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ABSTRACT

Due to the increasing use of hand-held camcorders, an explosion of home video

data is already underway. Home videos, by nature, are unedited, unstructured

and lack of story-line. They contain unrestricted content domain which usually

mixes together with irregular camera motions. These features have made conven-

tional video processing techniques inappropriate for the analysis of home videos.

In this thesis, we propose new techniques for the automatic parsing of home video

content to support effective indexing and browsing. These techniques cover two

major issues: video object analysis (VOA) and content parsing (CP).

In VOA, a new algorithm is proposed for automatic object initialization. This

algorithm is based on motion discriminant analysis formulated through 3D tensor

representation and robust clustering. It is capable of rapidly selecting the best

few frames in videos to start object initialization. Multiple object initialization

is handled based on the formulation of Bayesian filter in data association and

the effective temporal selection schemes. The former outlines how to initialize

while the latter decides when to initialize. By the proposed object initialization,

we improve the start-of-the-art EM object segmentation and mean shift tracking

algorithms with automatic initialization.

The distribution of shot length in home videos can typically last for several

minutes. In CP, we propose a motion-based approach to decompose long shots

into small segments called “snippets” by efficiently getting rid of jerky camera

motions, fast pans and zooms in shots. Based on snippet representation, we incor-

porate object initialization and a MWBG (maximum weighted bipartite graph)

pattern matching algorithm to parse the objects in videos, which is seamlessly in-

tegrated with VOA. In addition, to facilitate content browsing, we also propose an

algorithm for the selective stabilization of video objects by motion segmentation

and Kalman stabilizer.

ii



CONTENT PARSING OF HOME VIDEOS

BY MOTION ANALYSIS

BY

ZAILIANG PAN

APPROVED:

PROF. CHONG-WAH NGO, SUPERVISOR

Department of Computer Science

5 May 2005

iii



ACKNOWLEDGEMENTS

I would like to express great thanks and appreciation to my supervisor Prof.

Chong-Wah Ngo for his valuable advice, tremendous support and constant en-

couragement over my MPhil study. I am also grateful to Prof. Wenyin Liu and

Prof. Hau San Wong, members of my MPhil qualifying panel, for their valuable

suggestions and comments in my annual reports and the thesis.

I would also like to thank my fellow lab-mates: Mr. Hui Jiang, Dr. Yuxin

Peng, Mr. Xiao Wu, Mr. Feng Wang, Dr. Qingyang Hong, Dr. Feng Tong, Mr.

Heng Tang and others. They gave me encouragement and enlighted me with new

ideas. They made my life and work at Hong Kong an enjoyable experience.

Finally, I would like to thank all my friends for their companionship, and my

family for their life-long love, patience and support.

iv



TABLE OF CONTENTS

Title Page i

Abstract ii

Certification iii

Acknowledgements iv

Table of Contents v

List of Figures viii

List of Tables x

1 Introduction 1

1.1 Motivation and Objectives 1

1.1.1 The Proposed Framework 3

1.2 Contributions 5

1.3 Thesis Organization 7

2 Background 9

2.1 Background Introduction 9

2.2 Related Work 10

2.2.1 Home Video Processing 10

2.2.2 Object Detection and Tracking 11

2.2.3 Object Initialization 12

2.2.4 Video Stabilization 13

3 Multiple Object Initialization 15

3.1 Introduction 15

3.2 Seed Parametrization 17

3.3 Seed Candidate Detection 18

v



3.3.1 3D tensor representation 18

3.3.2 Motion segmentation and seed candidate detection 20

3.4 Seed Association 23

3.4.1 Seed Dynamical Model 24

3.4.2 Seed Candidate Model 24

3.4.3 Seed Kalman Filtering 25

3.5 Temporal Seed Selection 26

3.5.1 Approach I: Single Selection 27

3.5.2 Approach II: Sequential Selection 30

3.5.3 Approach III: Synchronous Selection 31

3.6 Experiments 35

3.7 Summary 41

4 Object Detection and Tracking 43

4.1 Introduction 43

4.2 EM-based Object Detection 45

4.3 Meanshift Object Tracking 48

4.4 Experiments 50

4.5 Summary 51

5 Snippet Detection and Pattern Parsing 55

5.1 Introduction 55

5.2 Constructing Table-of-Snippet 57

5.2.1 3D Tensor Representation 57

5.2.2 Motion Feature Extraction 58

5.2.3 Zoom Segment Detection 59

5.2.4 Polyline Estimation 59

5.2.5 Snippet Boundary Detection 61

5.2.6 Keyframe Representation 63

5.3 Pattern Matching by MWBG 64

5.4 Experiments 66

5.4.1 Snippet Boundary Detection 66

vi



5.4.2 Pattern Parsing and Indexing 66

5.5 Summary 67

6 Motion Stabilization 70

6.1 Introduction 70

6.1.1 Overview of Our Approach 72

6.2 Motion Characterization 72

6.2.1 3D Tensor Representation 73

6.2.2 Motion Clustering 75

6.3 Motion Segmentation 76

6.4 Video Stabilization 79

6.4.1 Kalman Filter 80

6.4.2 Selective Stabilizers 82

6.5 Experiments 83

6.6 Summary 87

7 Conclusion and Future Work 89

7.1 Conclusion 89

7.2 Future Work 91

7.2.1 Multiple Object Initialization 91

7.2.2 Object Analysis 91

7.2.3 Event Analysis 92

References 93

vii



LIST OF FIGURES

1.1 System overview 4

2.1 Flowchart of home video processing 10

3.1 The framework of multiple object initialization 17

3.2 Results of seed candidate detection 22

3.3 Object initialization by single selection 29

3.4 Object initialization by sequential selection 31

3.5 Object initialization by sychronous selection 33

3.6 An example of the sequential and synchronous selection 34

3.7 Results of seed candidate detection in campus 40

3.8 Track the person with partial occlusion and some incorrect seed

candidates 41

3.9 Tracking results with object occlusion in campus 41

4.1 Object-based video content representation 44

4.2 Tracking of a dog with size changes 51

4.3 Tracking of two persons with occlusion 51

4.4 Tracking of multiple objects 52

4.5 Keyframes and parsed objects in the 34th, 45th and 48th shots of

lgerca lisa 1.mpg 53

4.6 Keyframes and parsed objects in the 17th, 33th and 42ed shots of

lgerca lisa 2.mpg 54

5.1 Polyline estimation 60

5.2 Procedure of shot partition 62

5.3 Finite state machine for snippet detection 63

5.4 Snippet detection in 2nd shot of “Hiking” 68

5.5 Detected moving objects and static patterns input by a user 69

5.6 Detected patterns by MWBG 69

6.1 Overview of framework 73

6.2 Car tracking sequence 84

viii



6.3 Mosaic of car sequence 84

6.4 Motion clustering results 85

6.5 Results of stabilization 86

6.6 Walking human sequence 87

6.7 Motor leaving sequence 88

ix



LIST OF TABLES

3.1 Results of seed candidate detection in hiking.mpg 35

3.2 Results of seed candidate in campus.mpg 36

3.3 Results of seed candidate detection in lgerca lisa 1.mpg 37

3.4 Results of seed candidate in lgerca lisa 2.mpg 38

3.5 The average precision of seed candidate detection 39

5.1 Key frame representation 63

5.2 Experimental results of snippet detection 67

x



CHAPTER 1

INTRODUCTION

1.1 Motivation and Objectives

With the prevalence of digital video camcorders and the availability of cheap mass

storage and digital capture cards, a huge amount of home video data is available

in personal digital archives. Effective tools that can support effective brows-

ing, summarization, retrieval and editing of home videos are highly demanded.

Techniques for the content analysis of home videos become a crucial key for the

success of these applications. In the past decade, numerous researches have been

conducted for visual content representation and analysis, but mainly for the pro-

fessionally edited videos such as movies, news and sport videos. Relatively few

works have been dedicated to the domain of home videos. Home videos, unlike

scripted and edited videos, are domain unrestricted, lack of story lines and always

coupled with shaking artifacts. As a consequence, the analysis of home videos

presents a different aspect of technical challenges compared with the analysis of

edited videos.

The difficulties of home videos can be observed from three different aspects:

motion, temporal structure and visual quality. Motions, on one hand, make the

videos vivid, however, on the other hand, may cause problems to video content

analysis. In home videos, these problems mainly include the jerky camera mo-

tions, intermittent object motions and the interactions of multiple moving objects.

The jerky camera motions cause shaking artifacts in videos and usually blur the

video contents. The intermittent object motions give rise to the problem that

still objects are indistinguishable from the background scene. Furthermore, dur-

ing occlusion, the occluded objects are invisible and can not be tracked. Another

typical characteristic of home videos is the lack of story lines in their temporal

structure. Long-winded portions are usually intermixed with interesting contents
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in home videos. The third aspect is the low visual quality of home videos due to

the low quality of camcorder and unprofessional camera operations. For example,

blur effects by amateurish zoom operation and color distortion by illumination

changes are commonly seen in home videos.

In this thesis, we propose effective approaches for content parsing of home

videos. An important step toward effective video analysis is to support the com-

pact representation of video content. One popular way of content representation

is by showing the static keyframes selected from shots. This representation on

one hand, is coarse, on the other hand, does not exhibit the time-evolving nature

of video objects. For the compact representation of visual contents, we represent

the moving objects separately, while associating each object with its temporal and

spatial supports. In our approach, the moving patterns and background scenes

are initially detected by motion analysis. Similar object patterns are grouped to-

gether over frames through object tracking. The novelty of our approach lies on

the effective object initialization. The proposed object initialization first detects

the initial object observations by motion analysis. Then the object appearances

are dynamically updated by the association of the initial observations through

a Bayesian filter. Appropriate frames are effectively selected to start object ini-

tialization. Integrated with the proposed object initialization, effective object

detection approach is proposed based on EM motion segmentation, while object

tracking is achieved by incorporating the meanshift tracking algorithm in data

association.

Due to lack of story lines, a typical shot in home videos is usually of long

length and may involve multiple camera movements. To facilitate the analysis

of temporal structure of home videos, this thesis also presents an approach to

segment long shots into subshots with coherent camera motions, namely snip-

pets, which is essential in parsing the contents of home videos. The proposed

snippet detection algorithm is based on the analysis of camera trajectory. The

novelty of our approach lies on the fact that shaking artifacts are taken into

account by a proposed finite state machine. Based on snippet representation,

we propose a MWBG (maximum weight bipartite graph) pattern matching algo-
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rithm to seamlessly parse the static objects in videos. In addition, to facilitate

content browsing, we also propose an algorithm for the selective and combined

stabilization of video objects by motion segmentation and Kalman stabilizer.

Our approaches are suitable for home video analysis. The difficulties in video

motions, temporal structure and visual quality are well addressed in our ap-

proaches. The proposed object initialization can effectively initialize the objects

in home videos since it begins at multiple frames with appropriate conditions,

rather than at the frames where shaking artifacts, the unmoving period or occlu-

sion exist. In object initialization, the low visual quality of home videos can also

be tolerated through the Bayesian association of initial object conditions. By

incorporating object initialization, our approaches for video content analysis can

provide compact content representation and efficient object indexing for home

videos, which helps to lessen the long-winded contents in home videos. More-

over, our snippet detection provides an important tool for analyzing and parsing

the temporal structure in home videos. The static object patterns in snippets

can be effectively detected and indexed by our MWBG-based pattern matching

algorithm. In addition, the undesirable effects in home videos including shaking

artifacts can be removed by the proposed selective stabilizers. Although our ap-

proaches are mainly developed for home video applications, they can be easily

extended and applied for other kinds of videos.

1.1.1 The Proposed Framework

Figure 1.1 shows the overview of our proposed framework for content parsing

of home videos. The framework is composed of four major stages. In the first

stage, a given video is partitioned into shots and then long shots are further seg-

mented into snippets according to their motion contents [1],[2]. In the second

stage, moving objects are automatically initialized. This stage consists of three

components: seed candidate detection, temporal seed selection and seed associa-

tion. In seed candidate detection, the initial observations of objects are detected

by motion analysis. Temporal seed selection determines the appropriate frames

to start object initialization. Then Bayesian filter is used to initialize the objects

3



Seed Candidate
Detection

Temporal Seed
Selection

Seed  Association

Object Detection Object Tracking

Video Stabilization Video Indexing Video Browsing

Home Videos

Temporal
Analysis

Object
Initialization

Content
Analysis

Applications

Object Parsing

Shot
Segmentation

Snippet Detection

Figure 1.1: System overview.

in seed association. The third stage is object-based content analysis. Based on

object initialization, EM motion segmentation is used to automatically detect

the moving objects. The detected objects are then tracked through meanshift

tracking algorithm. Since EM motion segmentation is based on motion analysis,

it is effective only for moving objects. To detect and index the static objects,

we employ an object parsing algorithm based on MWBG (maximum weighted

bipartite graph). At last, the related applications such as stabilization, indexing

and browsing can be achieved through the developed techniques.
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1.2 Contributions

This thesis presents a new approach for content analysis of home videos based

on multiple object initialization. Incorporated with the proposed object initial-

ization, object detection and tracking algorithms are exploited for the content

analysis of home videos. Furthermore, we also propose snippet detection and

pattern matching by MWBG for content parsing. The major contributions of

this thesis are:

• A new approach is proposed for multiple object initialization.

Two kinds of object initialization are proposed. The difference lies on the

temporal selection: sequential or synchronous selection. The former pro-

vides more accurate initialization but is only suitable for offline applica-

tions. The latter, although not as effective as sequential one, has potential

for real-time applications. The proposed object initialization is composed

of two stages. The first stage is a selection scheme which aims to select

the seeds in appropriate frames to handle multiple object interaction. The

second stage is to update the object models through Bayesian-based associa-

tion of initial object observations. With this mechanism, the problems such

as object appearing, changing, disappearing and occlusion can be jointly

considered in the proposed approach. Therefore, our approach can usually

provide good initialization for object detection and tracking.

• Novel object detection and tracking algorithms are proposed for object-

based content analysis.

Rather than utilizing low level features such as color, texture and statis-

tical information, object patterns and background layers are exploited for

the compact representation of home video content. Automatic detection of

moving objects is realized through EM segmentation. Besides the capabil-

ity of simultaneously estimating motions and support layers, the proposed

EM segmentation, compared with [3], is relatively robust because objects

can be properly initialized while the adverse effect due to aperture problem
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can be reduced. In addition, by incorporating object initialization, the ob-

ject targets can be efficiently indexed through adaptive meanshift tracking

algorithm.

• A motion-based snippet detection algorithm is proposed for the construction

of table-of-snippet.

A finite state machine (FSM) is designed for snippet boundary detection

through motion analysis. The advantages of using the FSM are twofold:

i) the snippet boundaries can be systematically located; ii) segments are

syntactically characterized to facilitate the detection of moving objects,

removal of motion outliers, and browsing of zoom-and-hold keyframes. The

effective parsing of temporal structures in home videos greatly facilitate the

construction of table-of-snippet.

• A pattern matching algorithm based on MWBG is proposed for content

parsing.

By motion cue, we can only detect and index moving objects. The proposed

pattern matching approach is aimed to rapidly locate the static objects in

snippets with the detected moving objects. We formulate the matching

problem as maximum weighted bipartite graph (MWGB) by considering the

spatial constraint to ensure the coherence of object patterns. This approach

is effective in parsing static object patterns.

• A new approach for selective stabilization of video objects is proposed. In

contrast to existing algorithms which consider only camera motion, our

stabilization algorithm takes into account both the camera and object mo-

tions. The motions can be acquired by the proposed motion segmentation

algorithm. The novelty of the proposed stabilizer lies on the capability of

selective and combined stabilization of video objects, including the camera

and moving objects.
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1.3 Thesis Organization

The thesis is organized as follows:

Chapter 2 reviews the related works. The structure and flowchart of content-

based home video processing are first described to provide background informa-

tion. Then we review the recent advances of the key techniques related to our

work. Particularly, the survey on four aspects: home video processing, object

detection and tracking, object initialization and video stabilization, is given.

Chapter 3 presents the approaches for multiple object initialization. The

initial observations of objects are detected by motion analysis. A Bayesian filter

is then formulated for the association of the initial object observations to take

into account the object appearance changes. Temporal selection is proposed to

deal with the problems such as intermittent object motions, appearance of new

objects, object occlusion and shaking artifacts. Two kinds of temporal selection,

sequential selection and synchronous selection, are proposed for offline and online

applications respectively.

Chapter 4 develops the techniques for object-based content representation

and analysis of home videos by motion cues. It is concerned with two key issues:

object detection and object tracking. For object detection, EM motion segmen-

tation is extended by incorporating the proposed object initialization. Our EM

motion segmentation formulates the prior object initial information in the own-

ership propagation procedure of EM algorithm. For object tracking, integrated

with object initialization, a meanshift-based tracking algorithm is proposed. This

approach, on one hand, can be effectively initialized, on the other hand, can pro-

vide efficient prediction for object initialization.

Chapter 5 proposes the algorithms for snippet detection and video content

parsing. We first present a novel method to segment long shots into subshots

(or snippets) by analyzing the camera trajectories. By taking into account the

irregular camera motions by the proposed finite state machine, the proposed

snippet detection algorithm has the capability of tolerating shaking artifacts.

Next, a novel pattern matching algorithm is proposed for the content parsing of

7



static objects in home videos.

Chapter 6 describes a video stabilizer for the selective and combined stabi-

lization of video contents. The motion trajectories of the camera and moving

objects are initially estimated by EM motion segmentation. A Kalman filter is

then formulated for selective stabilizers of the camera or objects. Furthermore,

a combined stabilizer is also proposed based on the motion constraints between

the camera and moving objects.

Chapter 7 concludes the thesis and discusses the future work.
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CHAPTER 2

BACKGROUND

In this chapter, we first introduce the background information of home video

analysis. The structure and flowchart of content-based home video processing are

outlined. Then a survey of recent essential techniques will be given. In particular,

current progress in home video processing, object detection and tracking, object

initialization and video stabilization will be reviewed and discussed.

2.1 Background Introduction

Figure 2.1 shows the overview of the techniques that are essential for home video

processing and analysis. As illustrated in the figure, home videos are first par-

titioned into meaningful units by temporal structure analysis (temporal segmen-

tation). A temporal unit is usually called a shot. However, if the shots in home

videos are long and involve complex motions, they can be further segmented into

finer units, called snippets. Content analysis techniques are then applied to these

video units (shots and snippets). Firstly, the initial information of the objects

in the video units, such as the number of objects, object shape and appearance

etc, are detected and estimated (object initialization). Based on the results of

object initialization, the background scene and object layers are segmented by

motion analysis for compact content representation (motion segmentation), and

the objects are tracked for object indexing (object tracking). The visual contents

of the video units (keyframes, objects and motions) are extracted for subsequent

processing. Then through the visual content analysis from low-level similarity

measure to high-level semantic organization, various applications such as video

retrieval, summarization and stabilization can be achieved. At last, a user can

query and browse home videos in a friendly and efficient environment.
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Figure 2.1: Flowchart of home video processing.

2.2 Related Work

2.2.1 Home Video Processing

Home video analysis has recently attracted numerous research attentions due to

its commercial potentials. Well known systems include Hitchcock [4] and AVE

[5]. Most researches focus on these three aspects: video summarization, video

quality enhancement and video content management. Video summarization is

also mentioned as video abstracting or video editing. In [6, 7], Lienhart proposes

an approach to abstract home videos by hierarchically clustering time-stamped

shots into meaningful units. This method, however, assumes the availability of

time-stamped materials and relies mainly on the texture-based temporal infor-

mation for abstracting. Girgensohn et al. [4] propose a semi-automatic approach

to home video editing. This method attempts to select the good quality portions

of home videos according to some editing rules and a proposed “unsuitability”

scoring measurement which is computed based on camera motion analysis. In
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contrast to [4], Hua et al.[5, 8] propose to measure the “importance” of each

video segment based on visual, audio and linguistic attentions. Combining with

a set of predefined editing rules, the highlighted video segments are selected and

aligned with given music through a nonlinear 0-1 programing. The approaches in

[4, 5, 8, 6, 7] are similar in the way that they are attempting to select the video

portions with good visual quality. Another aspect of home video processing is to

enhance the visual quality effects. Yan & Kankanhalli [9] propose a method to

detect segments of videos that have lighting and shaking artifacts. The lighting

artifacts are adjusted while the shaking artifacts are removed by Bezier-curve-

based blending of motion trajectory. Although these approaches actually help

improving the browsing efficiency of home videos, the key component to home

video processing still relies on content parsing and analysis, which provide a ba-

sis for browsing, indexing and editing of home videos. For instance, Lienhart [6]

proposes an approach to build a hierarchical structure of shots based mainly on

the temporal information, while Attica-Perez et al. [10] propose a method to dis-

cover the cluster structure in home videos through a sequential binary Bayesian

classification. In this thesis, we present several key techniques that are essential

in building up an integrated framework (Figure 2.1) for content parsing and anal-

ysis in home videos. These techniques facilitate the temporal parsing of video

structure and the object-level analysis of video content.

2.2.2 Object Detection and Tracking

Motion has been known as an important cue for video object decomposition.

Based on motion information, there are two major categories for foreground-

background segmentation: sequential motion segmentation [11, 12, 13] and si-

multaneous motion segmentation [3, 14]. The former approaches estimate the

dominant motion and then remove the layer corresponding to the dominant mo-

tion. This procedure is iterated to sequentially select the dominant motion models

and their support layers. The latter approaches allow multiple motion models to

simultaneously compete the underlying motion measurements. The well-known

algorithms include clustering of optical flows reported by Wang and Adelson
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[14], Expectation-Maximization (EM) motion segmentation [3] and the strati-

fied motion segmentation from 2D to 3D [13]. While most motion segmentation

algorithms focus on the establishment of accurate motion models within a few

adjacent frames, Ngo et al. [12] propose another approach that estimates the

motion texture for segmentation across a large temporal scale (spatio-temporal

slices of video shots). Our approach proposed in the thesis extend the EM motion

segmentation in [3] for video object segmentation.

Object tracking algorithms have been extensively studied. The well-known al-

gorithms include Geodesic Active Contours [15], Condensation [16] and Meanshift

tracking [17]. While the geodesic active contours are estimated through energy

minimization, the Condensation algorithm tracks the objects through filtering

and data association based on factored sampling theory. The meanshift tracking

algorithm exploits mean shift procedure to optimize the similarity between tar-

get model and target candidate based on Bhattacharyya coefficient. The tracking

algorithm we employ in this thesis is mainly based on meanshift procedure due

to its real-time performance.

2.2.3 Object Initialization

Object detection and tracking usually require the initialization of some param-

eters. Automatic object initialization, nevertheless, is known as a hard prob-

lem. Most approaches assume that initialization is done manually. For example,

meanshift tracking [17] assumes that the object position and size are available

in advance before tracking. EM motion segmentation [3] relies on the estimation

of the number of objects. Automatic estimation of the number of objects is a

difficult problem. Weiss and Adelson [18] propose an approach to estimate the

number of objects but introducing another predefined parameter to prescribe the

accuracy of the mixture model. Instead, Sawhney and Ayer [3] determine the

number of models by minimum description length (MDL). An similar model se-

lection method based on minimum message length (MML)-like criterion is also

presented in [19]. Both MDL and MML are based on information theory. They

rely on the trade-off of the message code length between model parameters and
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model data. Unfortunately, the message length of the model data is sensitive to

data noise since it usually changes dramatically due to outliers. Object initializa-

tion is also needed during and after occlusion. To handle occlusion, Mittal and

Davis [20] use multiple synchronized cameras to track multiple people. However,

this approach is inappropriate since home videos are captured by a single cam-

era. In contrast to [20], Yeasin et al. [21] cope with occlusion by investigating

the coherency of object trajectory based on multiple hypothesis tracking (MHT).

However this approach requires initialization of new hypotheses, meanwhile, the

computational complexity grows dramatically as the number of hypothesis in-

creases.

In this thesis, we present a novel approach for automatic multiple object

initialization through the association of initial object observations. Instead of

establishing a precise formulation to estimate the object number or to track an

object over occlusion in two or several adjacent frames, the proposed approach

selects multiple appropriate frames for object initialization. The association of

objects from the multiple starting points can provide an effective approach to

handle occlusion. Our approach is somewhat similar to the work proposed by

Krahnstoever et al. [22, 23]. Both approaches first detect motion layers by

motion segmentation. While the approach in [22, 23] is to extract the articulated

models of human body through investigating the connectivity among the motion

layers, our approach is to estimate object regions for initialization by temporal

association of motion layers. In this way, our approach can also adapt to the

changes of object appearance. Furthermore, in contrast to the works in [24,

25] which only investigate adaptive model for a single object, our approach is

developed for multiple object initialization and is capable of taking into account

the influence of multiple objects such as object occlusion.

2.2.4 Video Stabilization

Two key steps in video stabilization are mosaic construction and stabilization

scheme. There are, in general, two kinds of mosaics: static and dynamic. Static

mosaic is frequently adopted, for instance in [9], due to its simplicity. Neverthe-
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less, static mosaic representation is not capable of describing the dynamic aspect

of an image sequence. Instead, dynamic mosaic, which is a sequence of mosaic

images where each of them is updated by the most current frame, is adopted by

[26, 27, 28]. In our approach, we choose dynamic mosaic representation to guar-

antee that each stable frame is generated from the mosaic with the most recently

updated information.

To remove irregular motions, various stabilization schemes have been pro-

posed. Broadly, we can categorize them into frequency domain and time domain

methods. The former usually has difficultis in dealing with white noise. In [29],

Irani et al. used a low pass filter to suppress high frequency nose. In [30], Duric

& Rosenfeld fit a linear function to camera trajectory with limited and unlimited

time-delay algorithms. The estimated camera trajectory by unlimited time-delay

algorithm, however, is a polyline which can not depict the smooth motion assump-

tion in most home videos. The limited time-delay algorithm, although allowing

smooth motion, has the delayed-response to velocity variation. In [9], Yan &

Kankanhalli adopted Bezier curve to fit unstable camera trajectory. However,

their approach requires the selection of control points, which is not easy espe-

cially when the trajectory of camera motion is noisy. In this thesis, we adopt

Kalman filter that allow us to depict smooth motion, in addition, our approach

has no delayed-response and does not require control points.

While video stabilization has been extensively studied in computer vision, it

seems that there are actually no related works that address the situation when

there are moving objects in foreground. To address this issue, we propose a unified

approach that takes into account the characteristic of motion for the segmentation

step prior to stabilization.
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CHAPTER 3

MULTIPLE OBJECT INITIALIZATION

In this chapter, we propose a novel approach for multiple object initialization. A

Bayesian formulation is developed for the filtering and association of object ini-

tial observations. This formulation provides robust adaptation to the changes of

object size and appearance. To tackle the interaction of multiple objects for ini-

tialization, we propose a novel algorithm based on temporal selection of multiple

appropriate frames for the association procedure. Two kinds of temporal selec-

tions are presented: sequential selection and synchronous selection, respectively

for offline and online processes .

3.1 Introduction

Object initialization is the process of estimating initial object conditions for sub-

sequent tasks such as object detection and tracking. The initial conditions include

the number of objects, object appearance and object position. Although effective

object initialization is critical for object detection and tracking, relatively few

works are addressed for this issue. The well-known tracking algorithms such as

Geodesic Active Contours [15], Condensation [16] and Meanshift tracking [17]

assume in advance that the initial conditions are always available. Traditional

object detection techniques do have the capability of producing initial conditions.

Unfortunately, most approaches are not suitable for home video analysis due to

the fact that home videos contain complex motions.

For ease of description, we name the initial conditions of an object as seed.

A seed is denoted by sj
t , where the subscript t denotes the time (usually a video

frame) and the superscript j denotes the seed of the jth object at time t. A

seed is regarded as a random variant to tolerate outliers. It can be estimated
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through its observations, called seed candidates, which is also denoted as cj
t . The

meanings of t and j is the same as in sj
t . For simplicity, we omit the symbol j or

t, unless necessary, in the remaining sections. In addition, the whole set of seeds

is denoted by {st} while the set of seeds at time t is denoted by {sj
t}j . The sets of

seed candidates are also denoted in similar way. The detailed representation of s

and c depends on the subsequent algorithms used. For example, when meanshift

tracking algorithm is employed, a seed s and c represent the localization of an

object target.

In this chapter, we propose a novel approach for multiple object initialization

which can be used for object detection and tracking. Our proposed approach,

as illustrated in Figure 3.1, is composed of three components, seed candidate de-

tection, seed association and temporal seed selection. The seed candidates are

first detected based on the motion analysis of video frames (seed candidate de-

tection). A Bayesian association procedure is proposed to estimate the status

of a seed by modeling the appearance and shape changes of the seed candidates

(seed association). The seed association is activated at several frames which are

appropriately selected (temporal seed selection). In temporal seed selection, we

first describe single selection scheme that searches for the best seed candidate as

starting point. Based on the single selection, a sequential selection scheme is pro-

posed for multiple object initialization. This approach is suitable for offline video

processing. A synchronous selection scheme is also proposed, by extending the

sequential selection, for applications require online processing. In this scheme,

multiple seed associations for different objects are synchronously selected. Both

sequential and synchronous selection take into account the difficulties arisen in

multiple object interaction. These difficulties include appearance change, inter-

mittent object motion, object occlusion, occurrence of new object and shaking

artifact.
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Figure 3.1: The framework of multiple object initialization.

3.2 Seed Parametrization

The seed parametrization is to define the representation of a seed. There are

three major concerns in seed parametrization.

1. The definition of seed is application dependent. In this thesis, we use EM

motion segmentation (Section 4.2) and appearance-based meanshift track-

ing algorithm (Section 4.3) to detect and track object patterns. The com-

mon initial condition for these two algorithms is the support layer of an

object pattern. Thus it is straightforward to base the seed definition on the

object region.

2. Simplicity of seed representation is another important aspect. In gen-

eral, complex seed parametrization has more accurate representation, but

may lead to heavy computational load. Because seeds represent the ini-

tial conditions and do not require precise representation, a simple form of

parametrization is preferred for ease of processing.

3. Another constraint is the linearity of seed parameters. Since we will use

Kalman filter, the seed parameters should be represented by a vector of

real values. Note that this constraint is not compulsory if other state space

approach is used.
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Based on these three constraints, we use a rectangle region to represent a seed.

A seed state is defined by the following vector,

st = [mx, my, rx, ry]
T , (3.1)

where m = [mx, my]
T is the upper-left corner of the seed rectangle, while r =

[rx, ry]
T is the opposite corner, such that mx ≤ rx and my ≤ ry. To simplify

the measurement model of seed candidate, the state vector of candidate seed is

defined in a similar way. Clearly the seed parametrization follows the requirement

of dependency, simplicity and linearity as described above.

3.3 Seed Candidate Detection

Motion is a significant cue in video. In this section, we utilize motion discrimina-

tion information to automatically separate foreground visual contents in videos.

Each visual content is a seed candidate cj
t . We use translation model, rather

than the affine motion model as in [31], since our task is to obtain the initial

conditions of objects. This is different from [31] where its aim is to directly seg-

ment moving objects in image sequence. In our case, a seed candidate will be

subsequently refined and updated through seed association and temporal seed

selection. For robust detection, we employ 3D structure tensor computation and

representation. The computed optical flows and their associated saliency (or fi-

delity) measures are utilized directly for motion clustering. Robust estimator

Minimum Volume Ellipsoid (MVE) [32] is employed for parameter estimation in

the clustering process. The clustering results are further utilized to define the

conditional probability distribution of cj
t with respect to corresponding seed sj

t .

3.3.1 3D tensor representation

Let I(x, y, t) be the space-time intensity of a point in an 3D image volume. As-

sume I(x, y, t) remains constant along a motion trajectory, a constraint condition

of optical flow can be derived as

dI

dt
=

∂I

∂x
u +

∂I

∂y
v +

∂I

∂t
= ǫ, (3.2)
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where u and v represent the components of local spatial velocity, and ǫ is a

noise variable assumed to be independent, white and zero-mean Gaussian. Equa-

tion (3.2), more precisely, is the inner product of a homogeneous velocity vector

V and a spatio-temporal gradient ∇I, i.e.,

(∇I)TV = ǫ, (3.3)

where V = [u, v, 1]T and ∇I =
[

∂I
∂x

, ∂I
∂y

, ∂I
∂t

]T

. Equation (3.3) has been widely

applied in motion estimation algorithms. In particular, the noise term ǫ2 is

frequently used as a fidelity measure. Nevertheless, any fidelity measure that

involves only ǫ can not fully exploit the fact that the estimated local velocity in

a region with high intensity variability is more reliable than in a region with low

variability. To tackle this deficiency, we introduce a fidelity term based on 3D

tensor representation for robust estimation.

Under the assumption that the flows are constant over a 3D volume R, the

total sum of ǫ2 in R can be derived as

E =
∑

ǫ2 = V T

(

∑

x,y,t∈R

(∇I)(∇I)T

)

V. (3.4)

The central term is a symmetric tensor which represents the local structure of R

in space-time dimension. The tensor has the form

Γ =





Jxx Jxy Jxt

Jyx Jyy Jyt

Jtx Jty Jtt



 , (3.5)

where

Jmn =
∑

x, y, t∈R

∂I

∂m

∂I

∂n
m, n = x, y, t.

Given the tensor representation in Equation (3.5), the optical flow can be esti-

mated by minimizing the cost function E in Equation (3.4). The diagonal com-

ponents of a tensor which represent the intensity variation in spatio-temporal

coordinate can be exploited for fidelity measure. Thus, our proposed fidelity
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term λ, which depicts the certainty of estimated optical flow in R, is defined as

λ = 1 − E

E + Jxx + Jyy

. (3.6)

The fidelity term has following favorable properties:

• It is maximal for ideal flows, i.e., E = 0.

• It is minimal if no spatial intensity variation, i.e., Jxx + Jyy = 0.

• Its value is normalized in range [0, 1].

3.3.2 Motion segmentation and seed candidate detection

Given the flows {vi} and their fidelities {λi} at time t as described in Section

3.3.1, we employ k-means algorithm to cluster optical flows in each frame. The

number of clusters, g, is initially set to a reasonably large value. Then the clusters

are merged one by one according to the distance between each two clusters.

The algorithm is described in Algorithm 1. The results are then used to define

the metric of cluster separability based on the scattering of clusters as follows

η = tr(η−1
w ηb)

ηw =

g
∑

j=1

pjΣj

ηb =

g
∑

j=1

pj(Mj −
g
∑

k=1

pkMk)(Mj −
g
∑

k=1

pkMk)
T ,

(3.7)

where ηw and ηb are the expected intra and inter distances respectively. The more

distinct the motions are, the larger the metric η would be. Figure 3.2 shows one

example. In (a), the cluster separability of each frame is computed. In (b) and

(c), two seed candidates are detected. The motion of seed in (c) is more distinctive

than (b) with respect to background motion, since (c) has higher value of cluster

separability. Based on the result of clustering, a seed candidate is represented by

cj
t =

[

(v̄j − dj)
(v̄j + dj)

]

∀j ∈ 1 · · · g, (3.8)
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Algorithm 1 Motion Clustering Algorithm

INPUT: optical flows {vi}N , and associated saliency values {λi}N (see section
3.3.1)

ALGORITHM:

1. Given cluster number g, initial classification {uij} is calculated by k-
means algorithm on {vi}N incorporating with {λi}N , where uij = 1 if
vi belongs to the jth cluster and uij = 0 otherwise

2. Calculate the cluster probability {pj}N ,

pj =

∑

i uij
∑

j

∑

i uij

.

3. Compute the cluster means {Mj}N and covariance matrices {Σj}N by
using the robust estimator, Minimum Volume Ellipsoid (MVE) algo-
rithm [32].

4. Calculate the distance dkl between each two cluster k and l as follows,

dkl = s(1 − s)(Mk − Ml)
T

[sΣk + (1 − s)Σl]
−1(Mk − Ml),

where k, l ∈ 1 · · · g and s = pk/(pk + pl).

5. Select the closest two clusters k∗ and l∗, k∗ < l∗, such that dk∗l∗ =
min

ij
{dij}

6. If dk∗l∗ < τ , a threshold, merge the two clusters, i.e. set uik∗ =
1 ∀{i ∈ 1 · · ·N ∧ uil∗ = 1}; set ui(j−1) = uij ∀{i ∈ 1 · · ·N ∧ j ∈
l∗ · · · g}; set g = g − 1

7. Until no merging, goto step 2

OUTPUT: classification results {uij}

where

v̄j =

∑

i

(viuij)

∑

i

uij

,

and

dj =

√

√

√

√

√

3 × diag(
∑

i

(uij(vi − v̄j)(vi − v̄j)T ))

∑

i

uij

, (3.9)
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Figure 3.2: Results of seed candidate detection. (a) Separability values. (b) The
seed candidate at frame 143. (c) The seed candidate at frame 234 of maximum
separability value.

where ¯ denote the expectation, and the scale 3 in Equation. (3.9) is the ratio

of variance to the half-length square of a univariant uniform distribution. In

adddition, in order to be integrated with the procedure of seed association, a

detected seed candidate must be given a probability function conditional on a

seed, i.e., p(cj
t |sj

t). It is assumed to be a normal distribution, namely p(cj
t |sj

t) ∼
N(sj

t , U
j
t ). The covariance U j

t is the certainty measurement of a seed candidate

cj
t . Therefore, it is appropriate to define the covariance U j

t by the separability of

the clusters, η, in Equation 3.7. Then we define U j
t = 1√

η
I, ∀j = 1 · · · g, where I

is a 4 × 4 idendity matrix.
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3.4 Seed Association

We model a seed sequence St = {s0, · · · , st} by a discrete-time dynamic system

and use state space approach for seed estimation. The objective of seed estimation

is to estimate the seed st, given all the candidate seeds Ct = {c0, · · · , ct} until

that moment. That is equivalent to construct the posterior probability density

function(pdf) p(st|Ct). To solve this problem, some general assumptions are

needed to be outlined for the seed dynamic system. First, the dynamics form a

temporal Markov chain so that

p(st|St−1) = p(st|st−1).

Second, the seed candidates is independent, both mutually and with respect to

the seeds, or equivalently

p(Ct|St) =

t
∏

i=0

p(ci|si).

Based on these two assumptions, the theorectical optimal seed estimation can be

formulated with recursive Bayesian filter as indicated in [16],

p(st|Ct) = ktp(ct|st)p(st|Ct−1), (3.10)

where

p(st|Ct−1) =

∫

st−1

p(st|st−1)p(st−1|Ct−1),

and kt is a normalization constant that does not depend on st. There are usually

two steps involved in this propagation. The prediction step employs the seed

posterior at time t−1, p(st−1|Ct−1), to derive the seed prior at time t, p(st|Ct−1),

through the seed dynamics p(st|st−1). Then the update step use the seed candidate

density p(ct|st) to compute the seed posterior at time t by Equation 3.10.

Depending on the seed dynamics p(st|st−1) and seed candidate density p(ct|st),

different approaches are developed in the literature to solve Equation 3.10, They

include Kalman Filter, Extended Kalman Filter and Condensation. For simplicity

and without losing of generalization, we establish the specific densities suitable
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for Kalman Filter. In the remaining of this section, we present the formulation of

densities for both seed dynamic and seed candidate, and the procedure of Kalman

filtering.

3.4.1 Seed Dynamical Model

The aim of seed estimation is to provide accurate object initialization by associ-

ating the seeds of an object. In order to predict the conditional seed probability

density, p(st|st−1), we construct the seed dynamic as follows,

st = f(st−1) + vt, (3.11)

where the function f(st−1) represents a tracking algorithm, and vt represents

prediction noise arisen from the the tracking algorithm, which is assumed to be

independent, white and with zero-mean Gaussian density, p(vt) ∼ N(0, V ). The

specific choice of noise covariance V is dependent on the tracking algorithm being

used. In this thesis, we use meanshift tracking algorithm and more details will

be given in Section 4.3. To be more specific, the seed dynamics can be expressed

in a temporal Markov chain:

p(st|st−1) ∝ exp(−1

2
(st − f(st−1))

T V −1(st − f(st−1))). (3.12)

The advantages of the predict step in Equation 3.11 are two folds: 1) it reduces the

computational load by skipping over an independent seed prediction procedure;

2) it takes advantage of good quality of the tracking algorithm.

3.4.2 Seed Candidate Model

The seed candidate model represents the relationship between a seed st and the

corresponding observation ct. We construct the seed candidate model p(ct|st) as

ct = st + ut, (3.13)

where ut is a random measurement noise that is assumed to be white, independent

and with normal distribution, that is ut ∼ N(0, U). U is the noise covariance
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which is calculated through seed candidate detection (Section 3.3) to represent

the certainty of the seed candidate. To be consistent with the formulation in

Equation 3.10, this seed candidate model is rewritten as follows,

p(ct|st) ∝ exp(−1

2
(ct − st)

T U−1(ct − st)). (3.14)

Combining the Equations 3.10, 3.12 and 3.14, Kalman filter will be employed for

seed association which will be presented in the next section.

3.4.3 Seed Kalman Filtering

Based on the seed dynamical model and seed candidate model, the prediction

and update steps of Kalman filter are given in the following equations,

• Prediction step

s̃t = f(st−1)

P̃t = g(Pt−1) + Vt.
(3.15)

• Update step

Kt = P̃t(P̃t + U)−1

st = s̃t + Kt(ct − s̃t)

Pt = (I − Kt)P̃t.

(3.16)

where s̃t and st are respectively the prior and posterior seeds at time t, P̃t and Pt

are respectively the prior and posterior error covariance, and Kt is the Kalman

gain. In the prediction step, we use the function g(Pt−1) to represent the error

propagation of a seed in the tracking algorithm. Note that when there is no seed

candidate in a frame, only the prediction step is activated.

Through the prediction and update steps, we establish a framework for seed

association. The prediction step is mainly relies on tracking algorithm, while the

update step can correct the possible tracking errors.
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3.5 Temporal Seed Selection

The approach of seed association provides a robust way of estimating seeds from

their candidates. However, this is still not enough for effective object initilizaiton

in home videos. Some problems such as when to initilize the objects, remain

unsolved. Since the object appearances usually change over frames, it is inappro-

priate to begin object initialization at any arbitrary frame. The problems is even

worse in home videos since the motion is unrestricted and usually polluted with

shaking artifacts. In brief, the difficulties of object initialization include:

1. Intermittent object motion (IOM). The object movement may not be con-

tinuous. For example, a person captured in video may run at first, then

stand for a break, at last walk away. With motion cue only, it is impossible

to detect the unmoving person when he stands. Multiple-frame analysis is a

possible solution for this problem. Nevertheless, this is unsuitable for home

videos since it is very sensitive to the camera movement.

2. Object occlusion (OO). Some objects may be occluded by other objects or

background scene. During occlusion, the visual features of the occluded

objects are not observed, thus the objects can not be detected and tracked.

One popular approach is to predict the object movement during occlusion.

Nevertheless, the detection of occlusion and the update of object pattern

during and after occlusion are still difficult tasks.

3. Occurrence of new object (ONO). An object may appear in the middle of a

sequence. A mechanism is required to alert the occurrence of new objects.

This situation is similar to the case of intermittent object motion. Both

cases are actually the problem of when to initialize object patterns.

4. Shaking artifacts (SA). Jerky camera motions are common in home videos.

Apparently, it is not appropriate to initialize objects in video frames with

shaking artifacts.
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In other words, the problem of object initialization is not only how to initial-

ize, but also when to initialize objects. In this section, we first describe single

selection. Inspired by comparing the fidelities of the detected seed candidates

to handle the problem of when to initialize, the single selection is achieved by

selecting the best seed along the temporal dimension. Based on the single se-

lection, sequential and synchronous selection are proposed for multiple object

initialization respectively in offline and online manners. The sequential selection

can be regarded as multiple single selections activated sequentially, while the syn-

chronous selection carries out multiple single selections synchronously. Both the

sequential and synchronous selections can handle the four difficulties mentioned

above by intelligently selecting and associating multiple seeds. The sequential

selection has the advantage that the seed association begins from the best seed.

The synchronous selection, on the other hand, has the benefit that the associ-

ation is done in online fashion by dynamically updating the number of objects

at each frame. The difference between sequential and synchronous selections is

that the former allows precise initialization, while the latter has no delay and has

potential for real-time performance.

3.5.1 Approach I: Single Selection

In order to determine whether a seed is better than others for object initialization,

we define a seed fidelity measure based on prior seed candidate probability den-

sity p(ct|st) (see Section 3.3). Through Baye’s rule, p(st|ct) ∝ p(ct|st)p(st). We

assume p(st) has uniform distribution, then p(st|ct) = p(ct|st). So the conditional

expectation of a seed st, ŝt, is given by,

ŝt = E(st|ct) =

∫

st

stp(st|ct). (3.17)

We define the seed fidelity based on the covariance of ŝt as follows,

F (ŝt) = E(((st − ŝt))
T (st − ŝt)))). (3.18)

The value of F indicates the confidence of conditional seed estimattion. Normally,

the quality of initial conditions can be assured if the best seed is selected as the
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first one to start seed association. The first seed is selected as follows

s∗ = arg min
ŝt

(F (ŝt)). (3.19)

The detailed algorithm is given in Algorithm 2.

Algorithm 2 Single Selection

1. Estimate the seed prior conditional pdf {p(ct|st)} (see Section 3.3).

2. Compute the conditional expectations of seeds {ŝt} through Equation 3.17.

3. Calculate the seed fidelities {F (ŝt)} through Equation 3.18.

4. Select the seed with the minimum F , s∗, to be the first seed of association
process.

Figure 3.3 illustrates the procedure of object initialization by single selection.

After seed candidate detection, the initial starting point is automatically selected

through single selection. The seed association is activated immediately with the

selected seed. During this process, the object seeds are regularly updated by its

seed candidates to reflect the variation of object patterns.

Seed comparison is the component used to determine which one in the seed

candidates {cj
t}j at time t is the observation of st. We first calculate the condi-

tional seed expectation {ŝt
k} from {cj

t}j through Equation 3.17. Then according

to the proposed seed representation given by Equation 3.1, we propose an efficient

approach for seed comparison between st and ŝj
t based on their region overlap.

The overlap ratio is,

τ j
t =

area(st ∩ ŝj
t)

area(ŝj
t )

=
max(0, min(rs

x, r
ŝ
x) − max(ms

x, m
ŝ
x))

rŝ
x − mŝ

x

×
max(0, min(rs

y, r
ŝ
y) − max(ms

y, m
ŝ
y))

rŝ
y − mŝ

y

, (3.20)

where {ms
x, m

s
y, r

s
x, r

s
y} and {mŝ

x, m
ŝ
y, r

ŝ
x, r

ŝ
y} are the seed parameters of st and ŝj

t

respectively (see Equation 3.1). We use an empirical threshold h to determine
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Figure 3.3: Object initialization by single selection. (a) Process of seed associa-
tion.

the owership of each cj
t . We set h = 0.5 in our experiments. If τ j

t > h ∀j,

the corresponding seed candidate cj
t is used to update the seed st. If no seed

candidate is found, only the seed predict is employed as shown in the figure. In

practice, the procedure of seed association is executed twice, in both backward

and forward temporal dimensions.

Basically, object initialization by single selection can partially solve the prob-

lems caused by intermittent object movement, new object appearance and camera

shaking artifacts. These problems are handled by finding the best seeds along the

temporal dimension. Based on the proposed fidelity measure, object initialization

can always begin at a frame where the moving objects are more separable.
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Algorithm 3 Sequential Selection

1. Estimate the seed prior conditional pdf {p(ct|st)} (see Section 3.3).

2. Calculate the expected seeds {ŝt}from the seed distributions by using Equa-
tion 3.17.

3. Calculate the seed’s fidelity measurements {Ft} through Equation 3.18. Set
seed visiting indicator bt = 0, ∀t.

4. Select the seed with the maximum fidelity {Ft} to be the first seed for
association, ∀t where bt = 0.

5. If ct is used to update the seed st, set bt = 1.

6. Go to Step 4 until no seeds.

3.5.2 Approach II: Sequential Selection

By single selection, a seed may not be able to survive throughout a whole se-

quence. During association, a seed can be corrupted at frames with severe shak-

ing and illumination changes. Furthermore, seed association can not effectively

proceed during occlusion. Multiple selection is indeed a more natural solution for

object initialization than single selection.

Algorithm 3 describes the algorithm for the sequential selection. This ap-

proach is indeed a multiple version of single selection, which is activated one

after another to fully utilize all the seed candidates. A new vector variant bt,

seed visiting indicator, is introduced to record the history of seed visiting. In

seed association, if a seed candidate ct belongs to an object and used for seed up-

date, ct is said visited and set the corresponding visiting indicator bt = 1. At first,

all the seed candidates are detected by seed candidate detection in a shot. Then

the single selection is used to select the best seeds to start the seed association

procedure. This seed association proceeds until the object can not be tracked.

The single selection is employed again to start another seed association based on

the remaining unvisited seeds. In this way, the single selection and seed associa-

tion are activated sequentially. The object initialization by sequential selection is

shown in Figure 3.4. Compared with Figure 3.3, the system invokes a new single

selection, rather than go to the end, after the tracked object disappears.
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Figure 3.4: Object initialization by sequential selection. (a)Process of seed asso-
ciation.

3.5.3 Approach III: Synchronous Selection

In fact, if the seed association can start with the earliest, rather than the best,

seed candidate, online selection is possible. The effectiveness may be sacrificed

to certain extent, however, it can be compensated by the effectiveness of seed

association. We name this approach synchronous selection, where the multiple

selection of seeds is started synchronously.

Algorithm 4 depicts the details of the synchronous selection. An iteration of

synchronous selection is described as follows. The seed candidates at time t {ck
t }k

are first detected by seed candidate detection. These current seed candidates are

compared with the current object seeds S = {sj
t}j. The seed candidates are

utilized to update the seeds if they are the corresponding observations of the

seeds. The seed candidates that do not belong to any seed are used for the
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Algorithm 4 Synchronous Selection

1. Set the seed set S empty, S = φ.

2. Estimate the seed prior conditional pdf {p(ck
t |sk

t )}k (Section 3.3) at time t.

3. Calculate the expected seeds Ŝt = {ŝk
t }k from the seed distributions by

Equation 3.17.

4. For each ŝk
t ∈ Ŝt, if ∀sj ∈ S and τ(sj

t , ŝ
k
t ) > h1 (Equation 3.20), the ck

t is

used to update sj
t , else if max

s
j
t∈S

τ(sj
t , ŝ

k
t ) < h2, the ck

t is selected to activate a

new process of seed association, and add ŝk
t into S.

5. Propagate the seeds S to S = {sj
t+1}j.

6. t = t + 1, go to Step 2 until end of shot.

seed associations of new objects. This procedure is iterated over time. The key

step of this approach is the Step 4, which has two tasks. The first task is to

update the current seeds by the seed candidates. The other task is to detect

whether new objects appear at this time. An additional empirical threshold h2

is used to determine the occurrence of new patterns, which is set as h2 = 0.1.

Note that the implementation of seed candidate detection is different between the

synchronous and sequential selection. In the former approach, the detection is

invoked in an online manner, while in the latter approach, all the seed candidates

are detected in advance of selecting the best seeds. Figure 3.5 describes the flow

of object initialization by synchronous selection. As shown in this figure, the seed

candidate detection, seed association and temporal seed selection are carried out

synchronously.

The proposed temporal seed selection scheme is effective for object initializa-

tion. Figure 3.6 illustrates how the sequential and synchronous selection solve the

problems of intermittent object motion (IOM), object occlusion (OO), occurrence

of new object (ONO) and shaking artifacts (SA) in a shot. For ease of description,

only one spatial dimension is shown in the figure, which is the vertical axis. The

horizontal axis represents the temporal dimension. In the figure, the camera (the

thick black curve) want to track the object A (the thick red curve), while a new

object B (the thick blue curve) occurs at time t2 and occludes the object A at
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Figure 3.5: Object initialization by sychronous selection. (a) Process of seed
association.

time t3. Also there is a shaking artifacts at time t1 when the camera changes its

direction. In addition, the motion of the object A is typically intermittent. It is

static in three unconnected time segments respectively at the beginning, middle

and end of the shot. Below the motion trajectories are the object initialization by

the sequential and synchronous selection respectively. In the sequential selection,

the first seed selected by the single selection is s∗1 which is detected when the

object motion is the most separable. This can avoid initializing the object in its

static periods of intermittent movement. The seed is propagated through seed

association in both forward and backward directions until the object A disap-
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pears at time t1 and t3 due to camera shaking and occlusion. These problems is

overcome by selecting the seeds s∗2 and s∗4 as shown in the figure, while the new

object B is found by the seed s∗3. By sequential selection of seeds s∗1, s∗2, s∗3 and s∗4,

we can initialize the objects through out the whole sequence. The synchronous

selection is similar to the sequential selection except for three aspects. The first

is that the seeds are propagated only in forward temporal dimension. The second

aspect is that the earliest rather than the best seeds are selected. The last aspect

lies on the synchronous selection of seeds. For example, the seed s∗4 is selected

when seed s∗3 reappears after occlusion. The four problems can also be handled

in synchronous selection as shown in the figure, except the quality of initializa-

tion is not as good as sequential selection, and the objects are not found at the

beginning of video sequence.

34



Shot #Correct
candidates

#False
candidates

#Objects #Missed
objects

1 76 0 1 0

2 40 6 1 0

3 2 1 1 0

4 91 17 1 0

6 131 10 1 0

9 9 0 1 0

10 49 17 1 0

11 18 0 0 0

12 172 7 1 0

14 221 9 1 0

15 155 54 1 0

16 80 111 1 0

17 0 11 0 0

18 1 0 1 0

Table 3.1: Results of seed candidate detection in hiking.mpg.

3.6 Experiments

To verify the proposed approaches, we conduct experiments on four home videos:

hiking, campus, lgerca lisa 1.mpg and lgerca lisa 2.mpg. The video hiking captures

the hiking journey of a couple in country sides, while the video campus records

the activities of a group of students in campus. The last two videos are from

MPEG-7 standard test videos. Those videos include indoor and outdoor scenes,

shaking artifacts, motion blurs, human and vehicle movements.

We first partition each video into shots. For the video lgerca lisa 1.mpg and

lgerca lisa 2.mpg, we use the groundtruth shot segmentation. For video hiking,

campus, we employ the shot segmentation algorithm proposed in [1]. Then our

proposed approach for object initialization is applied in each shot. Tables 3.1,

3.2, 3.3 and 3.4 show the results of seed candidate detection in hiking.mpg, cam-

pus.mpg, lgerca lisa 1.mpg and lgerca lisa 2.mpg. The meanings of each column

in these tables are described in the following. The first column is shot index.

Those shots without seed candidates are not listed in these tables. The second

column is the number of seed candidates whose regions overlap largely with the

object regions, while the third column is the false seed candidates which are not

objects. This is usually caused by shaking artifacts, motion blurs or other low
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Shot #Correct
candidates

#False
candidates

#Objects #Missed
objects

0 81 1 1 0

1 38 29 1 0

2 102 17 1 0

3 83 1 3 0

7 151 13 3 0

8 122 2 2 0

9 148 3 1 0

10 26 5 4 0

11 10 0 1 0

12 115 37 1 0

13 117 13 2 0

14 5 4 1 0

15 22 3 2 0

22 18 0 1 0

23 3 29 1 0

24 145 14 2 0

25 174 46 5 1

26 78 5 2 0

27 22 0 1 0

29 6 17 1 0

30 21 4 4 0

31 6 11 1 0

32 4 0 1 0

33 8 3 3 0

34 94 48 5 0

35 153 86 10 1

40 0 5 1 0

41 12 1 3 0

43 47 8 14 5

49 0 1 0 0

50 44 3 13 1

53 2 0 1 0

54 1 0 1 0

55 19 2 4 1

56 91 4 4 0

61 0 4 1 1

62 17 2 3 0

63 11 1 1 0

64 190 2 5 0

Table 3.2: Results of seed candidate in campus.mpg.
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Shot #Correct
candidates

#False
candidates

#Objects #Missed
objects

0 0 2 2 2

1 1 2 2 1

2 13 0 3 0

3 9 2 2 0

4 7 2 3 1

5 0 3 1 1

6 2 0 2 0

7 12 5 4 2

8 14 0 1 0

9 9 7 2 0

10 18 0 4 2

11 71 0 1 0

12 42 0 2 0

13 36 6 4 0

14 3 0 2 0

15 4 0 2 0

18 18 0 2 0

19 18 1 2 1

21 9 1 2 0

22 1 0 2 0

23 5 0 3 1

24 4 0 2 1

25 7 0 1 0

26 10 0 4 1

28 1 0 2 1

29 5 0 1 0

32 3 0 3 1

33 1 0 3 2

34 7 2 4 1

35 5 0 1 0

37 0 1 0 0

38 5 0 2 1

41 2 0 1 0

42 3 0 3 1

44 2 0 3 2

45 16 0 3 0

46 9 2 4 3

47 14 1 2 0

48 96 0 8 0

49 7 0 2 0

50 13 2 7 5

52 4 0 3 1

Table 3.3: Results of seed candidate detection in lgerca lisa 1.mpg.
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Shot #Correct
candidates

#False
candidates

#Objects #Missed
objects

0 13 1 2 0

2 30 0 3 1

3 43 1 5 0

4 7 1 3 0

5 2 0 3 1

6 19 1 2 1

7 30 0 7 0

8 17 1 5 0

9 5 0 2 0

10 15 0 2 0

11 10 0 2 0

13 7 0 5 0

14 2 0 1 0

15 127 7 1 0

16 52 9 3 0

17 35 0 7 1

20 46 4 4 0

21 10 0 2 0

22 11 8 4 1

24 7 0 3 0

25 15 0 2 0

26 3 0 1 0

27 3 0 2 0

29 15 1 2 1

30 4 0 2 1

31 62 3 2 0

33 78 1 4 0

34 14 1 1 0

35 1 0 1 0

36 65 12 1 0

37 2 1 1 0

38 2 0 2 0

39 26 1 4 0

40 1 0 1 0

41 1 0 1 0

42 30 0 6 0

43 18 0 7 2

44 16 1 5 0

45 10 0 4 0

47 30 5 6 0

48 20 0 2 0

49 8 5 3 1

50 16 4 1 0

Table 3.4: Results of seed candidate in lgerca lisa 2.mpg.
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Video Lgerca lisa 1.mpg Lgerca lisa 2.mpg Hiking Campus

SCDP 0.9301 0.9346 0.8113 0.8375
WAIOR 0.8673 0.9472 1.0 0.9611

Table 3.5: The average precision of seed candidate detection.

visual qualities. One important aspect of seed candidates is how many video

objects are included in the seed candidates, since the proposed object initializa-

tion are based on the detected seed candidates. The more objects included, the

more seeds the approach can initialize. The fourth and fifth columns are used to

evaluate this aspect. The fourth column is the number of the objects in the shot.

This is counted manually. Only the objects with distinct motions at somewhere

in the shot are counted. This is somewhat subjective, especially when an object

has distinct motion in cluttered scenes. However, the moving objects are clear

and distinct most of time. The fifth column is the number of objects missed in

the detected seed candidates.

Table 3.5 is the overall evaluation of seed candidate detection among all the

shots in the four home videos. Two criterions are used. The first criterion is the

precision of seed candidate detection (SCDP), which is calculated by

SCDP =

∑

(#correct candidates)
∑

(#seed candidates)
,

where

#seed candidates = #correct candidates + #false candidates.

The ratio of included object (IOR) in seed candidates to the total objects in a

shot can be used to verify the integrity of included objects. This is given by

IOR =
#objects − #missed objects

#objects
.

Since it is likely to include more objects if more seed candidates are detected in

a shot, the number of seed candidates is appropriate to be used as the weight for

the average of IOR. Thus the weighted average of IOR (WAIOR) is given by

WAIOR =

∑

(#seed candidates × IOR)
∑

(#seed candidates)
.
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Figure 3.7: Results of seed candidate detection in campus. (a) Separability values.
(b) The object detection at frame 59. (c) The object detection at frame 71 of
maximum separability value.

The experiment results show that the proposed algorithm for seed candidate

detection works reasonably well for object initialization.

To demonstrate the effectiveness of the proposed seed candidate detection,

Figure 3.7(a) shows the separability value (Equation 3.7) of frames in one of the

snippets. Figures 3.7(b)-3.7(c) show the results of object detection at different

values. Obviously the result at frame 71 with maximum value is better than that

at frame 59. In our approach, we select the frame with maximum separability

value for object detection. The strategy works pretty well in the two testing

videos.

Figure 3.8 shows the seed candidates and their corresponding seeds estimated

through seed association. The seed at frame 9695 are the best starting points
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Figure 3.8: Track the person with partial occlusion and some incorrect seed
candidates. Top row: the seed candidates at frame 9695,9625,9599,9467 and
9461 from hiking. Bottom row: the estimated seed at corresponding frames.

(a) The seed candi-
dates

(b) The tracking results

Figure 3.9: Tracking results with object occlusion in campus.

selected by the proposed approach . The seed at frame 9625 is correctly estimated

by this approach although the seed candidate is severely degraded. Meanwhile

the figure also demonstrates that even when the appearance of the person change

significantly due to partial occlusion, the pattern of the person can still be effec-

tively initialized. The object occlusion can be handled by multiple seed selection,

which is illustrated in Figure 3.9. Two of the seed candidates and the tracking

results of some frames are shown in the figure.

3.7 Summary

In this chapter, we have presented a novel approach for multiple object initial-

ization. The initial measurements of object information are detected by motion
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segmentation. A robust clustering algorithm based on k-means clustering is pro-

posed to detect the initial conditions of background scene and moving objects.

These initial conditions are associated through a Bayesian filter for object ini-

tialization. The problems such as the changes of object size and shape are well

addressed in this association procedure. The association is invoked and controlled

by temporal seed selection, which takes into account the situations of multiple

objects. These techniques, integrated together, provide an effective approach for

multiple object initialization.
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CHAPTER 4

OBJECT DETECTION AND TRACKING

By detecting and tracking objects in videos, we can index video content accord-

ing to video objects. In this chapter, we further exploit motion cue for object

detection and tracking. Our object detection is based on EM motion segmenta-

tion which can simultaneously segment layers with coherent motion. In contrast

to traditional EM algorithm, our approach incorporates the object initialization

algorithm (Chapter 3) to provide effective object detection. We also employ

meanshift algorithm for object tracking. Integrated with the proposed object

initialization, the proposed tracking algorithm is not only able to adapt to the

changes of object appearance, but also capable of tracking multiple objects in a

seamless way.

4.1 Introduction

Home videos are getting more and more popular as a personal media tool since

they capture daily lives with vivid visual contents. However, on the other hand,

long-winded contents are usually intermixed in home videos. This is against quick

browsing, indexing and retrieval of home videos. It is helpful to represents home

videos in a compact form. This task can be done in three different ways. The

first method is to manually edit the videos by commercial tools such as Adobe

Premiere [33] and Apple iMovie [34]. The second method is also referred to as

video summarization or abstracting, in which the compelling portions from home

video are selected for browsing. The third method is to compactly represent

videos by their visual content such as objects and background scenes.

In this thesis, we focus on the compact content representation of videos for

efficient browsing and indexing. One popular way is to represent videos by static

43



Object
Pattern 1

Shot 1 ... Shot i ...

Object
Pattern 2 ...Backgrou-

nd scene
Object

Pattern 1
Object

Pattern 2 ...Backgrou-
nd scene... ...

Scene 1 Scene 2 ... Object 1 Object 2 ...

......

Figure 4.1: Object-based video content representation.

keyframes and then the indexing is done by investigating the similarities among

the keyframes. However, this approach is just the beginning. We propose a

more sophisticated representation based on video object parsing and analysis.

Figure 4.1 depicts the proposed compact representation for home videos. The

background scenes and moving object patterns are firstly detected by motion

analysis. Then similar contents are grouped together for compact representation.

In contrast to keyframe indexing, the background and objects are separately

indexed in this representation.

To achieve this goal, we employ EM motion segmentation to automatically

separate the background and moving objects, and meanshift tracking algorithm

for object indexing. Traditional EM algorithm and meanshift tracking algorithms,

developed mainly for professional edited videos, are not suitable for home video

analysis. Some common circumstances such as object occlusion and object ap-

pearance changes, can cause problem to the algorithms. To handle these diffi-

culties in home videos, we extend motion segmentation and tracking algorithms

integrated with the object initialization developed in Chapter 3. The proposed

EM motion segmentation takes advantage of good object initialization. This in-

deed leads to an effective object detection where the aperture effect is largely

suppressed. On the other hand, by incorporating with the object initialization,

the proposed meanshift tracking algorithm can deal with the problems such as
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object occlusion and the changes of object size and shape.

4.2 EM-based Object Detection

In this section, we first describe the typical EM segmentation algorithm, then

extend the algorithm by exploiting the seeds. Given two adjacent frames It and

It−1 at time t and t − 1 respectively, the image It can be regarded as being

generated from a finite mixture of m components, {Ĩ i
t(It−1|θi)}i=1:m, where Ĩ i

t is

the image warped from It−1 with the motion model parameter θi. More precisely,

it is said that the intensity of It at pixel xj , It(xj), follows a m-component finite

mixture distribution with mixing probabilities π1, · · · , πm as follows,

p(It(xj)) =
m
∑

i=1

πip(It(xj)|Ĩ i
t(xj)), (4.1)

where
m
∑

i=1

πi = 1, πi ≥ 0, i = {1, · · · , m}.

Two assumptions are made to compute the probability in Equation 4.1. The

first is the form of probability density function p(It(xj)|Ĩ i
t(xj)) which we assume

to follow normal distribution, that is p(It(xj)|Ĩ i
t(xj)) ∼ N(Ĩ i

t(xj), σi). Since Ĩ i
t(xj)

depends on the motion model θi, p(It(xj)|Ĩ i
t(xj)) can be written as

p(It(xj)|θi, σi) =
1√
2πσi

exp−(It(xj) − Ĩ i
t(xj))

2

2σ2
i

.

The other assumption is the motion model Ĩ i
t (It−1|θi), which we use 2D affine

motion model as the following,

Ĩ i
t(xj) = It−1

([

a1 a2

a3 a4

]

xj +

[

b1

b2

])

,

where the model parameter is θi = [a1, a2, a3, a4, b1, b2]
T . Of course, other motion

models such as homegraphy can also be used.
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Let the vector Ψ = [ΠT , ΣT , ΘT ]T represents all the unknown parameters,

Π = [π1, · · · , πg]
T , Σ = [σ1, · · · , σg]

T , Θ = [θi, · · · , θg]
T . The log likelihood of a set

of n intensities at time t, I = {It(xj)}j=1:n can now be written as

L(Ψ) = log p(I|Ψ) =

n
∑

j=1

log

(

m
∑

i=1

πip(It(xj)|θi, σi)

)

. (4.2)

The solution to this mixture model cannot be found analytically. It is usually

solved by EM algorithm which treat the samples as incomplete data and intro-

duce the missing data Z = {zj}1:n [35, p. 48]. Each zj is associated with the

corresponding image intensity It(xj), indicating which component Ĩ i
t produces

It(xj). The indicator variable zj = [z1j , · · · , zkj]
T , where zij = 1 for It(xj) ∈ Ĩ i

t or

zij = 0 for It(xj) 6∈ Ĩ i
t . Given the complete C = {I,Z}, the log likelihood is

L(Ψ) = log p(I,Z|Ψ) =
n
∑

j=1

m
∑

i=1

zij log(πip(It(xj)|θi, σi)).

Expectation-Maximization(EM) iteration can be applied to solve this equation.

The iterative two steps are:

• E-step: Compute the expectation of L(Ψ) given I and current estimate

Ψ̄, that is Q(Ψ, Ψ̄) = E(L(Ψ)|I, Ψ̄). This is to estimate the conditional

expectation T = E(Z|I, Ψ̄), which can be given by

τij = p(It(xj) ∈ Ĩ i
t |θi, σi) =

πip(It(xj)|θi, σi)
∑m

k=1 πkp(It(xj)|θk, σk)
. (4.3)

• M-step: Estimate the parameters Ψ through maximizing Q(Ψ, Ψ̄) as

Ψ̄ = arg max
Ψ

Q(Ψ, Ψ̄). (4.4)

The E-step and M-step iterate until Ψ changes little or reaches certain num-

ber of iterations. However, some prerequisites of EM algorithm need to be well

initialized, including the number of the finite mixtures, m, and the initial esti-

mation of model parameters Ψ or missing data Z. Typical method uses MDL or
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MML criterion [19] to solve the problem. But they are sensitive to data noises

which are commonly observed in videos, especially home videos. Nevertheless

our framework of object initialization can provide robust initial conditions for

EM algorithm. The number of the finite models m can be figured out by the

number of seeds at time t plus background motion model. Since the seeds are de-

rived from the most appropriate places and updated over time. It is more robust

than the estimation of the model number by only exploiting the motions at time

t. Furthermore, given the seeds S = {s1
t , · · · , sm−1

t }, the expectation of indicator

variables T can be easily calculated. Let P = {P 1
t , · · · , P m−1

t } represent the pixels

included the seeds S respectively, and X = {P 1
t , · · · , P m−1

t , (P m
t = It − P)} rep-

resents the image regions segmented by those seeds. Then the initial expectation

of indicator is computed by,

τij =

{

1
g

, xj ∈ (P i
t ∩ X1 · · · ∩ Xg−1) and X1 · · ·Xg−1 ∈ X

0 , otherwise
. (4.5)

The expectations T , calculated by Equation 4.5, are usually close to the motion

segmentation result. They are expected to be integrated into the EM algorithm.

However, the estimation of T by Equation 4.3 only exploits the motions at the

current iteration. This is reasonable only when the prior segmentation informa-

tion is absent. In order to take advantage of the proposed object initialization

algorithm in Chapter 3, we modify the typical EM algorithm by assuming that

the indicator z
(l)
ij at the lth iteration depends on the value at l − 1th iteration. It

is said that z
(l)
ij follows such a way as Markov chain. Therefore, given the tran-

sition probability p(z
(l)
kj |z

(l−1)
ij ), ∀i, k ∈ 1 : m, the conditional expectations T in

Equation 4.3 are estimated by,

τij = E(z
(l)
ij |It(xj), Ψ)

= p(z
(l)
ij = 1|It(xj), Ψ)

=
p(It(xj)|z(l)

ij = 1, Ψ)p(z
(l)
ij = 1|Ψ)

∑m

k=1 p(It(xj)|z(l)
kj = 1, Ψ)p(z

(l)
kj = 1|Ψ)

=
p(It(xj)|θi, σi)p(z

(l)
ij = 1)

∑m
k=1 p(It(xj)|θk, σk)p(z

(l)
kj = 1)

,
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where

p(z
(l)
kj = 1) = p(z

(l−1)
ij = 1)p(z

(l)
kj = 1|z(l−1)

ij = 1)

+p(z
(l−1)
ij = 0)p(z

(l)
kj = 1|z(l−1)

ij = 0)

= τ
(l−1)
ij p(z

(l)
kj = 1|z(l−1)

ij = 1)

+(1 − τ
(l−1)
ij )p(z

(l)
kj = 1|z(l−1)

ij = 0) ∀k ∈ 1 : m.

One advantage of the proposed estimation of T , from the practical point of view,

is that the EM framework, in contrast to typical membership update, is more

stable. In a typical EM solution like [3], a population Ĩ i
t whose proportion is

relatively small compared with other populations Ĩj 6=i
t , is more likely to vanish

after update. This is a common scenario particularly for some foreground objects

which occupy small regions in home videos.

4.3 Meanshift Object Tracking

Mean shift [36, 17] is adopted for object tracking due to its efficiency and robust-

ness to non-rigid motion. The tracking algorithm is appearance-based, and mean

shift procedure is utilized to match a target candidate which is most similar to the

target model. The similarity measure is based on Bhattacharyya coefficient met-

ric between the color density distributions of a target model q̂ = {q̂u}u=1···m (with
∑m

u=1 q̂u = 1) and a target candidate p̂(y) = {p̂u(y)}u=1···m (with
∑m

u=1 p̂u = 1).

Bhattacharyya coefficient is given as

ρ̂(y) ≡ ρ[p̂(y), q̂] =
m
∑

u=1

√

p̂u(y), q̂u, (4.6)

where m is the quantization level of a color histogram. By Equation (4.6), the

distance between two distributions is

d(y) =
√

1 − ρ[p̂(y), q̂]. (4.7)

The target color distribution can be represented as follows. Denote {xi}i=1,···,n as

the pixel locations of a target candidate centered at y. A convex and monotonic
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decreasing kernel profile k is used to assign smaller weights to the locations that

are farther from y. Let b(xi) as a function which indexes the histogram bin of a

given color, the normalized probability of a color u in a target candidate is

p̂u(y) =

∑n

i=1 k
(

∥

∥

y−x

h

∥

∥

2
)

δ[b(xi) − u]

∑n
i=1 k

(

∥

∥

y−x

h

∥

∥

2
) , (4.8)

where δ is the Kronecker delta function and h is the radius of the kernel profile.

The distribution of target model, q̂, can be derived in a similar fashion.

Given an initial target location y0, the new location y1 of a target candidate

is achieved by maximizing Equation (4.6) based on the mean shift iteration given

by

y1 =

∑n
i=1 xiωig

(

∥

∥

y0−x

h

∥

∥

2
)

∑n

i=1 ωig
(

∥

∥

y0−x

h

∥

∥

2
) , (4.9)

where g = −k′ and

ωi =
m
∑

u=1

δ[b(xi) − u]

√

q̂u

p̂u(ŷ0)
.

The mean shift tracking algorithm, in principle, searches for local maximum in

the neighborhood of initial location by exploiting the gradient of surface. To

start the meanshift iteration in Equation 4.9, the initial conditions y0 and h

need to be set and updated over time. Incorporating with the proposed object

initialization (Chapter 3), the problem can be solved by y0 = (m + r)/2 and h =

(r − m)/2, given the seed s = [mT , rT ]T . In order to implement seed association

by Kalman filtering, the function f(), g() and the covariance Vt in Equation 3.15

are needed to be determined in the tracking algorithm. In the meanshift tracking

algorithm, s̃t = f(st−1) = [(ŷ − h)T , (ŷ + h)T ]T where ŷ is the position of target

candidate estimated by meanshift iteration by Equation 4.9. For simplicity, we

assume that the prediction process by Equation 3.15 does not produce noise.

Therefore P̃t = g(Pt−1) + Vt = Pt−1. In such a way, the tracking algorithm

and the seed association are tightly integrated. On one hand, the progress of

49



seed association robustly initialize the tracking algorithm, on the other hand, the

tracking algorithm provides effective prediction of the seeds.

4.4 Experiments

We conduct the experiments on four home videos: lgerca lisa 1.mpg, lgerca l-

isa 2.mpg, hiking.mpg and campus.mpg. The former two videos are MPEG-7

standard test videos and capture the activities of a girl with her family and friends.

The videos including indoor and outdoor scenes. The video hiking captures the

hiking experience of a couple while campus record the activities of a group of

students in campus.

Instead of enumerating possible sizes of an object in [17], our meanshift track-

ing algorithm can automatically adapt to the changes of object appearance. Fig-

ure 4.2 shows the results of tracking a dog in the third shot of hiking. It is clear

that the algorithm can adapt to the change of object size. Figures 4.3 and 4.4

illustrate the situations of multiple objects. Figure 4.3 shows that the proposed

approach correctly track the two objects with occlusion based on the seed can-

didates of the occluded person before and after the occlusion. Figure 4.4 shows

that multiple objects are tracked simultaneously although their seed candidates

are detected asynchronously. Finally the detected and tracked objects can be

indexed to facilitate the browsing of objects in home videos. Figure 4.5 and 4.6

show the contents of some shots in videos lgerca lisa 1.mpg and lgerca lisa 2.mpg.

The visual contents include the detected and indexed moving objects, and the

keyframes which are the middle frame of the corresponding shots. As shown in

the figures, the keyframes can only provide one aspect of the video contents since

they usually provide the information of where the things happen. For example,

the keyframe of shot 34 in lgerca lisa 1.mpg (Figure 4.5(a)) only indicates that

the place is somewhere like a farm. However, after browsing the object patterns

which usually provide the information of what happens, one can tell that this

shot captures an activity about fire balloon. The experiments show that content

representation by the combination of keyframes and object patterns provides an
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Figure 4.2: Tracking of a dog with size changes.

(a) Seed candidates

(b) Tracking results

Figure 4.3: Tracking of two persons with occlusion.

important tool for efficient browsing of video contents.

4.5 Summary

We have presented a compact representation scheme suitable for home videos

browsing and indexing. Two key techniques, object detection and object tracking,

are discussed in this chapter. Integrated with our object initialization algorithm,

the proposed EM segmentation and meanshift tracking algorithms are proved

to be effective for object detection and object tracking in home videos. On the

other hand, object detection and tracking can also improve the accuracy of object

initialization since the EM segmentation and meanshift tracking are more robust

respectively for the detection and prediction of initial object conditions.
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(a) Seed candidates detected at different time

(b) Tracking results

Figure 4.4: Tracking of multiple objects.

52



(a) Keyframes of the shots 34, 45 and 48

(b) Objects in shot 34 (c) Object in shot 45

(d) Objects in shot 48

Figure 4.5: Keyframes and parsed objects in the 34th, 45th and 48th shots of
lgerca lisa 1.mpg.
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(a) Keyframes of the shots 17, 33 and 42

(b) Objects in shot 17

(c) Object in shot 33

(d) Object in shot 42

Figure 4.6: Keyframes and parsed objects in the 17th, 33th and 42ed shots of
lgerca lisa 2.mpg.
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CHAPTER 5

SNIPPET DETECTION AND PATTERN

PARSING

Home videos are content-unrestricted and lack of story lines. Thus a shot in home

videos usually consists of complex camera motions. In this chapter, we present

a new approach to segment a shot into more coherent subshots, namely snippets.

The proposed snippet detection is based on the analysis of camera trajectory,

which can be estimated by the motion segmentation algorithm described in the

previous chapter. One special characteristic is that our approach takes into ac-

count the shaking artifacts in home videos during shot decomposition. To parse

and index the objects in snippets, an efficient pattern matching algorithm is de-

veloped based on MWBG (maximum weighted bipartite graph). This method is

useful for detecting objects in snippets with no motion but known object patterns.

5.1 Introduction

Content analysis of home videos has recently attracted numerous research atten-

tions due to its commercial potential in providing query, browsing, summarization

and editing functionalities. Home videos, unlike scripted and edited videos, are

domain unrestricted, lack of story lines and always coupled with shaking arti-

facts. As a consequence, the analysis of home videos presents a different aspect

of technical challenge compared with the professional edited videos.

Existing researches in home video analysis include scene analysis [37, 10],

browsing [38, 39], highlight detection [40], summarization [6, 7] and editing [5].

In these works, camera motions [40], face [39], time stamp [6, 7] and temporally

order information [10] are frequently exploited for the content organization of

home videos. For instance, a zoom-and-hold motion detector is developed in [40]
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to detect significant events, while a face tracker is utilized in [39] for browsing

and indexing.

While most works address the issues of video abstraction [37, 10, 40, 6, 7] and

browsing [38, 39], relatively few works are conducted for the structuring of video

content for parsing, indexing and query. As indicated in [40, 7], the distribution

of shot length in home videos tends to be in favor of long shots that can probably

last for more than 10 minutes. In one typical long shot, a camera may involve

multiple actions such as “pan to get a larger view of scene”, “pan to search for

objects of interest”, and at the meanwhile, “zoom-and-hold to freeze the impres-

sion of a particular scene”. In [5, 7], in order to shorten the length of shots for

summarization and editing, heuristic strategies such as selecting subshots that

are clearly audible, or subshots whose motions match the tempos of music, are

adopted. These strategies may not be applicable in certain situations and could

falsely include intermediate camera motions (e.g., pan to search for something)

that are not significant. A concrete way of decomposing shots into meaning-

ful subshots (or snippets) by excluding intermediate camera motions is essential

in structuring the content of home videos. Important snippets usually contain

symbolically memorable objects such as people, buildings or notable patterns. If

home videos could be parsed and indexed based on the symbolic patterns, novel

queries such as “show me all snippets with beaches” can be realized.

In this chapter, we propose new approaches for the structuring of shots in

home videos (Section 5.2) and the parsing of objects patterns for memorable

object indexing (Section 5.3). Firstly, a table of snippets is constructed based

on motion analysis. Secondly, moving objects are automatically detected and

tracked in snippets (see Chapter 4). For the snippets with no object motion,

keyframes are shown and we allow users to label the static patterns in frames. A

novel and efficient pattern matching algorithm based on MWBG (Section 5.3) is

then proposed to parse and index the existing and new video objects based on

the automatically detected and manually labeled patterns.
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5.2 Constructing Table-of-Snippet

A shot is generally defined as a sequence of frames with continuous camera mo-

tion. In professional edited videos, a shot can be referred to as a cinematic sen-

tence that represents one snippet of a scene. Home videos, nevertheless, do not

have such edited structure. The camera motion in one shot, although continuous,

may consist of multiple snippets connected by intermediate camera motions. To

decompose long shots into snippets, we propose a motion-based approach to de-

tect the snippet boundaries that are usually composed of fast and abrupt camera

motions.

5.2.1 3D Tensor Representation1

Let I(x, y, t) be the intensity of a point in 3D image volume. By assuming I(x, y, t)

remains constant in a short period of a time, a constraint condition can be derived

as

dI

dt
=

∂I

∂x
u +

∂I

∂y
v +

∂I

∂t
= ǫ, (5.1)

where u and v represent the local spatial velocity along the x and y coordinates

respectively. ǫ is assumed to be zero-mean Gaussian noise. The total sum of ǫ2

over a 3D image volume R can be represented as

E =
∑

ǫ2 = V T

(

∑

x,y,t∈R

(∇I)(∇I)T

)

V, (5.2)

where V = [u, v, 1]T and ∇I =
[

∂I
∂x

, ∂I
∂y

, ∂I
∂t

]T

. The central term, which is a

symmetric tensor representation of the local structure of R, has the form

Γ =





Jxx Jxy Jxt

Jyx Jyy Jyt

Jtx Jty Jtt



 (5.3)

Jmn =
∑

x, y, t∈R

∂I

∂m

∂I

∂n
m, n = x, y, t.

1Repeat this section for reading convenience.
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Given the tensor representation in Equation (5.3), the optical flow v = [u, v]T can

be estimated by minimizing the cost function E in Equation (5.2). The diagonal

components of a tensor which represent the intensity variation in spatio-temporal

coordinate can be exploited for fidelity measure. Thus, our proposed fidelity term

λ, which depicts the certainty of estimated optical flow in R, is defined as

λ = 1 − E

E + Jxx + Jyy

. (5.4)

The fidelity term has following favorable properties: 1) It is maximal for ideal

flows, i.e., E = 0; 2) It is minimal if no spatial intensity variation, i.e., Jxx+Jyy =

0; 3) Its value is normalized in the range [0, 1].

5.2.2 Motion Feature Extraction

Given a frame It, the Harris corner detector is applied to extract N feature

points. The corresponding points across frames are matched by the singular value

decomposition (SVD) of 3D tensor structure (in Section ??). For robustness, a

least median square (LMeS) filter is employed to remove the matching points

that are inconsistent with the assumed camera motion model. Let xt
i as the ith

feature point at frame t, we use a 6-parameters affine model as

xt+1
i = Atxt

i + bt i = 1 · · ·N, (5.5)

where

A =

[

cos(θ) sin(θ)
− sin(θ) cos(θ)

] [

k k tan(φ)
0 l/ cos(φ)

]

, (5.6)

and b = [b1, b2]
T . The parameters θ and φ are respectively the rotation and

skew angles, while k and l are the zoom factors along the horizontal and vertical

directions. These parameters can be easily computed by the QR decomposition

of A. A sequence of feature vectors Φt = [b1, b2, k, l, θ, φ] is then formed for every

two adjacent frames along the temporal dimension.
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5.2.3 Zoom Segment Detection

Once the motion feature vectors are extracted, we detect the zoom segment in

the shot according to zoom parameters. Denote the horizontal and vertical zoom

factors as K = {kt}n and L = {lt}n, we search for the zoom segment by using

hysteresis thresholding techniques (Algorithm 5). In this algorithm, two thresh-

old, the low one τl and the high one τh, are used. The advantages of using two

thresholds are twofold: i) τh prevents the algorithm from selecting the fault zoom

segment caused by noise; ii) while τl collects the lost parts rejected by τh. The

details of algorithm are shown in Algorithm 5.

Algorithm 5 Hysteresis Thresholding

INPUT: zoom parameters {K, L}, and threshold τl, τh, τl < τh

ALGORITHM:

1. Initialize zoom indicators {bt}n = 0

2. Scan each {zt = kt × lt} from left to right

3. Locate the next unvisited time point t∗, such that zt∗ > τh

4. Start from t∗, move in both forward and backword temporal directions,
follow out a connected point t, if zt > τl, set bt = 1

5. Until all points are visited, goto step 2

OUTPUT: Zoom segments in which bt = 1

5.2.4 Polyline Estimation

After the detection of zoom segments, the remaining parts of a shot are decom-

posed into segments by using our proposed polyline estimation algorithm based

upon the remanent motion features f = [b1, b2, θ, φ]. Basically, each segment con-

tains only one type of camera motion and is represented by a line in the parameter

space. Kalman filter is employed to estimate the polyline of motion parameters

in a 4-dimensional feature space. To take into account the motion instability in

home videos, a polyline is modeled based on the integral of ft, i.e. Ft =
∑t

1 ft. To

better illustrate the idea, we use the feature integral of the parameter b1, shown

in Figure 5.1, as an example. Figure 5.1 depicts the situation of a static-to-pan
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t* t time

feature integral of b1

Figure 5.1: Polyline estimation.

transition. The variation of b1 integral along the time dimension is estimated as

a curve, and our task is to find two lines that best fit the curve and then detect

the transition point at t∗. Given a curve within a time interval, there always

exists a line such that the normalized distances of the points between the line

and curve are within a bounded error h. Assuming Gaussian noise, we can set

h = 2.5. In practice, due to the constant model assumption, we allow h ≤ 3. In

our algorithm, if the normalized distance at a point t (see Figure 5.1) exceeds h,

we backtrack to time t∗ to locate a transition point where the line crosses the

curve.

For efficiency and effectiveness, we employ Kalman filter for polyline estima-

tion in 4-dimensional space as follows

St+1 = ΦSt + wt

St+1 =

[

I O I
O I O

]

St + wt, (5.7)

and

Ft = HSt + vt ⇒ Ft = [ I O ]St + vt, (5.8)

where O is 4 × 4 zeros and I is 4 × 4 identity, St is 8 × 1 system state vector,
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wt ∼ N(0, Q) and vt ∼ N(0, R). The updates of Kalman filter include

Ŝ−
t+1 = ΦŜt

P−
t+1 = ΦPtΦ

T + Q

Kt+1 = P−
t+1H

T (HP−
t+1H

T + R)−1

Pt+1 = (I − Kt+1H)P−
t+1

Ŝt+1 = Ŝ−
t+1 + Kt+1(Ft+1 − HŜ−

t+1),

where P−
t+1 (Pt+1) is the priori (posteriori) estimate state error covariance, Ŝ−

t+1(Ŝt+1)

is the priori (posteriori) state estimate and Kt+1 is Kalman gain matrix. After

the time and measurement updates of Kalman filter, the normalized distance dt

is calculated as

d2
t = (Ft − HŜ−

t )T (HP−
t HT )−1(Ft − HŜ−

t ). (5.9)

Besides the main procedure described above, two additional processes, median

filtering and segment merging, are employed to tolerate shaking artifacts. The

preprocessing step uses a median filter to suppress the erratic camera motions.

The postprocessing step merges the adjacent short segments that are usually

generated by unstable camera motion. The whole procedure is shown in Figure

5.2.

Each partitioned segment is further characterized as either one of the following

types: static, pan or zoom, based on the six affine parameters. By taking into

account the duration and velocity of motion, each segment is further classified

as either: short static (Ss), long static (Ls), short pan (Sp), long pan (Lp), slow

zoom (Z), or fast pan or zoom (F ). A segment is classified as short static or pan

if its duration is less than one second. The reasons that we use different types of

motion will be clear in the next two sub-sections.

5.2.5 Snippet Boundary Detection

A finite state machine (FSM) as shown in Figure 5.3 is designed for snippet

boundary detection. The FSM has four states A, B, C, D. The states and the

transition between them are described as follows.
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Start

Median filter

Initialize Kalman filter

Compute normalized distance d

Time update
Measurement

update

End

d>hd<=h

segment merging

Backtrack t*

Zoom segment detection

Figure 5.2: Procedure of shot partition.

State-A describes the segments with long pan. The FSM transits into this

state if it encounters a long pan segment. Additionally short pan fragments

caused by noise are collected and united into the long pans in this state.

State-B characterizes the segments of “zoom-and-hold”, where the camera is

operated to focus on interesting objects.

State-C represents the snippet boundaries which consist of fast pan, fast zoom,

short pan or short static.

State-D refers to the segments of short duration that cannot be classified in

any other states. These segments are usually caused by camera shaking.

The advantages of using the FSM are twofold: i) the snippet boundaries can be

systematically located; ii) segments are characterized to facilitate the detection

of moving objects (state-A), removal of motion outliers (state-D), and browsing
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D

A

C

B

Ss|Sp

Lp

Ss

Lp|Sp

F

Lp

Z|Ls

Lp
F

Ss|Sp|F

Ls|Z

FSp

Z|Ls

Ss|Ls|Z

Init

Ss=short static      Ls=long static     Z=slow zoom
Sp=short pan        Lp=long pan        F=fast pan or zoom

Figure 5.3: Finite state machine for snippet detection.

Motion Type Key Frame Construction

static select the median frame
pan construct a panoramic image

zoom select largest and smallest scale frames

Table 5.1: Key frame representation.

of zoom-and-hold keyframes (state-B).

5.2.6 Keyframe Representation

Each snippet can consist of multiple segments, and for each segment, a keyframe

is selected or constructed as shown in Table 5.1. The moving objects will be au-

tomatically detected and tracked (Chapter 4) for snippets in state A, while key-

frames will be shown to represent the snippets with no object motion. This rep-

resentation allows users to manually select and label static patterns in keyframes.
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5.3 Pattern Matching by MWBG

We adopt an iterative optimization framework based on the maximum weighted

bipartite graph (MWBG) algorithm for pattern matching. Given a pattern P ,

a keyframe I and a similarity function F , the problem of pattern matching is

formulated as to find the best transformation T and a subimage I∗ of I which

satisfy

T, I∗ = arg maxF (T (P ), I∗). (5.10)

To solve Equation (5.10), P and I are first partitioned into small subimages: P =
⋃n

i=1 Pi and I =
⋃m

j=1 Ij. Based on those subimages, A weighted bipartite graph

G =< U, V, E > is then built, where U has n nodes, Ui=1···n, which corresponds

to Pi, and similarly, V has m nodes, Vi=1···m, which corresponds to Ij . Eij is the

edge connecting two nodes Ui and Vj. Let Wij as the weight on Eij and represent

the similarity between Pi and Ij, i.e., Wij = F (Pi, Ij). By employing MWBG

algorithm [41] to find the optimal matching edges M in G, Equation (5.10) can

be solved by a two-step iterative framework as

M (k) = arg max
M

∑

Eij∈M

F (T (k)(Pi), Ij) (5.11)

T (k+1) = arg min
T

∑

Eij∈M (k)

||T (xPi
) − yIj

||2, (5.12)

where M (k) and T (k) are respectively the optimal matching and transformation at

step k. xPi
and yIj

are the centers of subimage Pi and Ij respectively. To ensure

fast convergence, we encode both color and spatial constraints into the similarity

function F as

F (Pi, Ij) = ωH(Pi, Ij) + (1 − ω)S(Pi, Ij),

where 0 ≤ ω ≤ 1, function H is calculated by using histogram intersection

algorithm [42] upon two subimages Pi and Ij, and S is a similarity function

which takes into account the spatial relation between Pi and Ij . The further the

two subimages, the smaller the weight of their relation. Then a Gaussian-like
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function is used to calculate S as,

S(Pi, Ij) = e−
||xPi

−yIj
||2

δ ,

where δ is a distance threshold. Given the weight Wij of each edge Eij , MWBG

algorithm is employed to solve the Equation (5.11).

Denote X = {xPi
} and Y = {yIi

} where Eij ∈ M , and the transformation T

has parameters {b, R, v}, where b is zoom factor, R is the rotation matrix, and v

is the translation vector, then Equation (5.12) can be solved by using Procrustes

algorithm [43] as follows,

T = arg min
T

||Y − T (X)||2,

that is

{b, R, v} = arg min
{b,R,v}

||Y − bXR − 1kv
T ||2,

where 1k is k × 1 vector of ones, k is the cardinality of M . Then

v =
1

k
1T

k (Y − X). (5.13)

Translate X and Y to X ′ and Y ′ as

X ′ = CX, Y ′ = CY,

where

C = Ik −
1

k
(1k1

T
k ),

then

R = UV T (5.14)

b =
tr(Y ′T X ′R)

tr(X ′TX ′)
, (5.15)

where V DUT is the singular value decomposition (SVD) of Y ′X ′T , i.e. Y ′X ′T =

V DUT .
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5.4 Experiments

We use two home videos, “Hiking” and “Campus”, for experiments. “Hiking”

consists of 24,195 frames, while “Campus” has 39,373 frames. “Hiking” captures

the expedition of a couple in country sides, and “Campus” captures the daily life

of a group of students in campus. Both videos are suffered from shaking artifacts,

motion blurs and sharp illumination changes.

5.4.1 Snippet Boundary Detection

The shot detector in [1] is initially applied to partition the videos into shots. The

snippet boundary detector is then carried out for each detected shot. The ground-

truths of snippet boundaries are manually marked by human subjects. Table 5.2

shows the results of snippet detection. In overall, most snippet boundaries are

correctly detected. As seen in the table, the results on “Campus” are not as good

as “Hiking”. This is simply because the camcorder used in capturing “Campus”

is in low visual quality. In both videos, the false alarms and missed detections are

mainly caused by the errors in motion estimation due to low visual quality. To

show the performance of the proposed FSM (in Section 5.2.5), Table 5.2 gives the

results of state classification. In general, most segments in snippets are correctly

classified regardless of shaking artifacts caused by instable camera motion.

Figure 5.4 illustrates the result of snippet detection in 2nd shot of “Hiking”.

Figure 5.4(b) shows the zoom segment detected by the hysteresis thresholding

while Figure 5.4(a) shows the segments fitted by the Kalman polyline estima-

tor. Notice that the camera motion is unstable at the middle part of this shot.

Our algorithm, however, can still correctly predict and estimate the intention of

camera motion.

5.4.2 Pattern Parsing and Indexing

Figure 5.5(a)-(j) show some of the patterns that are automatically detected and

tracked in the snippets. Figures 5.5(a)-(d) are from “Hiking”, and (e)-(j) are
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Correct False Missed Prec Recall
“Hiking” 57 1 2 0.98 0.97
State-A 40 2 4 0.95 0.91
State-B 50 4 1 0.93 0.98

“Campus” 58 2 10 0.97 0.85
State-A 47 2 6 0.96 0.89
State-B 64 5 1 0.93 0.98

Table 5.2: Experimental results of snippet detection.

from “Campus”. Note that in Figure 5.5(c), the moving object is in small scale,

while in Figure 5.5(d) the frame is in low visual quality. Both situations are

correctly handled by our approach. Some objects are not detected because they

are classified to state-B due to slow object motions. Nevertheless, most of these

objects are correctly matched when MWBG is applied. Figures 5.6(a)-(d) show

four snippets which are found to have the similar pattern as in Figure 5.5(a) by

MWBG.

In Figures 5.5(k) and (l), we show two static patterns that are manually

labeled by a user. When MWBG is applied, the snippets with the same patterns

are correctly detected and indexed as shown in Figures 5.6(e)-(h). Notice that

in these four figures, the proposed MWGB can handle partial matching and the

patterns with different scales.

5.5 Summary

Searching personal memories in home videos is technically a challenging task.

Rather than watching an unedited and long-winded home video, a better option

is probably to “album” the personal videos with memorably symbolic items such

as time stamps [6], face [39] or memorable patterns. Our proposed approaches

provide a semi-automatic framework for the applications related to personalized

home video management. On one hand, the construction of table-of-snippets

facilitates content browsing, the detection of moving objects, and the labeling of

static patterns. On the other hand, the patterns can be utilized to organize both

the old and new videos by automatic pattern detection and parsing.
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Figure 5.4: Snippet detection in 2nd shot of “Hiking”. (a) Kalman estimation
of the integral of horizontal translation. (b) Detection of zoom segments by
hysteresis thresholding.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Figure 5.5: (a)-(j) Detected moving objects, (k)-(l) static patterns input by a
user.

(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 5.6: Detected patterns by MWBG: (a)-(d) by Figure 5.5(a), (e)-(f) by
Figure 5.5(k), (g)-(h) by Figure 5.5(l).
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CHAPTER 6

MOTION STABILIZATION

The chapter presents an approach for motion stabilization of home videos. The

novelty of our approach lies on the consideration of motions involved not only

the video camera, but also moving objects. This indeed leads to a novel selective

stabilization of the video objects where one can stabilize object with respect to ei-

ther the moving objects or background scene. In this chapter, object initialization

based on motion discrimination is firstly described for video object decomposi-

tion. A dual-mode Kalman filter is then proposed for selective stabilization.

6.1 Introduction

Content analysis of home videos has recently attracted numerous research atten-

tion due its commercial potential in providing automatic browsing, summariza-

tion and editing functionalities. Home videos, unlike professional edited videos,

are usually suffered from shaking artifacts caused by unskillful operations of cam-

corders, particularly when the holders are in motion or in moving vehicles. Tra-

ditional content-based video processing techniques such as keyframe construction

and scene transition detection that are effective for edited videos, may not be

appropriate for the analysis of home videos. The first fundamental step, perhaps

after the detection of shot boundaries, is how to effectively detect and stabilize

the shaking artifacts caused by irregular camera motion.

Video stabilization, in general, is a challenging task, in particular when there

are moving foreground objects. This chapter focuses on the techniques and al-

gorithms for effective stabilization. The efficient detection of shaking artifacts in

home videos can be found in [44]. To date, there are numerous stabilization al-

gorithms, but mostly with the assumption of static foreground which limits their
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utilization in home videos. In this chapter, we propose a unified framework for

video stabilization. The proposed framework is an integration of motion charac-

terization, EM algorithm and Kalman filter that allow us to intelligently select

starting frames for multiple moving object segmentation and camera motion sta-

bilization.

Most motion analysis techniques start to segment and track objects at the first

frame of an image sequence. In certain circumstances, manual initialization of

moving objects is also necessary. In home videos, nevertheless, this mechanism is

usually not appropriate since the first several frames in a sequence are always the

worst ones due to the mechanical or operational reasons. It is very likely to exist

some good frames, rather than the first frame, within a sequence that are suitable

for the initial segmentation and tracking. In this chapter, we propose an effective

motion characterization technique to rapidly locate the best possible positions

in a sequence for segmentation. Our technique is based on tensor representation

and robust clustering algorithm. The best possible initial frames are usually the

video frames where their optical flows can be unambiguously clustered into few

distinct moving groups.

Based on the results of motion characterization, segmentation is started tem-

porally forward and backward at the selected frames. The clusters found at these

frames are utilized to initialize the proposed EM algorithm. We modify the exist-

ing EM algorithm in [3] to fully exploit the temporal redundancy by initializing

the current membership of mixture models with the previous segmented clusters.

This, in general, lead to more reliable results, and most importantly, suitable for

home videos that are suffered from low visual quality. Finally, we propose a new

stabilization technique to estimate the best possible camera motion trajectory

out of the observed trajectory corrupted by irregular motion. Our technique is

formulated based upon Kalman filter. In contrast to the existing algorithms,

the proposed algorithm allows selective stabilization of either the camera or fore-

ground objects. Furthermore, the foreground constraints are also investigated to

stabilize the camera motion.
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6.1.1 Overview of Our Approach

Figure 6.1.1 illustrates the proposed unified framework for video stabilization.

Three major components of the framework are: motion characterization, seg-

mentation and stabilization. The goal of motion characterization is to temporally

locate the best possible initial positions in a sequence for segmentation. Basi-

cally, several temporal starting points with good initial conditions are obtained

by analyzing the optical flows in an 3D image volume. We adopt 3D structural

tensor representation for motion estimation due to its robustness and efficiency.

This representation allows each optical flow vector, computed over a 3D spatio-

temporal block, associated with a saliency measure. By incorporating the saliency

measures into motion clustering, the initial positions for segmentation are selected

based on the quality of clustering. The quality is determined in term of intra and

inter cluster distances.

Motion segmentation started at each selected initial position is carried out

progressively in a bi-directional fashion along the temporal dimension, by giving

the initial layers of support obtained from motion clustering. To accurately track

the moving objects, we adopt an EM algorithm for the simultaneous estimation

of multiple parametric motion models and their layers of support. The final

segmented layers are then utilized for video stabilization. In our framework, sta-

bilization is viewed as a process of correcting camera motion trajectory corrupted

by noise. A dual Kalman filter is employed for this purpose. The novelty of our

stabilization algorithm lies in the selective stabilization of either the background

or foreground motions. The derived foreground and background stabilizers are

integrated in a novel manner for effective stabilization.

6.2 Motion Characterization

In this section, we start with 3D structure tensor computation and representation.

The computed optical flows and their associated saliency (or fidelity) measures

are utilized directly for clustering.
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Figure 6.1: Overview of framework. (a) Motion Characterization; (b) Motion
Segmentation; (c) Motion Stabilization.

6.2.1 3D Tensor Representation1

Let I(x, y, t) be the space-time intensity of a point in an 3D image volume. As-

sume I(x, y, t) remains constant along a motion trajectory, a constraint condition

of optical flow can be derived as

dI

dt
=

∂I

∂x
u +

∂I

∂y
v +

∂I

∂t
= ǫ, (6.1)

where u and v represent the components of local spatial velocity, and ǫ is a

noise variable assumed to be independent, white and zero-mean Gaussian. Equa-

tion (6.1), more precisely, is the inner product of a homogeneous velocity vector

1Repeat this section for reading convenience.
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V and a spatio-temporal gradient ∇I, i.e.,

(∇I)TV = ǫ, (6.2)

where V = [u, v, 1]T and ∇I =
[

∂I
∂x

, ∂I
∂y

, ∂I
∂t

]T

. Equation (6.2) has been widely

applied in motion estimation algorithms. In particular, the noise term ǫ2 is

frequently used as a fidelity measure. Nevertheless, any fidelity measure that

involves only ǫ can not fully exploit the fact that the estimated local velocity in

a region with high intensity variability is more reliable than in a region with low

variability. To tackle this deficiency, we introduce a fidelity term based on 3D

tensor representation for robust estimation.

Under the assumption that the flows are constant over a 3D volume R, the

total sum of ǫ2 in R can be derived as

E =
∑

ǫ2 = V T

(

∑

x,y,t∈R

(∇I)(∇I)T

)

V. (6.3)

The central term is a symmetric tensor which represents the local structure of R

in space-time dimension. The tensor has the form

Γ =





Jxx Jxy Jxt

Jyx Jyy Jyt

Jtx Jty Jtt



 , (6.4)

where

Jmn =
∑

x, y, t∈R

∂I

∂m

∂I

∂n
m, n = x, y, t.

Given the tensor representation in Equation (6.4), the optical flow can be esti-

mated by minimizing the cost function E in Equation (6.3). The diagonal com-

ponents of a tensor which represent the intensity variation in spatio-temporal

coordinate can be exploited for fidelity measure. Thus, our proposed fidelity

term λ, which depicts the certainty of estimated optical flow in R, is defined as

λ = 1 − E

E + Jxx + Jyy

. (6.5)

The fidelity term has following favorable properties:
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• It is maximal for ideal flows, i.e., E = 0.

• It is minimal if no spatial intensity variation, i.e., Jxx + Jyy = 0.

• Its value is normalized in range [0, 1].

6.2.2 Motion Clustering

Given the flows {vi} and their fidelities {λi} at time t as described in Section 6.2.1,

the characteristic of motion is defined as how well these flows can be clustered

into several distinct groups. We adopt the following cost function for clustering

C(V, U) =

n
∑

i=1

g
∑

j=1

uijλi||vi − v̄j ||2, (6.6)

where n and g are, respectively, the number of flows and groups. V = {v̄j} and

v̄j is the weighted mean of vi in jth group. U = {uij} and uij is the membership

coefficient of vi. The coefficient uij = 1 if vi belongs to jth group and uij =

0 otherwise. To tolerate outlines, Equation (6.6) is solved jointly by k-means

clustering and robust estimator as follows

1. Choose an arbitrary initial estimate V0.

2. For each flow vi, determine the closest representative, say v̄j, and set uij =

1.

3. For each group j, calculate the weighted mean as

v̄′
j =

∑

i λivi
∑

i λi

∀iuij = 1.

4. For each group j, calculate its standard variance as

σj = 1.4826 × median||vi − v̄′
j || ∀iuij = 1.

5. For each group j, update the weighted mean as

v̄j =

∑

i λivi
∑

i λi

∀i{uij = 1 ∧ ||vi−v̄
′
j ||

σj
< c},
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where c = 2.5 is a parameter [32] to filter those vi that are regarded as

outliers.

6. Repeat steps 2-5 until no change in V .

As our goal is to temporally locate good initial positions for motion seg-

mentation, rather than detailed motion analysis, the number of group is set as

g = {2, 3, 4}. Based on the results of clustering, the characteristic of motion at

time t is defined as

M =

∑g−1
j=1 ||v̄j − v̄j+1||2
∑g

j=1 σ2
j

, (6.7)

which is expected to give large value if the underlying motion is well separated

into few distinct groups. The numerator term represents the variance between

groups, while the denominator term represents the variance within each group.

By Equation (6.7), several good initial temporal points can be found by sorting

M values. An apparent advantage of this approach is that the g and v̄j of the

selected initial locations can be passed as initial parameters for motion segmen-

tation described in the next section. In our case, the best g is chosen directly

based on Equation (6.7).

6.3 Motion Segmentation

The shaky artifacts in home videos are mostly due to irregular camera motion. To

remove these artifacts, an essential step is to estimate the trajectories of camera

motion. The estimation of camera motion, nevertheless, is not straightforward

due to the presence of moving foreground objects. Direct estimation without

foreground and background segmentation can normally lead to bias computation.

In this section, we adopt an EM framework, similar to the excellent works of

Sawhney & Ayer in [3], for simultaneous motion segmentation and parameter

estimation.

Given two adjacent frames, the frame at time t, the reference frame, is re-

garded as being generated by that at time t − 1 through a finite mixture of
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frames, each warped with its own motion model. Each intensity I(p, t) at pixel

p of reference frame can be viewed as arising from a super-population which is

the mixture of a finite number, say g, of populations Ĩ1, · · · , Ĩg in some unknown

proportions π1, · · · , πg, respectively, where

g
∑

i=1

πi = 1, πi ≥ 0, i = {1, · · · , g}.

Given the membership of the i th population Ĩi, the conditional probability density

function of intensity I(p, t) is assumed to be a normal distribution N(Ĩi(p, θi), σ
2
i ).

The parameters σ2
i and θi are, respectively, the i th model variance and i th motion

model. Ĩi(p, θi) is the corresponding intensity of frame at t − 1 as a function of

p and θi, i.e.,

f(I(pj); θi, σi) =
1√
2πσi

exp−r2
i (pj)

2σ2
i

, (6.8)

where ri(pj) = I(pj)−Ĩ(pj , θi) and {pj} denotes n observations I(p1), . . . , I(pn).

Let the vector Ψ = [ΠT , ΣT , ΘT ]T represents all unknown parameters, Π =

[π1, · · · , πg]
T , Σ = [σ1, · · · , σg]

T , Θ = [θi, · · · , θg]
T . The log likelihood function

can now be written as

L(Ψ) =

n
∑

j=1

log

(

g
∑

i=1

πif(I(pj); θi, σi)

)

. (6.9)

The solution to Equation (6.9) is usually obtained by maximizing through EM

algorithm. In the situation where initial population membership is absent, the

update of ownership, calculated in a way as [3, 35], is reasonable. In our case,

however, the ownership of a starting temporal location obtained from Section 6.2

is known2. Furthermore, the ownership of I(p, t) can always be estimated from

time t−1, warped using its own motion model. As a result, for each measurement

j, we introduce a g-dimensional vector of indicator variable zj = [z1j , · · · , zgj ]
T

as [35, p. 48], where

zij =

{

1, I(pj) ∈ Ĩi

0, I(pj) 6∈ Ĩi

.

2The parameters g and Ψ of the initial temporal location are known as a result of motion
clustering in Section 6.2.
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Let Zt and Zt−1 denote the populations of indicator variables at time t and t− 1

respectively. The initial membership indicator at time t can be warped from that

at time t − 1, i.e.,

Zt(pj) = Zt−1(w(pj, Θ)), (6.10)

where w(pj, Θ) represents the warped pixel at time t − 1.

Given the estimate of parameter vector Ψ and the initial ownership indicators

Z0, in each E-Step, the expectation of current indicators Zm can be estimated

as conditional expectation given indicators Zm−1 at the previous step. The ex-

pectation τij of current ownership zij at j th pixel location pj for i th population,

is given by

τij = E(zm
ij |I(pj), z

m−1
ij )

= pr(zm
ij = 1|I(pj), z

m−1
ij )

=
p(I(pj)|zm

ij = 1, zm−1
ij )p(zm

ij = 1|zm−1
ij )

p(I(pj)|zm−1
ij )

=
p(I(pj)|zm

ij = 1)p(zm
ij = 1|zm−1

ij )
∑g

k=1 p(I(pj)|zm
kj = 1)p(zm

kj = 1|zm−1
ij )

=
ρm

i f(pj, θi, σi)
∑g

k=1 ρm
k f(pj, θk, σk)

, (6.11)

where ρm
k = p(zm

kj = 1|zm−1
ij ), the initial distribution, ρ0

k, is defined by πk at the

starting temporal frame t0. The distribution ρk is a priori specified in accor-

dance with how reliable the ownership at the previous step is. One advantage of

Equation (6.11), from the practical point of view, is that the EM framework, in

contrast to typical membership update, is more stable. In a typical EM solution

like [3], a population Ĩi whose proportion is relatively small compared with other

populations Ĩj 6=i, is more likely to vanish after update (see Figure 6.7 for an il-

lustration). This is a common scenario particularly for some foreground objects

which occupy small regions in home videos.

As shown in [3], given the current population membership expectation τij , the
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maximum likelihood estimates of parameter Ψ, Ψ̂, satisfy the following equations:

π̂i =

n
∑

j=1

τij/n i = {1, · · · , g}, (6.12)

g
∑

i=1

n
∑

j=1

τij

∂ log f(I(pj); θi, σi)

∂σ̂i

= 0, (6.13)

g
∑

i=1

n
∑

j=1

τij

∂ log f(I(pj); θi, σi)

∂θ̂i

= 0. (6.14)

Before the next iterative step, the indicator variables are assigned as zij = 1,

if the expectation

τij > τkj, k = {1, · · · , g} ∧ k 6= i,

and 0 otherwise. It needs to be pointed out that the solution to Equation (6.14)

is not in direct linear form. In our approach, Gaussian-Newton algorithm is used

to solve this problem as in [3].

6.4 Video Stabilization

In a typical home video, there could be many annoying perturbations caused by

irregularities in camera motion. If the irregularities are regarded as the noise of

a motion trajectory, video stabilization can be viewed as a filter that estimates

the correct camera motion trajectory from the observed trajectory corrupted by

noise. Since the stabilized version of a camera trajectory is assumed to be smooth

in most cases, intuitively, a linear system such as Kalman filter can be utilized to

fit a trajectory.
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6.4.1 Kalman Filter

Given two adjacent frames at time t and t + 1, the affine motion model in this

interval is given by

[

xt+1

yt+1

]

=

[

a11 a12

a21 a22

] [

xt

yt

]

+

[

vx

vy

]

⇒ xt+1 = Atxt + vt, (6.15)

where At and vt are the motion parameters that are assumed to be constant

along the temporal dimension. The assumption is valid for camera motion with

low speed. Nevertheless, for the similar reasons as in [30, 45], we employ a linear,

rather than constant, dynamic system for the integral of object motion. This is

because a linear system is less noisy and easier to fit. The integrals of object

motion, regarded as dynamic system state, are written as

Bt =

{

AtBt−1, t > 1
A1 , t = 1

(6.16)

Tt =

{

AtTt−1 + Vt, t > 1
V1 , t = 1

, (6.17)

where Bt = [b11, b12; b21, b22] and Tt = [t1, t2]. The linear motion dynamic system

can be defined by

Xt+1 = ΦtXt + ωt, (6.18)

where

Xt = [b11, b21, b12, b22, t1, t2, a11, a21, a21, a22, v1, v2]
T

Φt =

















At 0 0 0 0 0
0 At 0 0 0 0
0 0 At 0 0 I
0 0 0 I 0 0
0 0 0 0 I 0
0 0 0 0 0 I

















,

where Xt is a dynamic system state vector, the former six terms are the integral

dynamic system parameters, while the latter six terms are the current motion
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parameters. Φt is a system transition matrix at time t, and I is an identity matrix.

The dynamic process noise ωt is a zero-mean, white sequence of covariance Qt.

If only the integrals of motion are assumed to be observed, our measurement

vector at time t is [b11, b21, b12, b22, t1, t2]. Hence the measurement equation is

formulated as follows

Zt = HtXt + ηt, (6.19)

where Ht is a measurement matrix defined by

Ht =





I 0 0 0 0 0
0 I 0 0 0 0
0 0 I 0 0 0



 ,

and ηt is a vector of random noise quantities, with zero mean and covariance

Rt, corrupting the measurement. The time update and measurement update are

given in the following equations:

• Time update equations

X̆−
t = ΦtX̆t−1

P̆−
t = ΦtP̆t−1Φ

T
t + Qt.

(6.20)

• Measurement update equations

Kt = P̆−
t HT

t (HtP̆
−
t HT

t + R)−1

X̆t = X̆−
t + Kt(Zt − HtX̆

−
t )

P̆t = (I − KtHt)P̆
−
t .

(6.21)

where P̆−
t (P̆t) is the priori (posteriori) estimate state error covariance, X̆−

t (X̆t) is

the priori (posteriori) state estimate, and Kt is Kalman gain matrix. To take into

account the future data for motion smoothing, we employ the forward-backward

Kalman filter [46] as follows:

Pt = ((P̆t)
−1 + (P̆ ′

t )
−1)−1

X̂t = Pt((P̆t)
−1X̆t + (P̆ ′

t )
−1X̆ ′

t),
(6.22)
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where Pt, P̆t, P̆ ′
t and X̂t, X̆t, X̆ ′

t are respectively the covariances and state vectors

based on the measurement of whole image sequence before and after time t.

6.4.2 Selective Stabilizers

From a photographer’s point of view, the irregular motions are usually refered

to the camera motions. This is why the traditional video stabilization methods

can also be regarded as camera stabilization, which take into account only the

camera motion. However, from a viewer’s point of view, any motion that causes

visual uncomfortableness can be viewed as irregular motions, which include not

only the camera but also the moving objects.

Selective stabilizers are proposed based on the motion segmention of both

the background and the foreground objects. One can select to stabilize either

the foreground or background. The dynamic and meansurement models of the

background are given by
{

Xb
t+1 = Φb

tX
b
t

Zb
t = Hb

t X
b
t

, (6.23)

while the models of foreground are defined as

{

Xf
t+1 = Φf

t X
f
t

Zf
t = Hf

t Xf
t

. (6.24)

Either the background (Equation 6.23) or foreground (Equation 6.24) can be

selectively stabilized by Kalman filer given in Equations 6.20, 6.21 and 6.22.

In certain circumstances, stabilizing the foreground objects would corrupt the

background motion, and vice versa. To obtain satisfactory video stabilization,

the balance between the foreground and background stabilization has to be in-

vestigated. The background state vector Xb
t and the foreground state vector Xf

t

have a linear relation as follows

Xb
t = FXf

t + G, (6.25)

where F and G are linear transform matrices that consist of the observation
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motions. The Equation 6.25 can be expanded as follows



































Bb
t =Bf

t

(

B̃f
t

)−1

B̃b
t

T b
t =T f

t − Bf
t

(

B̃f
k

)−1

(T̃ f
t − T̃ b

t )

Ab
t =Af

t

(

Ãf
k

)−1

Ãb
k

V b
t =V f

t − Af
t

(

Ãf
t

)−1

(Ṽ f
t − Ṽ b

t )

,

where [B̃f
t , T̃ f

t ], [Ãf
t , Ṽ

f
t ] and [B̃b

t , T̃
b
t ], [Ãb

t , Ṽ
b
t ] are the observation of integral and

current motion parameters of foreground and background objects respectively.

Given both the posteriori estimate of foreground and background state vec-

tors, denoted as X̂f
t and X̂b

k estimated from the models in Equation 6.24 and

6.23, we seek a further updated estimate, X̂b
t (+), in the linear form between X̂f

t

and X̂b
t . This estimate, solved in a similar fashion as in [46, pp. 158], is given in

the following equations:

P b
t (+) = ((P b

t )−1 + (FP f
t F T )−1)−1

X̂b
t (+) = P b

t (+)[(P b
t )−1X̂b

t + (FP f
t F T )−1FX̂f

t ],
(6.26)

where P b
t (+) is the posteriori estimate error covariance, updated by combining

the information of foreground movements. Equation 6.26 provides a combined

stabilizer which can stabilize both the foreground and background simultaneously.

This makes the visual effects of a video globally more stable than stabilization of

single visual contents.

6.5 Experiments

To demonstrate the effectiveness of our proposed approach, we use five home

videos captured by hand-held camcorders for testing. For each video, a dynamic

background mosaic at frame t is constructed by warping the mosaic at t − 1

towards the background scene of frame t. This is achieved based on the computed

motion parameters and background support layer of frame t. The stabilized frame

at t is then cropped by positioning the original frame t on the dynamic mosaic.
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Figure 6.2: Car tracking sequence. Top: original video frames. Bottom: stabilized
video frames.

Figure 6.3: Dynamic mosaic of car tracking sequence (see Figure 6.2).
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Figure 6.4: Motion clustering results: (b) at peak without robust estimation, (c)
at peak, (d) at 80th frame.

Figure 6.2 shows the first video and its stabilized video frames. In this se-

quence, a moving car is tracked by a hand-held camcorder. The dynamic mosaic

of the last frame is shown in Figure 6.3. Figure 6.4 shows the results of motion

characteristic. A characteristic curve generated by Equation (6.7) is shown. The

peak in this curve corresponds to the best initial frame which is selected as the

starting frame for motion segmentation. As seen in Figure 6.4(c), the motion

clusters at this frame is clearly separable. We also compare this result with the

result of motion clustering without robust estimation in Figure 6.4(b). The re-

sults at non-peak frame (80th) are shown in Figure 6.4(d). Clearly, there is no

distinct cluster boundary found in this frame and hence is not suitable for initial

segmentation.

Figure 6.5 (top row) shows the velocity components and affine parameter

(from Equation (6.15)) of the first video. They are quite noisy compared to their

integrals (from Equation (6.16) and Equation (6.17)) shown at the bottom row
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Figure 6.5: Results of stabilization. Top: Velocity components. Bottom: Corre-
sponding integrals. The final results are indicated by the curves (solid blue curve)
generated by the combined kalman filter.

with black solid curve. In this figure, the estimated camera motion trajectories

from the background, foreground and combined motion stabilizers are shown.

Notice that the trajectory produced by combined stabilizer is indeed more reliable

by integrating the constraints of foreground and background scenes.

The second video, walking human sequence, is a highly unsteady sequence.

Figure 6.6 shows the original frames, foreground motion layers, and their stabi-

lized frames. The stabilized sequence is reasonably good. In this sequence, two

initial starting frames are selected for segmentation and stabilization. Due to

space limitation, only part of the results are shown.

To show the superiority of our modified EM algorithm for motion segmenta-

tion, we compare our approach with the algorithm in [3]. Figure 6.7 illustrates

one example. It can be shown that as the foreground moving object getting

smaller, the EM algorithm in [3] is more likely to classify the homogeneous part

of the moving object as the background scene which occupies a larger region. Our

approach, in contrast, after incorporating Equation (6.10) and Equation (6.11)

to exploit temporal redundancy, can correctly segment the foreground moving

objects.
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Figure 6.6: Walking human sequence. Top: original frames. Middle: object
layers. Bottom: stabilized frames.

6.6 Summary

We have presented a new approach for home video stabilization, in particular

we take into account the effect of foreground moving objects. The novelty of

our approach lies on the utilization of motion characteristic in a sequence for the

selection of initial frames in segmentation. This indeed leads to a robust EM

based foreground and background segmentation algorithm that allows selective

stabilization. By integrating the constraints of background and foreground scenes

in the Kalman filter, we have further achieved more robust and stable results in

the estimation of camera motion trajectories.

Currently, our approach suffers from the problem of “incomplete scene”. A

stabilized video frame may have holes especially at the image border due to the

missing of scene information. Foreground moving objects may also encounter this

problem if a camera swings rapidly. Part of the problems could probably be solved

by image repairing techniques [47]. Because home videos usually suffer from
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Figure 6.7: Motor leaving sequence. Top: Original video frames. Middle: Sup-
port layers of foreground object by EM algorithm. Bottom: Support layers of
foreground object by our modified EM algorithm.

motion blur and lighting variation, effective construction of mosaics is another

challenging issue for video stabilization.
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CHAPTER 7

CONCLUSION AND FUTURE WORK

7.1 Conclusion

As more and more people have their own hand-held camcorders, home videos

emerge as new kind of “multimedia album” for people to capture and document

their daily lives with vivid visual contents. In this thesis, we have presented novel

approaches for automatic content parsing of home videos to support the effective

indexing and browsing of video content. In particular, two critical issues, video

object analysis (VOA) and content parsing (CP) are addressed.

Home videos, unlike professional edited videos, are domain unrestricted, lack

of story lines and long-winded. In addition, home videos also suffer from jit-

ter, motion blur and other shaking artifacts due to the unskillful operations of

camcorders by the amateur photographers. As a consequence, traditional VOA

tools are not suitable for the processing and analysis of home videos. To tackle

new challenges arisen from home video analysis, a new algorithm is proposed for

multiple object initialization. The initial observations of objects are efficiently

detected by motion discrimination analysis. Then the initial conditions of ob-

ject are effectively estimated by the Bayesian association of all the observations.

Based on the data association, the proposed approach selects the most appro-

priate seeds for multiple object initialization. In particular, the interaction of

multiple objects are effectively handled in the proposed approach. Experimental

results show that our approach performs satisfactorily for VOA applications and

can effectively handle several difficulties encountered in home video analysis.

For VOA, new object detection and tracking algorithms are developed. These

two approaches greatly facilitate the object indexing and browsing and lead to

compact representation of home videos. In object detection, the moving objects
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are automatically detected by EM motion segmentation. The novelty of our

algorithm lies on the support of effective object initialization, which makes the

layer estimation more robust and can largely suppress the aperture problem.

For object indexing, novel tracking algorithm based on meanshift iteration, is

exploited to rapidly track and index the objects in home videos. The proposed

object tracking algorithm, on one hand, can be regularly initialized and updated

by the estimated object conditions, while on the other hand, provides an effective

way to propagate the object conditions along the temporal direction.

In CP, we have considered the issue of temporal structural analysis of home

videos. Home videos are usually long-winded. A video shot is often in favor of long

shot and contains complex motions. To facilitate content analysis and parsing,

long shots need to be partitioned into coherently meaningful and smaller units,

namely snippets. We have proposed a robust approach for snippet detection based

on the analysis of camera trajectory, while taking into account the camera shaking

artifacts. Furthermore, a pattern matching algorithm based on graph analysis is

adopted for parsing static objects. Although the proposed object detection and

tracking algorithms perform well for CP, they do depend on the accuracy of object

motions. Large displacement or significant change of objects could cause problems

for the algorithms. The proposed pattern matching algorithm which is based on

maximum weighed bipartite graph matching, has the capability of finding the

optimal solutions and leads to effective pattern matching against severe object

degradation.

Finally, we have proposed a video stabilization algorithm for the selective

stabilization of video objects, including the camera and moving objects. Jerky

camera motion is a prominent characteristic of home video. For effective content

browsing, the shaking artifacts need to be removed. The proposed approach are

mainly based on the motion estimation of the moving objects and background

which is actually a by-product of VOA. In contrast to traditional algorithms

which can only stabilize videos with respect to dominant motion, the proposed

algorithm allows selective stabilization by representing videos as foreground and

background layers. Users can select an arbitrary layer as reference motion for
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video stabilization.

7.2 Future Work

7.2.1 Multiple Object Initialization

This thesis presents approaches for multiple object initialization and data associ-

ation. However, several aspects in this domain are still under study. For instance,

a seed is parameterized as a rectangle window. More precise representation can be

used to facilitate the accuracy of initialization (such as object contour). Further-

more, seed candidate detection can be improved by more precise motion model,

rather than the current translation model. The robustness of object initialization

can also be enhanced by considering not only motion feature, but also color and

texture features. In other words, by integrating motion, color and texture for the

modeling of seed fidelity, the result of seed estimation can be further improved.

7.2.2 Object Analysis

Object patterns are important visual contents in home videos. To automatically

detect objects, EM motion segmentation is applied. However, this approach

suffers from the aperture problem that several holes may probably appear inside

the object region during segmentation. The reason is that the pixels in an image is

assumed to be independent. The support of each pixel is only determined by the

motion models. The problem is expected to be largely suppressed if the spatial

constraints between the pixels are considered. Markov Random Field (MRF) may

be employed here to model the spatial relationship of pixels. Nevertheless, MRF

may bring heavy computation load to EM segmentation. In some cases, when the

efficiency is a critical factor, we can use a prior spatial distribution to model the

object pattern. This can lead to a MAP(maximum apriori probability) problem

which also can be solved by EM algorithm. The proposed object initialization

can be used to update the prior distribution.
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7.2.3 Event Analysis

Two kinds of events in home video can provide useful cues for video content

understanding. One of them involves camera operations which can reveal the

intention of a photographer. For example, a pan-zoom-and-hold camera operation

probably represents a user’s intention to search and find something interesting,

while zoom-and-pan movement is to capture a panorama view. Detecting these

events is useful for content understanding of videos. Since a video snippet can

represent a single movement of a camcorder, temporal constraints among the

snippets can be exploited for camera event detection. The other kind of events

includes the actions such as two persons shaking hands and someone getting in

a car. The recognition of these human activities is known as a difficult problem.

However, the motions of moving objects can probably provide significant cues

for this problem. Since these two kinds of events require the motion analysis of

both moving objects and camera, the proposed VOA techniques described in this

thesis can provide an important basis for the event analysis.
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