0 0 0 8 0 1 0 0 0 
·-- --

side 0 0 0 0 0 9 0 0 0 0 

skip 0 0 0 0 0 1 7 1 0 0 

walk 0 0 0 1 0 0 0 8 0 0 

wavel 0 0 0 1 0 0 0 0 6 2 

wave2 0 0 0 0 0 0 0 0 0 9 



Chapter 5. Action Recognition Method II 122 

Table 5.6: Accuracies for leave-one-subject-out cross validation (C4.5) 
TP rate FP rate FN rate Precision Recall 

bend 0.889 0.012 0.111 0.986 0.889 

jack 0.889 0.000 0.000 1.000 1.000 

JUIDp 0.778 0.037 0.222 0.955 0.778 

pjump 0.556 0.037 0.444 0.938 0.556 

run 0.889 0.000 0.111 1.000 0.889 

side 1.000 0.025 0.000 0.976 1.000 

skip 0.778 0.025 0.222 0.969 0.778 

walk 0.889 0.012 0.111 0.986 0.889 

wavel 0.667 0.000 0.333 1.000 0.667 

wave2 1.000 0.037 0.000 0.964 1.000 

according to Section 5.3.2. The recognition rates for SMO and Bayesnet achieve 

1003. However, the recognition rate for C4.5 is 92.2223. Table 5.7, Table 5. 9 and 

Table 5.11 show the confusion matrices using SMO, Bayesnet and C4.5 respectively. 

Table 5.8 and Table 5.10 are the accuracies for this experiment using SMO classifier 

and BayesNet classifier respectively. Table 5.12 shows the accuracies of the experiment 

using C4.5 classifier. 

Table 5.13 compares the best accuracy of our approach with the results of related 

studies which used the same data set. These related studies have been reviewed 

in Chapter 2. Compared with leaving one sample out, our leaving one subject out 

is stricter because we leave one subject's ten actions for testing. All the actions 

performed by this subject are not in the training data. The information of the testing 

subject is totally unknown from the training process. As shown in our result, our 
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Table 5.7: Confusion matrix for leave-one-out cross validation (SMO) 
bend jack jump pjump run side skip walk wavel wave2 

bend 9 0 0 0 0 0 0 0 0 0 

jack 0 9 0 0 0 0 0 0 0 0 

jump 0 0 9 0 0 0 0 0 0 0 

pJump 0 0 0 9 0 0 0 0 0 0 

run 0 0 0 0 9 0 0 0 0 0 

side 0 0 0 0 0 9 0 0 0 0 

skip 0 0 0 0 0 0 9 0 0 0 

walk 0 0 0 0 0 0 0 9 0 0 

wavel 0 0 0 0 0 0 0 0 9 0 

wave2 0 0 0 0 0 0 0 0 0 9 

Table 5.8: Detail accuracy for leave-one-out cross validation(SMO) 
TP rate FP rate FN rate Precision Recall 

·-- ·-
bend 1 0 0 1 1 

jack 1 0 0 1 1 

jump 1 0 0 1 1 

pJump 1 0 0 1 1 

run 1 0 0 1 1 

side 1 0 0 1 1 

skip 1 0 0 1 1 

walk 1 0 0 1 1 

wavel 1 0 0 1 1 

wave2 1 0 0 1 1 
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Table 5.9: Confusion matrix for leave-one-out cross validation (BayesNet) 
bend jack JUIDp pJump run side skip walk wavel wave2 

bend 9 0 0 0 0 0 0 0 0 0 

jack 0 9 0 0 0 0 0 0 0 0 

jump 0 0 9 0 0 0 0 0 0 0 

PJUIDp 0 0 0 9 0 0 0 0 0 0 

run 0 0 0 0 9 0 0 0 0 0 

side 0 0 0 0 0 9 0 0 0 0 

skip 0 0 0 0 0 0 9 0 0 0 

walk 0 0 0 0 0 0 0 9 0 0 

wavel 0 0 0 0 0 0 0 0 9 0 

wave2 0 0 0 0 0 0 0 0 0 9 

Table 5.10: Detail accuracy for leave-one-out cross validation (BayesNet) 
~· 

TP rate FP rate FN rate Precision Recall 

bend 1 0 0 1 1 

jack 1 0 0 1 1 

JUIDp 1 0 0 1 1 

PJUIDp 1 0 0 1 1 

run 1 0 0 1 1 
---

side 1 0 0 1 1 

skip 1 0 0 1 1 

walk l 0 0 1 1 

wavel 1 0 0 1 1 

wave2 1 0 0 1 1 
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Table 5.11: Confusion matrix for leave-one-out cross validation (C4.5) 
bend jack JUmp p.Jump run side skip walk wavel wave2 

bend 9 0 0 0 0 0 0 0 0 0 

jack 0 9 0 0 0 0 0 0 0 0 

,]Ump 0 0 8 0 0 0 0 1 0 0 

pjump 0 1 0 8 0 0 0 0 0 0 

run 0 0 1 0 8 0 0 0 0 0 

side 0 0 0 0 0 8 1 0 0 0 

skip 0 0 0 0 1 0 8 0 0 0 

walk 0 0 0 0 0 0 0 8 1 0 

wavel 0 1 0 0 0 0 0 0 8 0 

wave2 0 0 0 0 0 0 0 0 0 9 -

Table 5.12: Detail accuracy for leave-one-out cross validation (C4.5) 
TP rate FP rate FN rate Precision Recall 

bend 1.000 0.000 0.111 1.000 0.900 

jack 1.000 0.025 0.000 0.818 1.000 

JUmp 0.889 0.012 . 0.111 0.889 0.889 

p.Jump 0.889 0.000 0.111 1.000 0.889 

run 0.889 0.012 0.111 0.889 0.889 

side 0.889 0.000 0.111 1.000 0.889 

skip 0.889 0.012 0.111 0.889 0.889 

walk 1.000 0.012 0.111 0.900 0.900 

wavel 0.889 0.012 0.111 0.889 0.889 
-- -0.000--wave2 1.000 0.000 1.000 1.000 
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approach has still achieved good results although our test condition has been stricter. 

With a loose constraint, our leave-one-sample-out has achieved 1003 recognition rate 

(see Table 5.8 and Table 5.10). 

Table 5.13: Comparison with related studies 
Matching Method Brief Comments of Methods Test Dataset Best Accuracy 

Ikizler & Duygulu [59] 'bag-of-rectangles' 9 actions 1003 

SVM (no skip) 

Dynamic DTW 

Blank et al. [12] Poisson equation 9 actions 99.613 

space time shape (no skip) 

Thurau [102] no background subtraction __ ,__To actions - 873 

HoG 
-

Wang & Suter [108] Dynamic shape 10 actions 1003 

LPP 
~· 

Our Approach two-step method 10 actions 81.113 

(leave one sample out) Chapter 4 

Our Approach Radon transform 10 actions 87.783 

(leave one subject out) SVM 

Our Approach Radon transform 10 actions 1003 

(leave one sample out ) SVM 

5.5 Summary 

In this chapter , one action recognition approach based on key posture sequence match-

ing has been proposed and tested . The main points are: 
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• Radon transform is used to represent the human postures because it has suit-

able features for human posture representation. The Radon transforms of the 

extracted human silhouettes are calculated for further processing. 

• Affinity propagation clustering is applied to the Radon transforms of the hu-

man postures to extract key postures from the action video. The reasons for 

using affinity propagation cluster are that it does not require an initial chosen 

exemplar and it has short convergence time. Affinity propagation clustering 

clusters similar postures to an exemplar. The exemplars are the key postures 

of the action. 

• Summarization of all Radon transforms of the key postures is used as the de-

scriptor of an action. LDA is used to reduce the dimension of the description 

in order to have better performance. 

• The conventional classifiers, including SMO, BayesNet and C4.5/Decision Tree 

are employed to train and to test the action descriptors. Experiments are carried 

out using leave-one-subject-out and leave-one-sample-out cross validation. 

The benefit of using key postures for human action recognition is the reduced 

computational complexity. The advantages of using this method for human action 

recognition arc listed below. 

• The computational complexity has been reduced dramatically by usmg key 

postures. This is because key postures can characterize the action well. The 

key postures representation for human action can be used not only for human 

action recognition but also for action retrieval. 
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• The method does not require alignment between sequences. The selection of 

the starting posture is no longer a problem using this approach because we use 

one single template for matching. 



Chapter 6 

Conclusions and Future Work 

In the previous chapters, we have presented our research on human motion analysis, 

including human detection in static images (see Chapter 3), pedestrian detection (see 

Chapter 3), human action recognition based on local and global shape features (see 

Chapter 4) and human action recognition based on Radon transforms (see -Chapter 

5). 

In this chapter , we summarize the work that we have done in this thesis and 

indicate what can be done in future work. 

6.1 Conclusions 

This thesis presented two parts of work on human motion analysis , namely, human 

detection and human action recognition. They are summarized and concluded below. 

6.1.1 Human Detection 

Althought human detection is not our main focus in this thesis, some preliminary 

work on this part could be found in Chapter 3. 

129 
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In the work for motion-based pedestrian recognition, we proposed a method to 

discriminate pedestrians from rigid objects in a video. The approach is motivated by 

the observation that human beings are non-rigid and their movements are periodic. 

Moving objects and their skeletons are extracted from each frame in a video. Three 

points, including the centroid point of the target and the two bottom points on 

skeleton are obtained from the target. The histogram of the angles, which is formed 

by the three points and opposite to the bottom two points, over a time period is 

used to determine if the object is pedestrian or not . This method does not require 

any pre-built models. Nor does it need Fourier Transform to obtain the cycle of the 

objects. The proposed approach is simple and efficient, but it relies on the accuracy 

of skeleton obtained from the previous steps. 

Human detection in static images is tougher because there is no motion informa-

tions in any single static image. Although a human's appearance varies from time 

to time or from person to person, the geometric structure of a human is similar for 

all human beings. Based on this observation, we proposed an approach for human 

detection in static images using pixel structure of an image. A Hausdorff distance 

map is created for each image. Two average distance maps are obtained from the 

training images. One is human average distance map and the other is non-human 

average distance map. A difference distance map is created between the human and 

non-human average distance maps. Linear discriminant method is used to select the 

most significant elements in the difference distance map. A projection matrix, which 

holds the most important elements in the difference distance map 1 is created using the 

linear discriminant method. This projection matrix is used to transform the distance 

map of a testing image into a one-dimensional domain feature. The decision is made 
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on the simple one-dimensional feature domain according to a pre-calculated threshold 

to distinguish human images from non-human images . The results shows that using 

the Hausdorff distance performs better than using the Mahalanobis distance except 

one case. The main reason is that Mahalanobis distance scarifies subtle differences in 

the block while computing the mean value of a block. On the other hand, Hausdorff 

distance is based on the differences between columns/rows in the blocks. Thus, the 

Hausdorff distance takes into account the subtle difference among the block. 

6.1.2 Human Action Recognition 

We proposed two methods for human action recognition based on human key postures. 

It is possible to use key postures for action recognit ion because of the characteristic 

of human actions. The first characteristic is that a human action can be well repre-

sented by a few important postures which are significantly different from each other. 

The second characteristic of a human action is that posture transferring is a smooth 

process. The third characteristic is that transition from one action to another cannot 

be arbitrary. 

Action Recognition Based on Shape Features 

A two-step method is proposed for action recognition based on human shape. They 

are coarse selection and fine selection. Coarse selection selects key posture candi-

dates coarsely. Coarse selection makes use of information measurement as feature 

representation. Information measurement which borrows the idea of information en-

tropy is used to describe human posture features. It is a global feature for human 

posture representation and it indicates the general distribution of a human posture. 
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The main point of coarse selection is that two different postures have different in-

formation measurements . Coarse selection selects key posture candidates from the 

video frame by frame. Fine selection determines final key postures from key posture 

candidates. An eight-point feature is employed for fine selection. A distance matrix 

is created between posture candidates. A small distance between two postures means 

the two postures are similar so that one of them is removed from the candidates. 

Fine selection removes one of the two postures such that the distance between these 

two postures is the smallest in the distance matrix. In the same way, fine selection 

removes a posture according to the second smallest distance. The fine selection con-

tinues until the minimum distance in the distance matrix is greater than a preset 

value or the number of key posture candidates is smaller than a preset value. After 

fine selection, each action is represented by key posture sequences. In order to match 

one query key posture sequence to a reference sequence, DTW is applied to compute 

the distance between a query sequence and a reference sequence. The query sequence 

belongs to the reference sequence with a minimum distance. 

The problem using this method is starting posture alignment. Two sequences 

representing the same actions but having different starting postures may have large 

distance. Therefore, in this method, we manually align the starting postures before 

matching. 

Action Recognition Based on Radon Transforms of Postures 

Unlike the method mentioned above, action recognition based on Radon Transform 

is trying to get rid of the step for posture alignment . In this method, postures are 

represented by their Radon transforms. Radon transforms are calculated for each 
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frame of an action video. Affinity propagation clustering, an unsupervised clustering 

method, is used to cluster Radon transforms of postures. The centers of clusters are 

regarded as key postures of an action sequence. After the key postures of an action 

sequence are extracted, sequence formed by these postures is the representation of 

the action sequence. Then, the Radon transforms of key postures are summed up to 

obtain an action template. Each action is represented by only one template. LDA is 

applied to reduce the dimension of the action template. Some classical classification 

methods, including SMO, Bayesnet and C4.5 are used for action training and recog-

nition purposes. Compared with other studies, our results show that the proposed 

method perform good for action recognition when there is only one action in a video. 

The benefit of this method is that it does not require alignments. The use of 

the single template makes the action recognition become simple. Compared to other 

similar work, the experimental results show that the proposed method is encouraging. 

However, this method sacrifices the temporal information that is also an important 

cue for action. 

6.2 Future Work 

Human action recognition is an exciting research area in computer vision field. The 

final goal of human motion analysis is to generate an easily understood, high level 

semantic description of human motion in a given scene. Based on the outcome of this 

thesis , we present some potential research in the future: 

1. A larger human action database is needed. Currently, the experiments are 

carried on WBI human action database which consists of 9 subjects and 10 
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actions for each subject [12]. To our knowledge, this database is the best human 

action database in the public. However, this database is not large enough to 

fully test the proposed methods. The database only has lateral views of the 

subjects. A larger database which provides more actions from different view 

points is needed to verify our proposed methods in the future work. 

2. Human action recognition in a long video/multi-actions in a video. Currently, 

the method for human action recognition based on the Radon transform cre-

ates a single template for an action. This method is effective when an action 

sequence contains only one action. However, in real life, an action sequence may 

contain more than one action. The proposed method will not work well in this 

case because it discards the temporal information and does not consider the 

transition between actions. A good proposal may be applying DTW or HMM 

on key postures which are obtained by clustering Radon transforms of postures . 

3. Human behaviour understanding. Human behaviour understanding is trans-

forming low level motion patterns into high level semantic descriptions. As we 

have mentioned in Chapter 1, human action recognition does not consider the 

context of the action (e.g., where/how /when the action occurs) . However , be-

haviour understanding needs to take the context into account because the same 

actions may have totally different meanings in different situations. 
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