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ABSTRACT

Modeling Self-Occlusions/Disocclusions in Dynamic Shape

and Appearance Tracking for Obtaining Precise Shape

We present a method to determine the precise shape of a dynamic object from

video. This problem is fundamental to computer vision, and has a number of ap-

plications, for example, 3D video/cinema post-production, activity recognition and

augmented reality. Current tracking algorithms that determine precise shape can

be roughly divided into two categories: 1) Global statistics partitioning method-

s, where the shape of the object is determined by discriminating global image s-

tatistics, and 2) Joint shape and appearance matching methods, where a template

of the object from the previous frame is matched to the next image. The former

is limited in cases of complex object appearance and cluttered background, where

global statistics cannot distinguish between the object and background. The lat-

ter is able to cope with complex appearance and a cluttered background, but is

limited in cases of camera viewpoint change and object articulation, which induce

self-occlusions and self-disocclusions of the object of interest. The purpose of this

thesis is to model self-occlusion/disocclusion phenomena in a joint shape and ap-

pearance tracking framework. We derive a non-linear dynamic model of the object

shape and appearance taking into account occlusion phenomena, which is then used

to infer self-occlusions/disocclusions, shape and appearance of the object in a varia-

tional optimization framework. To ensure robustness to other unmodeled phenomena
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that are present in real-video sequences, the Kalman filter is used for appearance

updating. Experiments show that our method, which incorporates the modeling of

self-occlusion/disocclusion, increases the accuracy of shape estimation in situations of

viewpoint change and articulation, and out-performs current state-of-the-art methods

for shape tracking.



6

ACKNOWLEDGEMENTS

I am very grateful to my supervisor Prof. Ganesh Sundaramoorthi, a wonderful

mathematician, computer vision scientist and mentor. His computer vision modeling

course motivated me to work on this field. Through the thesis research, I formed

my own understanding about these problems from his ideas and suggestions, as well

as the inspiring discussions with him. Under his influence, I started to chase these

problems in my research life.

I would like to express my gratitude to my thesis committee members Prof. Helmut

Pottmann and Prof. Mohamed-Slim Alouini for their professional comments. And

thank my program coordinator Antonia Forshaw for her e�cient helps.

Within the two-year study at KAUST, I am indebted to many faculty members:

Prof. Xiangliang Zhang, Prof. Xin Gao, Prof. Ahmed Sultan, Prof. David Keyes,

Prof. Boon S. Ooi, Prof. Peter Wonka and so on, for their helps academically or

philosophically.

I also want to thank my KAUST friends Xin Zhao, Nulati Yesibolati, Wei Peng,

ChengCheng Tang, Han Liu, Youyi Zheng, Ling Shi, Xiang Sun, Zhaojin Lu, Y-

ongliang Yang, Dongming Yan, Xiaohong Jia, Jun Wang, Fuzhang Wu, Fawwad

Qureshi, Caigui Jiang, Weigang Li, Bingmu Xiao, Peng Zhan, Zhenbang Liu, Yong

Ren, Yaocai Bai, Dingding Ren, Shanran Tang, Xiaohui Deng, Yin Liang, Song Gao,

Omar Arif, Naeemullah Khan, Marei S. Algarni, Yang Liu, Jiaming Zhang, Lulu Liu

et al. for their accompanies, encouragements, and helps in my study.

Especially, I would like to give my parents Song Yang and Jinhua Yan a huge

thank for the life they give and their support with love.



7

TABLE OF CONTENTS

Examination Committee Approval 2

Copyright 3

Abstract 4

Acknowledgements 6

List of Abbreviations 9

List of Figures 10

1 Introduction 13

2 Background Knowledge 16

2.1 Level Set Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.2 Variational Optimization . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.2.1 A Class of Functionals . . . . . . . . . . . . . . . . . . . . . . 19

2.2.2 Euler-Lagrange Equation . . . . . . . . . . . . . . . . . . . . . 20

2.3 Optical Flow . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.4 Estimating Large Di↵eomorphic Deformations . . . . . . . . . . . . . 23

2.5 Fast Marching Method for Calculating the Distance Function . . . . . 24

2.6 Kalman Filter . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3 A Dynamic Model of the Projected 2D Object: Large Deformation,

Occlusion and Disocclusion 28

4 Estimating Shape, Appearance, Occlusions in Our Dynamic Model 31

4.1 Joint Estimation of Occlusions and Deformation . . . . . . . . . . . . 33

4.1.1 Energy Formulation . . . . . . . . . . . . . . . . . . . . . . . . 33

4.1.2 Minimization of Joint Energy Eo . . . . . . . . . . . . . . . . 35

4.2 Disocclusion Detection . . . . . . . . . . . . . . . . . . . . . . . . . 40



8

4.2.1 Energy Formulation of Disocclusion . . . . . . . . . . . . . . 42

4.2.2 Minimization of Ed . . . . . . . . . . . . . . . . . . . . . . . . 44

4.3 Filtering Appearance Across Frames for Long Term Tracking . . . . . 45

5 Experiments and Comparisions 47

6 Conclusion 56

References 58



9

LIST OF ABBREVIATIONS

AAE Adobe After E↵ects 2012

LDDMM Large Deformation Di↵eomorphic Metric

Mapping

LSM Level Set Method

ST Scribble Tracker



10

LIST OF FIGURES

2.1 One example of the the level set representation for a walking individu-

al. Upper image shows the values of the embedding function(distance

function), only defined in the four-pixel width narrow band centered

at the boundary. Constant area, whose value is from the initialization

step, in orange or cyan has value +1 and -1 respectively. Such a narrow

band is enough for us to perform evolution of the shape. Lower images

are the boundary of the object, i.e. the zero-level set(green curve) and

the binary mask. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.2 This figure shows the velocity field between two consecutive images in

the lady sequence, calculated using Conjugate Gradient Solver. The

color wheel indicates the direction of each velocity and the magnitude

up to a scale. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.3 This figure shows an example of the distance function for the fish,

where the zero level set is the boundary displayed in red in the left

image. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

3.1 Diagram of our dynamic model. Left: template (Rt, at) (gray

means undefined), right: image It+1. Occlusions Ot, disocclusions Dt+1

and its appearance at+1
d . The region at frame t+ 1 is Rt+1 (inside the

green contour), and the warp is wt, which is defined on Rt\Ot. The

curved black line is also (self)occlusion since the arm moves towards

the left. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30



11

4.1 Illustration of our algorithm for processing two consecutive

frames (a): Estimated appearance and shape (at, Rt) at time t, tar-

get image It+1. (b): Simultaneous estimation of warping and occlusion

( first: warped appearance at �wt, second: boundary of warped region

in It+1, third: warped occlusion wt(Ot) detected, fourth: warped ap-

pearance with occlusion removed at � wt(Rt\Ot), fifth: boundary of

wt(Rt\Ot)). (c): Disocclusion Dt+1 in It+1 determined from input

wt(Rt\Ot). (d): Final shape and appearance (at+1, Rt+1) in frame

It+1 (adding disocclusion Dt+1 to wt(Rt\Ot)). Shaded gray regions are

unknown(Rights for video being secured). . . . . . . . . . . . . . . . . 32

4.2 Occlusion estimation and warping. [Top to bottom]: Beginning

(⌧ = 0), intermediate, and final stages of evolution. [First column]:

appearance a⌧ , [second]: target image I and boundary of R⌧ , [third]:

velocity v⌧ , [fourth]: occlusion estimation O⌧ at time ⌧ . The final

occluded region (after smoothing and thresholding) is shown in Fig. 4.1. 39

4.3 Illustration of each region for disocclusion detection {0 < dR0 
"}, between the cyan and green curve, indicates the candidate region

for disocclusion D. R0 within the green curve is the warped region of

the occluded region of template. x is the current tested candidate pixel

for D. Br(x) is a box centered at x with edge length r. Br(x) \ R0

is the intersection of Br(x) and R0, use which we will construct the

foreground distribution pf , similar for Br(x) \ {dR0 > "}, in which we

can construct the background distribution pb. . . . . . . . . . . . . . 43

4.4 Illustration of disocclusion detection. left to right, top to bottom.

[First]: warped unoccluded appearance defined on R0 (after occlusion

and deformation computation), [second]: target image I, [third]: like-

lihood of disocclusion map p (defined in BR0(")), [fourth]: computed

disocclusion D (white), [fifth]: final appearance, and [sixth]: boundary

of final region super-imposed on I: shows accurate shape detection. . 44



12

5.1 Modeling Occlusions/Disocclusions is Necessary. [1st row]: the

occlusion/disocclusion detection are turned o↵ in proposed method.

[2nd]: occlusion modeling performed, but not disocclusions in our method.

[3rd]: disocclusions detected but not occlusions. [4th]: result of ST [1],

and [5th]: result of AAE [2] . [6th]: fully accurate tracking is achieved

when both occlusion and disocclusion modeling is performed (our final

result). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

5.2 Distinctive foreground/background global statistics. [Top]: ST

[1], [Middle]: AAE [2], [Bottom]: proposed method. When foreground/back-

ground global statistics are separable, ST [1], and AAE [2], for minor

occlusions, performs well. . . . . . . . . . . . . . . . . . . . . . . . . . 50

5.3 Lady Sequence : Occlusions and disocclusions, background/-

foreground not easily separable. [Top](red): ST [1], [Middle](pink):

AAE [2], [Bottom](green): proposed method. . . . . . . . . . . . . . . 51

5.4 Station Sequence : Occlusions and disocclusions, illumination

change, background/foreground not easily separable. [Top](red):

ST [1], [Middle](pink): AAE [2], [Bottom](green): proposed method. . 52

5.5 Hobbits Sequence : Occlusions and disocclusions, cluttered

background. [Top](red): ST [1], [Middle](pink): AAE [2], [Bot-

tom](green): proposed method. . . . . . . . . . . . . . . . . . . . . . 53

5.6 Marple(Man) Sequence : Scale change, occlusions and disoc-

clusions, cluttered background, occlusion from other objects

[Top](red): ST [1], [Middle](pink): AAE [2], [Bottom](green): pro-

posed method. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

5.7 This figure shows a quantitative assessment of the sensitivity of the

key parameters(i.e., thresholds �o for occlusion detection and �d for

disocclusion detection ) tested on four examples. Left:�o. Right: �d.

The Precision/Recall curves indicate that the parameters are robust to

a wide range of thresholds that result in high values of precision and

recall. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

5.8 Quantitative performance Average F-measure (over all frames) to

ground truth are shown. Larger F-measure means better performance. 55



13

Chapter 1

Introduction

The problem of tracking moving and deforming objects in digital videos has been a

topic of substantial research in the field of computer vision for a long time. Inspired by

many applications, where it is important to track precise shape of the object, for ex-

ample, entertainment( post-production of motion pictures )[3], activity recognition[4],

augmented reality[5], video communication and compression[6], a number of methods

have been proposed.

In order to track objects in the form of precise shape, many segmentation tech-

niques, for example, active contours [7], which are able to represent a wide variety of

shapes, have been proposed. Most of these methods [8],[9],[10],[11],[12],[13],[14],[15]

apply segmentation of global intensity statistics to extract object frame by frame

and achieve temporal coherence by simply using the result from previous frame as

the initialization for the next frame. Much work has been done on modeling the

dynamics of the motion of the object projected in the imaging plane [16],[17],[18],[19]

to improve these segmentation techniques by providing better initialization, which

can be obtained using prediction from the motion dynamics. To make more accurate

predictions of the object in the next frame, both the dynamics of motion(a finite di-

mensional group) and the dynamics of shape(infinite dimensional) have been modeled

in [20]. In [21] dynamics of shape is incorporated in an auto-regressive model, which is

constructed by training data. Training data is di�cult to obtain for near-field videos,
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where there is a significant variability that should be captured, for example clothing,

hair, etc. Minor amount of occlusion from other objects is handled in these methods

due to the prediction. However, the fundamental limitations of these methods still

remain unresolved since these methods build on segmentation by separating global

intensity statistics, which leads to over or under segmentation in cases of a cluttered

scene.

Since fully automatic segmentation for tracking is di�cult, many interactive meth-

ods have been developed in which a user can interactively correct the segmentation

via user input [22],[23],[2],[24]. Instead of using global statistics, [2] constructs local

classifiers based on local patches distributed on the boundary of the initial contour.

In [24], information from optical flow is integrated to incorporate temporal consisten-

cy. While these methods work well in many cases with interaction, less interaction

will increase dramatically when there exist self-occlusions/occlusion.

Rather than using global statistics to partition the image frame by frame for

tracking, appearance models which employ the stationary statistics have also been

applied to tracking, for example [25],[26],[27],[28],[29]. The obvious limitation of these

methods is the inability to provide precise shape, as they are box trackers. Attempts

have been made to track with more accurate shape, for example, in [30] the object

is captured by deforming an initial contour to a region within which the intensity

distribution matches a prior intensity distribution. As the spatial relations between

pixel intensities have been removed by using histograms, this representation may not

be adequate to describe the object for tracking.

Active appearance models [31] incorporate both shape and the appearance of the

object, but they are limited to parametric models obtained from training data, and

thus unable to represent the type of video that this thesis examines. Non-parametric

models of shape and appearance for matching are considered in the framework of

Large Deformation Di↵eomorphism(LDDMM) [32],[33] for dense registration in med-
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ical images. As the smooth restriction of the deformation is not true when dealing

with objects projected in the imaging plane where self-occlusion and self-disocclusion

happen due to viewpoint change and articulation, it can not be simply applied to

tracking. The deformation framework [34],[35]also employs joint models of shape and

appearance, but for both foreground and background, moreover, neither explicitly

model self-occlusions nor the induced discontinuities of the warp has been modeled.

We develop our method within the framework of modeling dynamic shape and

appearance. The major di↵erence from all such kind of methods is that we model

the self-occlusion and self-disocclusion explicitly during the propagation of the initial

template. Modeling occlusions between two consecutive images in optical flow [36]

has been studied for quite a while [37],[38],[39],[40],[41],[42],[43]. To the best of our

knowledge, this is the first attempt to incorporate self-occlusions estimation into

Large Deformation Di↵eomorphic Metric Mapping (LDDMM) framework [32]. The

purpose of this thesis is to construct a dynamic model of shape and appearance by

matching the template to the next image where self-occlusions and self-disocclusions

are explicitly modeled, and then apply it for tracking precise shape of the object.
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Chapter 2

Background Knowledge

In this chapter, we are going to give a brief introduction about all the techniques that

will be used in our model and algorithm. Here is the list of these techniques, roughly

arranged in the same order as how our method proceeds to accomplish the task of

precise shape tracking.

Level Set Method We will use level set to implicitly represent the shape(or

the contour) of the object in our algorithm, and employ the level set equation

to evolve the shape[44].

Variational Optimization In this section we will introduce a kind of func-

tionals for which we will also derive the Euler-Lagrange Equation. Then we can

use the Euler-Lagrange Equation to solve for the optimizer of the functional we

come up for estimating both occlusions and large deformation[45].

Optical Flow Optical flow provides a dense correspondence between two con-

secutive images. When we linearize our joint energy for estimating large defor-

mation and occlusion, it becomes similar to the formulation of optical flow [46]

. The optimization of the formulation of optical can be deduced from the Euler-

Lagrange Equation easily. We can then make use of it to solve the linearized

energy in our model.
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Large Deformation Di↵eomorphic Metric Mapping(LDDMM) Scheme

While Optical Flow can give us the dense correspondence under small deforma-

tion, LDDMM[32] scheme models the large di↵eomorphic mapping between two

images, which we will extend to model large deformation and occlusion jointly

by formulating a joint energy.

Fast Marching Method Here we describe an algorithm[47] to calculate the

distance function defined on the image plane, where the distance of a certain

point is the shortest Euclidean distance between this point and the points on a

prescribed curve. The distance function will be used to calculate the closeness

term in our algorithm for disocclusion detection.

Kalman Filter Given a linear, dynamic system with Gaussian noise we can use

the Kalman Filter [15] to infer the optimal underlying state of this system given

noisy observations. In this thesis, we apply ideas of the Kalman Filter to infer

the appearance of the object in order to combat other unmodeled phenomena

thus to improve robustness.

2.1 Level Set Method

The Level Set Method (LSM) is a numerically accurate technique for implicitly

modeling and representing shapes/curves c(t) in a domain ⌦ ⇢ R2(it also apply in

higher dimensions, but now we are dealing with 2-D images) by an embedding function

� : ⌦⇥ [0, T ] ! R :

c(t) = {x 2 ⌦ : �(x, t) = 0} (2.1)

where the embedding function is usually chosen as signed distance function(see sub-

section 2.5 for more details ), for numerical stability.

The advantages of the level set method include: First, the implicit representa-
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tion does not depend on specific parametrization of the curve, thus no control point

mechanics need to be modeled. Second, one can perform numerical computations in-

volving curve evolution on a fixed Cartesian grid by evolving the embedding function,

this allows for shapes to undergo topological changes such as splitting and merging,

without additional e↵orts. Figure 2.1 shows a level set representation of a walking

person.

Figure 2.1: One example of the the level set representation for a walking individual.
Upper image shows the values of the embedding function(distance function), only
defined in the four-pixel width narrow band centered at the boundary. Constant
area, whose value is from the initialization step, in orange or cyan has value +1 and
-1 respectively. Such a narrow band is enough for us to perform evolution of the
shape. Lower images are the boundary of the object, i.e. the zero-level set(green
curve) and the binary mask.

The evolution of the shape c(t) in the normal direction with velocity v can be

achieved by solving the following non-linear PDE of the embedding function:

@�

@t
= | r� | v ,�(x, 0) = �0(x) , x 2 @⌦ (2.2)

Note, considering the computational e�ciency, v is only defined on the curve, and
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thus in section 4.1, the velocity must be extended to the entire domain of the narrow

band representation showed in Figure 2.1. More details about this narrow band

representation and computation see reference [44].

2.2 Variational Optimization

A functional is the function defined on functions. It is a map from a function space

to the real numbers. Methods of the variational of calculus can be used to obtain

necessary conditions for the optimizer of the functional. This typically results in a

PDE called Euler-Lagrange Equation. This technique can be used to obtain optimiza-

tion PDE for our specific problems, e.g., the energy functional of our joint energy for

estimating occlusion and large deformation. See reference [45].

2.2.1 A Class of Functionals

In this section we introduce a class of functionals ⇠ : U ! R, where U indicates the

function space. We show how to derive the optimality conditions(i.e., Euler-Lagrange

Equation) for a general class of functionals defined as follows:

⇠(u) =

Z

⌦

F (u(x),ru(x), x)dx (2.3)

where ⌦ ⇢ R2 and F : R ⇥ R2 ⇥ R2 ! R. We will assume additional conditions for

the class U :

U = {u 2 C2(⌦,R) :
Z

⌦

| ru(x) |2 dx < 1,
@u

@n
(x) |x2@⌦= 0} (2.4)

Above, u 2 C2(⌦,R) means that all the second partial derivatives, for example:

ux1x1(x), ux1x2(x), ux2x1(x), ux2x2(x)
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exist and are continuous for every x 2 ⌦.

2.2.2 Euler-Lagrange Equation

We now derive the optimization PDEs for equation 2.3 , using variational calculus.

First, let’s define a critical point, which is a potential minimizer, then we will find the

critical point for equation 2.3 , which satisfies the Euler-Lagrange Equation. Finally

we will point out the requirement on function F , such that the critical point will be

a global minimizer.

Definition of critical point : Let ⇠ : U ! R be a functional and V be the space

of permissible perturbations of U . A function u 2 U is a critical point of ⇠ if:

d

dt
⇠(u+ tv) |t=0= 0, 8v 2 V (2.5)

We denote the left hand side as d⇠(u) · v hereafter, which is the directional derivative

of ⇠ at the function u in the direction v .

In order to get the critical point, we need to compute the directional derivative of

⇠, one can show using the Divergence Theorem and conditions of U that:

d⇠(u) · v =

Z

⌦

[F1(u(x),ru(x), x)� div(F2(u(x),ru(x), x))]v(x)dx (2.6)

with the assumption that v(x) = 0 for x 2 @⌦. Set the directional derivative to

zero by the definition of critical point, we get the Euler-Lagrange Equation that the

optimizer should satisfy :

8
>><

>>:

F1(u(x),ru(x), x)� div(F2(u(x),ru(x), x)) = 0 , x 2 ⌦\@⌦

@u

@n
(x) = 0 , x 2 @⌦

(2.7)

If we can solve for uo by solving the Euler-Lagrange Equation, we find a critical point
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of the functional ⇠. Furthermore, if we can prove that F is convex, then u will the

the global optimizer of ⇠. This is true for the F we used in our model.

2.3 Optical Flow

Optical Flow [46] is frequently used when we want to estimate a dense correspondence(pixel-

wise) between two images. The energy functional formulated there will fall into the

category we mentioned above, which is very similar to our linearized version of the

energy for jointly estimating occlusion and large deformation. And the the minimizer

can be obtained using the Euler-Lagrange Equation 2.7 , just by substituting F with

the specific function. Then we can use it, as the force term, to evolve the shape using

the level set equation 2.2 .

Suppose v : ⌦ ! R2 is a function of the pixel coordinate and the output is the

velocity/displacement related to this pixel, then v represents a dense correspondence

between two consecutive images I1, I2. We can solve for v by formulating an energy

functional:

⇠(v) =

Z

⌦

(I2(x)� I1(x)�rI1(x) · v(x))2dx+ ↵

Z

⌦

| rv(x) |2 dx (2.8)

where the first term is the data fitness term, and the second term is a regularity on

the velocity in order to combat the aperture problem. That is exactly what we have

if we write the function F of section 2.2 in the following format:



22

color wheel

velocity !eld

Figure 2.2: This figure shows the velocity field between two consecutive images in the
lady sequence, calculated using Conjugate Gradient Solver. The color wheel indicates
the direction of each velocity and the magnitude up to a scale.

F (v(x),rv(x), x) = (I2(x)� I1(x)�rI1(x) · v(x))2 + ↵ | rv(x) |2 (2.9)

Inserting it into the Euler-Lagrange Equation from section 2.2 , we have then the

Euler-Lagrange equation for the optimizer vo:

8
>><

>>:

[�↵4+rI1(x) ·rI1(x)]v(x)� [I2(x)� I1(x)]rI1(x) = 0 x 2 ⌦\@⌦

@v

@n
(x) = 0 x 2 @⌦

(2.10)

This Euler-Lagrange Equation can be e�ciently solved using a Conjugate Gradient

Solver. Figure 2.2 gives an intuition about how the velocity field looks like. Since

the momentum to drive the velocity is gradient, it is very easy for this method to

get stuck in local minimums especially when there exist large deformation. For more

details about optical flow, refer to reference [46].
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2.4 Estimating Large Di↵eomorphic Deformations

In the former section we described the Optical Flow method for estimating small de-

formation between two consecutive images. This method will fail if there exist large

deformation, for example, when the frame rate of camera is low or the changing speed

of the object is high. Recently, LDDMM (see reference [32]) method has been pro-

posed, driven by the demand to estimate large deformation on anatomical structures

in medical images.

The problem is about how to estimate the large di↵eomorphic mapping, an invert-

ible and smooth function that maps one di↵erentiable manifold to another, between

two images I0, I1 which are connected via the di↵eomorphic change of coordinates

'(x) = �T (x), �s(x) = x+

Z s

0

v⌧ (�⌧ (x))d⌧, (2.11)

I0 � '�1 = I1 (2.12)

where ' = �T is the endpoint of a curve �t, t 2 [0, T ], with �0 = Id, the identity

map. It only focuses on estimating smooth path for each pixel, which can achieve the

smallest registration energy:

argmin
v:�0

t=vt(�t)

Z T

0

k vt k2V dt+ k I0 � '�1 � I1 k2L2 (2.13)

with k vt kV a Sobolev norm, which is a combination of Lp norms of the function

itself and its derivatives up to a given order.

LDDMM has been widely used in medical images, where the large deformation

is the prominent part. But when we apply it to 2-D images that are projected by

3-D scene, it will fail due to occlusion, which can not be described by di↵eomorphic

mapping.
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One contribution of our work is to extent this method to joint estimation of large

deformation and occlusion by explicitly modeling occlusion under LDDMM scheme.

Thus we improve the accuracy of the estimation of large deformation and shape, since

we can figure out the occluded part from the template. Then we derive a linearized

version of this joint energy, which will be similar to the optical flow formulation above.

Coupled with our minimization scheme and the Euler-Lagrange Equation derived, we

come up with an e�cient sub-optimal minimization algorithm, which we show is

accurate.

2.5 Fast Marching Method for Calculating the Dis-

tance Function

Distance function which is defined on the whole image domain ⌦, indicating the short-

est distance of a point to a prescribed curve, will help us calculate the closeness term

in our estimation of the disocclusion. Now we will introduce an e�cient algorithm

called Fast Marching Method[47], to obtain it.

Figure 2.3: This figure shows an example of the distance function for the fish, where
the zero level set is the boundary displayed in red in the left image.

The idea is very simple. Assume that we already get the distance U(x) function

for the object, if we move distance � ⌧ 1 in the normal direction, then at the end

point the increased value of U(x) will also be �. Combined with the level set equation

2.2, it is clear that U(x) should satisfy | rU(x) |= 1, that is we can solve for the
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distance function by solving the eikonal equation PDE:

8
>><

>>:

| rU(x) |= 1 x 2 ⌦

U(x) = 0 x 2 S

(2.14)

where ⌦ is the image domain and S is the boundary of the object. If we calculate

the distance function by calculating the distances of a test point to all the points on

the curve and selecting the smallest distance, it will be very costly. So the intuition

is to propagate the initial curve c(0) outward/inward at unit velocity, then record the

arrival time t of the front for each point, which is exactly the distance. More details

see reference [47]. Figure 2.3 gives an example of the signed distance function of the

boundary of a fish.

2.6 Kalman Filter

In the last stage of our tracking procedure, we need to update the appearance of

our template in order to be adaptable to new information, which is important to

maintain robustness. The method derived here will be used for appearance updating.

To make it easy for reading, let’s forget shape, appearance, tracking, and all the

previous notations. At the end we will see what is Kalman Filter [15] and how it will

help us in updating the appearance.

Imagine a Markov random process with state and observation at time k denoted

as Xk ⇢ Rdim(X) and Ak ⇢ Rdim(A) respectively. Assuming the transition model and

observation model is:

8
>><

>>:

Xk = fk(Xk�1, nxk)

Ak = hk(Xk, nak)

(2.15)

where nxk and nak represent independent noise process. Denote A1:k = {Ai, i =
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1, 2, ..., k} as the set of observations we have up to time k, our goal is to get the most

probable underlying state X̂k at time k using observations A1:k. That is, we want to

maximize the posterior probability p(Xk | A1:k). Assume that we already have the

posterior p(Xk�1 | A1:k�1) from the former time instance k � 1. After doing some

probability calculation using Bayes Rules we will have the expression of the objective

posterior:

p(Xk | A1:k) =
p(Ak | Xk)p(Xk | A1:k�1)

p(Ak | A1:k�1)
(2.16)

where the denominator is a constant:

p(Ak | A1:k�1) =

Z
p(Ak | Xk)p(Xk | A1:k�1)dXk (2.17)

Equation 2.16 is very hard to maximize especially in high dimensional state space.

However, it will be very easy to maximize if posterior distribution is Gaussian at

every time, since the optimizer then is the mean of Gaussian , and we only need to

model the mean and covariance.

Kalman filtering is such a simplified version of Bayesian Inference, when the state

model and observation model is linear:

8
>><

>>:

Xk = FkXk�1 + nxk

Ak = HkXk + nak

(2.18)

where Fk and HK are known matrices, with the posterior p(Xk | A1:k) subjected to

Gaussian, while nxk, nak represent noise generated from Gaussian whose parameters

are know. If nxk and nak are statistically independent and both have zero means

and the covariance matrix are Nxk, Nak respectively, we can derive the following

recursive Kalman filter algorithm for inferring the state:



27

8
>>>>>><

>>>>>>:

p(Xk�1 | A1:k�1) = N(Xk�1,mk�1|k�1,⇥k�1|k�1)

p(Xk | A1:k�1) = N(Xk;mk|k�1,⇥k|k�1)

p(Xk | A1:k) = N(Xk;mk|k,⇥k|k)

(2.19)

where N(X,m,⇥) is Gaussian with meanm and covariance ⇥. If the first distribution

in equation 2.19 is known, we can use the linear model to derive the other two

distributions, by simply calculating their means and covariances:

8
>>>>>>>>>><

>>>>>>>>>>:

mk|k�1 = Fkmk�1|k�1

⇥k|k�1 = Nxk�1 + Fk⇥k�1|k�1F T
k

mk|k = mk|k�1 +Kk(Ak �Hkmk|k�1)

⇥k|k = ⇥k|k�1 �KkHk⇥k|k�1

(2.20)

in which the Kalman gain Kk is Kk = Pk|k�1HT
k S

�1
k and Sk = HkPk|k�1HT

k + Nak .

So mk|k in equation 2.20 should be the optimizer which will maximize the posterior

distribution.

Now transfer the focus to our tracking problem. The deformed appearance a0t�1

(see section 4.3) will be the term mk|k�1 in the third equation of equation 2.20, and

the appearance at in image It overlapped by a0t�1 will be the observation Ak.

We can simplify the third equation by assumingKk a constant andHk the identity,

then we will get the updated appearance, e.g. the optimal estimation of appearance,

as:

ât = a0t�1 +K(at � a0t�1) (2.21)

where K is chosen empirically. And this is exactly what we have in our appearance

updating model. There is a specific topic on filtering for tracking in reference [15].



28

Chapter 3

A Dynamic Model of the Projected

2D Object: Large Deformation,

Occlusion and Disocclusion

We will derive our dynamic model of shape and appearance of the projected 2D object,

which consists of explicit modeling of large deformation, occlusion and disocclusion.

To make it clear, occlusion and disocclusion will be limited to the meanings of self-

occlusion and self-disocclusion hereafter, even though it can be easily extended to

occlusion/disocclusion by other objects.

First let us consider the situation of projecting a 3D object to the 2D imaging

plane. We can not see the whole object from only one digital image, for example, if

we take a photo of the face of a person, we can not see the back of his head. And as

the person is walking, his hand may be occluded by his main body, his left leg may

be occluded by the right leg. These situations would not happen if we have all the

3D information about this person. But in the 2D projected imaging plane, we have

to deal with it, otherwise, in the context of template tracking, these situations will

make the original template less descriptive and more inaccurate.

On the other hand, suppose that the camera has a moderate frame rate, such
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that there exist a covisible region( the region can be seen in both consecutive images,

and the projections of this covisible region in two images are Rt, Rt+1 respectively

) between two images, which means that every pixel xt in the covisible region Rt of

the first image It will find a corresponding pixel xt+1 in the covisible region Rt+1 of

the second image It+1. This pixel-wise correspondence can be modeled by a defor-

mation/warp wt, such that xt+1 = wt(xt), xt 2 Rt ⇢ ⌦ ⇢ R2, ⌦ is the image plane.

This simple warp is enough to describe the dynamics of the object if the world is 2D,

which means nothing like the hand is occluded by the main body, or the back of the

head comes into view in the next image will happen.

Now, in 3D, it is clear that we should divide Rt into two parts Ot and Rt\Ot,

Ot represents the occlusion, which will not be seen in It+1, Rt\Ot represents the

covisible region with Ot removed, which can be validly warped to capture the covisible

part in It+1 by R0
t = wt(Rt\Ot). Then Rt+1 will consist of R0

t and Dt+1, such that

Rt+1 = R0
t [Dt+1, where Dt+1 represents the disocclusion, which will come into view

in It+1, but not in view in It. If the appearance of the object at time t is at : Rt ! Rk,

where k is the number of channels of the digital image, our dynamic model of shape,

appearance, occlusion and disocclusion will be summarized as (see Fig. 3.1 for details):

Rt+1 = wt(Rt\Ot) [Dt+1 (3.1)

at+1(x) =

8
>><

>>:

at(w
�1
t (x)) + ⌘t(x) x 2 wt(Rt\Ot)

adt+1(x) + ⌘t(x) x 2 Dt+1

(3.2)

where adt+1 : Dt+1 ! Rk is the appearance of the disoccluded region, since it doesn’t

exist in the original template, we can only obtain it from the image It+1, ⌘t(x) is

a noise process, modeling the derivation from intensity constancy assumption, e.g.

illumination change, camera noise, and wt maps points that are not occluded in Rt
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(Rt, at) (Rt+1, at+1)

Ot (ad
t+1, Dt+1)

wt

Figure 3.1: Diagram of our dynamic model. Left: template (Rt, at) (gray means
undefined), right: image It+1. Occlusions Ot, disocclusions Dt+1 and its appearance
at+1
d . The region at frame t + 1 is Rt+1 (inside the green contour), and the warp is

wt, which is defined on Rt\Ot. The curved black line is also (self)occlusion since the
arm moves towards the left.

to Rt+1 in the next frame (for ease in formulation and optimization, wt is extended

to all of Rt, even though it doesn’t physically exist in the occluded region; the final

estimate of wt will be independent of data in Ot - see Chapter 4 for more details.

Here for ease in understanding, wt is only defined on region Rt\Ot ). The warp wt is

a di↵eomorphism on the un-occluded region Rt\Ot, which is a transformation arising

from viewpoint change and 3D deformation.

Our tracking algorithm, with respect to this dynamic model, can then be

addressed as: First, we will estimate the occlusion Ot and large deformation wt jointly

by minimizing a joint energy functional. Second, we will warp the unoccluded region

and appearance to get an estimation(without disocclusion) of the object in the next

image It+1. In the end, we will detect disocclusion using the incomplete estimation,

and update the region and appearance in order to have the final estimation of region

Rt+1 and appearance at+1. Details about formulating the joint energy, detection of

disocclusion and updating appearance will be discussed in the next chapter.
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Chapter 4

Estimating Shape, Appearance,

Occlusions in Our Dynamic Model

Investigating the dynamic model we come up in Chapter 3, it is clear that we have

divided the information about an object into three parts:

the covisible information, inherits from the former template, which exists in

both the template and target image, such that they can be related by a valid

warping/mapping.

the occluded information, self-occluded or occluded by other objects, which

exists in the template but can not be inferred in the target image, thus we

need to clear it up in order to have an accurate estimation of the shape. It’s

important for improving the accuracy.

the disoccluded information, self-disocclusion or disocclusion from other objects,

the information about the object that comes in view in the target image but not

in the template, which needs to be adapted to our new template so as to give

a complete estimation of the object’s appearance and shape. It’s important for

improving the repeatability.
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In this chapter we will formulate two energy functionals. One is the joint energy

functional of both large deformation and occlusion. The other one is the energy of the

disocclusion. Algorithms for optimization are also given. Then we add a appearance

filtering to our template in order to make it robust for tracking.

template target disocclusion disocclusion added
(at, Rt) It+1 Dt+1 (at+1, Rt+1)

(a) Input (c) Section 4.2 (d) Section 4.3
warped template occlusion map occlusion removed
at � wt, wt(Rt) wt(Ot) wt(Rt\Ot)

(b) Section 4.1

Figure 4.1: Illustration of our algorithm for processing two consecutive
frames (a): Estimated appearance and shape (at, Rt) at time t, target image It+1.
(b): Simultaneous estimation of warping and occlusion ( first: warped appearance
at � wt, second: boundary of warped region in It+1, third: warped occlusion wt(Ot)
detected, fourth: warped appearance with occlusion removed at � wt(Rt\Ot), fifth:
boundary of wt(Rt\Ot)). (c): Disocclusion Dt+1 in It+1 determined from input
wt(Rt\Ot). (d): Final shape and appearance (at+1, Rt+1) in frame It+1 (adding disoc-
clusion Dt+1 to wt(Rt\Ot)). Shaded gray regions are unknown(Rights for video being
secured).

The whole procedure can be summarized in figure 4.1. A template (a0, R0) of the

object is given initially. Suppose we already have an estimation of the object (at, Rt)

at time t. Then our goal is to estimate (Rt+1, at+1) in It+1, given the estimation (at, Rt)
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and It+1. In Section 4.1, we formulate the joint energy for determining deformation

wt and occlusion Ot. In Section 4.2, we formulate another energy, given wt(Rt\Ot)

and It+1, to detect the disocclusion Dt+1 of the object. In Section 4.3, we integrate

all steps thus to make them into a sound precise shape tracking algorithm.

4.1 Joint Estimation of Occlusions and Deforma-

tion

As we have mentioned, the occlusion/self-occlusion is the information that exists in

the template {Rt, at} but can not be seen in the target image It+1. If we want to

build a correspondence or establish a warp compulsively between template {Rt, at}

and target imageIt+1 for all pixels of {Rt, at}, the warp then is hard to be accurate.

So the hint is that we can at most get an accurate estimation of the warp about the

covisible region which is the remaining part after occlusion/self-occlusion is removed.

However, by the definition of occlusion/self-occlusion, we can only verify occlusions

by asking whether or not a valid warp exists on this region. Hence, the only way to

get occlusion and deformation is to estimate them jointly.

In this section, we extend the framework of Large Deformation Di↵eomorphic

Metric Mapping(LDDMM), which is designed to compute a large di↵eomorphic reg-

istration between two images, to incorporate the occlusion estimation of the object

so that the registration is determined only by covisible region.

4.1.1 Energy Formulation

For clarity, we will demonstrate the joint problem again, and the subscript t, indicat-

ing time, will be omitted hereafter for ease of notations. The whole image domain is

⌦ ⇢ R2. Template Region: R ⇢ ⌦ Template Appearance: a : R ! Rk Target Image:

I : ⌦ ! Rk. We want to estimate the occluded part of the Template Region R and
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the warp w defined on R\O such that: I(x) = a(w�1(x)) + ⌘(x) for x 2 w(R\O), ⌘

is a noise model.

The warp w is a di↵eomorphic mapping defined on the unoccluded region R\O.

For simplicity of the formulation and e�ciency of the numerical optimization, we

”define” it on the whole region R in the sense that the warp w on the occluded region

is the extension from region R\O. Thus we can have an identical penalization of the

warp, e�cient for computation, and guarantee that the warp estimated, with only

the information from region R\O, is accurate enough.

Following LDDMM to estimate a large di↵eomorphic mapping, w is the integration

of a smooth time varying velocity field:

w(x) = �T (x), �s(x) = x+

Z s

0

v⌧ (�⌧ (x))d⌧, (4.1)

where x 2 R, T > 0, v⌧ : R⌧ ! R2 is a velocity field (defined on R⌧ = {�⌧ (x) :

x 2 R}), and �⌧ is defined on R for every ⌧ 2 [0, T ]. The map �⌧ is such that �⌧ (x)

indicates the mapping of x after it flows along the velocity field for time ⌧ , which is

an artificial time parameter.

We formulate the energy (to be optimized in O,w):

Eo(O,w | I, a, R) =

Z

R\O
|I(x)� a(w�1(x))|2Wdx+

↵

Z 1

0

Z

R⌧

|rv⌧ (x)|2dxd⌧ + �oArea(O) (4.2)

Regularization of w is needed due to the aperture ambiguity, and regularization on

velocity v⌧ ensures smoothness of w. The penalty on occlusion area is needed to avoid

trivial solution O = R. Given a moderate frame rate of the camera, it is realistic

to assume that the occlusion is small in area compared to the object. The norm

| · |W = |W · | where W > 0 denotes a spatially varying weight function (designed
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to be robust to minor localized illumination change, specular reflections, and other

disturbances). One example of the weights function W (x) can be:

W (x) = 1.0� pa(I(x)) (4.3)

where pa is a local distribution of the the template appearance a at pixel x.

4.1.2 Minimization of Joint Energy E
o

Taking into consideration the computational cost and the easiness for implementation,

we come up with an alternatively iterative minimization algorithm, which minimizes

the joint energy Eo approximately.

Before we write down the whole optimization scheme, let’s consider a valid lin-

earization of the energy Eo , under the assumption that the deformation of the object

is significantly small, for example:

k w(x)� x k = k �T (x)� x k = k
Z T

0

v⌧ (�⌧ (x))d⌧ k < ", 8x 2 R\O (4.4)

where " > 0 and small enough. Such that we can approximate the di↵eomorphic

mapping w(x) as:

w(x) = x+ v(x), x 2 R\O (4.5)

Insert equation 4.5 into joint energy Eo and use Taylor expansion as v(x) is

small, we get the valid linearization of Eo :

Ēo(O, v | I, a, R) =

Z

R\O
|I(x)� a(x)�ra(x) · v(x)|2Wdx

+ ↵

Z

R

|rv(x)|2dx+ �oArea(O) (4.6)
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Note that the velocity v(x) calculated here is opposite to the actual motion of this

pixel x.

The optimizer of the linearized energy Ēo can be achieved using an alternative

optimization method. The arguments will be:

1. Suppose now that we have an initial guess about the occluded region O, and

what we need to calculate is the estimation of the warp, then equation 4.6 will

degenerate to the optical flow problem mentioned in background knowledge.

Similarly we can derive the Euler-Lagrange equations for this one-side problem:

�↵�v(x) =

8
>><

>>:

F (x)ra(x) x 2 R\O

0 x 2 O

,
@v

@n
= 0 (4.7)

F (x) = W (x)(I(x)� a(x)�ra(x) · v(x)) (4.8)

Equation 4.7 can be solved e�ciently using a conjugate gradient solver.

2. If the initial guess about the occluded region O is not accurate, then we need

to update the estimation of O, depending on the estimated warp. Employing

the definition that occlusion is the part which can not be found in I(x) via a

valid warp v(x) and the measure of occlusion O should be sparse and spatially

regular, imposing by the last term of equation 4.6 , we can get the estimation

for O via a thresholding operation:

O = {x 2 R : (G� ⇤ F 2)(x) > �o} (4.9)

where G� is a Gaussian filter, which controls the spatial regularity of the esti-

mation of O. Now the interpretation of �o is obvious in the sense that smaller

�o will prefer the optimizer O , of Eo , with larger area.
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If we choose � of the Gaussian filter to be zero, then we will get the global

minimizer. For example, we have N pixels, and we want to assign each of them

to one of the first or third term in equation 4.6 such that we get the least cost.

The cost will be F 2(x) or �o if we assign pixel x to the first term or third term

respectively. So the optimal rule will be:

assignment(x) = {Is F 2(x) > �o ? Y es, term 3; No, term 1}

This is exactly what we have in equation 4.9 .

We summarize the algorithm to minimize the linearized energy Ēo as

follows:

1). Initialization:

v(x) = 0; 8x 2 R;O = ;

2). Minimize Ēo with respect to v by solving the Euler-Lagrange equation 4.7

using a conjugate gradient solver.

3). Minimize Ēo with respect to O using Equation 4.9 while keeping v the esti-

mation from step 2) .

4). Repeat step 2) and step 3) until the energy Ēo is converged.

Now it is the right time to solve for the unlinearized joint energy Eo 4.2 . A

full optimization for Eo with constraints 4.1 will result in a high dimensional PDE

which is nonlinear and has a lot of local minimas. Considering the computational

speed, we suggest to extent the optimization scheme developed for the linearization

energy Ēo to unlinearized joint energy Eo.

Suppose that we have some intermediate images {I", I2", ...}, with " a small time

measure, between the template {R, a} and the target image I . We can apply the
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algorithm for linearized energy Ēo between the template {R, a} and image I" , I2",

... until I, gradually, if ✏ is small enough, and keep updating the template. So

we will have a series of intermediate updated templates, simply by subtracting the

occluded region Ok" and deforming Rk✏\Ok" using warp wk✏ , to get both the region

and appearance {Rk✏, ak✏}, k = 1, 2, ... . When k = 1/✏ , we will get exactly the

optimized occlusion O(the union of all O0
k"s ) of energy Eo and the optimal warp w

by integrating the intermediate v0s .

Unfortunately we can’t have access to these intermediate images, but this gives

us some hint to perform an approximate minimization scheme. That is , we can

approximate the aforementioned intermediate images all using image I, and do the

same iterative procedure as if we have the right intermediate images, with the dif-

ference that we have to normalize the v0s (e.g. divided by the maximum of v ) such

that the velocity field satisfy the condition 4.5 . Since we make the best choice

at each iteration, it can be guaranteed to reach a good estimation, at least a local

minimum of the joint energy Eo. As be proved by our experiments, the approximate

optimization algorithm we derived leads to a good optimizer as we expected, such

that we can use it to solve the precise shape tracking problem when the image is s-

mooth enough, while demanding a relatively low computational cost. We will further

demonstrate the advantages of our approximate algorithm in the experiment section.

Following is the brief scheme of our approximate algorithm to solve for

the optimizers O and w of the original joint energy Eo :

1). Initialization: k = 0 , Rk(x) = R(x) , ak(x) = a(x) , ��1
k (x) = x

�k(x) = dist(x), x 2 R , where dist(x) is the distance function we showed in

Fig 2.1.
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Figure 4.2: Occlusion estimation and warping. [Top to bottom]: Beginning
(⌧ = 0), intermediate, and final stages of evolution. [First column]: appearance a⌧ ,
[second]: target image I and boundary of R⌧ , [third]: velocity v⌧ , [fourth]: occlusion
estimation O⌧ at time ⌧ . The final occluded region (after smoothing and thresholding)
is shown in Fig. 4.1.
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2). Ok = ; , vk = 0 , Solve for Ok , vk via :

argmin
Ok,vk

Ēo(Ok, vk | I, ak, Rk) (4.10)

3). Update Rk , ak , ��1
k , �k via the follwing PDE’s :

8
>>>>>>>>>><

>>>>>>>>>>:

@�k(x) = r�k(x) · vk(x), x 2 B2(@Rk)

Rk = {x : �k(x) < 0}

@��1
k (x) = r��1

k (x) · vk(x), x 2 Rk

ak(x) = ak � ��1
k (x), x 2 Rk

(4.11)

where B2(@Rk) = {x 2 ⌦ : d@Rk
(x)  2} , d@Rk

is the distance function to the

boundary of Rk, and the vk of x, new pixels included after updating Rk, is the

extended value from the nearest neighbors. Notice here we do not exclude the

occlusion Ok because we use I as approximation so that Ok may not be the

finally converged estimation.

4). k = k + 1, go back to step 2), repeat it until the joint energy Eo is converged.

5). Exclude the final estimation of occlusion O using the cumulative warp w(x) =

�N(x) . N is the largest iteration number.

Fig 4.2 shows the iterative minimization procedure of our approximate algorithm.

Note that, we only calculate W (x) when the energy is converged in order to save

computation time, otherwise it will be an identity function.

4.2 Disocclusion Detection

This section will address how to compute disocclusion D ⇢ ⌦ in target image I of the

warped co-visible region R0 = w(R\O) determined at the end of the previous section.
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By the property, disocclusion is a part of the object of interest, which is in view in

the target image but not in the template. So, intuitively, if we compute a inverse warp

from the target image to the template, we can detect the disocclusion as occlusion

using the former technique.

But this is not so easy as what we sense in the first time. One problem will

be the significant discontinuity of the warp between the object and the background,

caused by di↵erent scene depth, this will demand a sophisticated regularizer and a

more complex optimization algorithm, which will introduce wrong estimation of the

occlusions. And, even if we can get the correct estimation of warp and occlusions, we

still need to distinguish them between occlusion of the object of interest and occlusion

of the cluttered background, thus we need some prior assumptions to perform this

verification.

In this point of view, computing the backward warp is just a preprocess to provide

candidate regions of disocclusion, with the cost of extremely huge computations. So

we decide to directly run into the prior verification procedure, therefore we come up

with the following three assumptions about disocclusion:

There exist some self-similarities between the warped template R0 = w(R\O)

and the disocclusion D. For example, intensity similarity, texture similarity, all

in all, the similarity between certain features.

The disocclusion will be spatially close to the warped template R0 = w(R\O) .

If the frame rate of the camera is moderate, then the disocclusion will be small

in area compared to the object.

Then the detection process can be inverted to an optimization problem over the

candidate region of D, given these assumptions.
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4.2.1 Energy Formulation of Disocclusion

By the third assumption we can choose a band around the warped template R0 with

suitable bandwidth, e.g. the band consists of all the pixels outside R0 with distance

dR0(x) (the distance function can be easily calculated using the Fast Marching Method

mentioned in section 2.5) to the boundary @R0 less than a constant " . In 4.3 ,

it is represented by the band between the cyan curve and the green curve labeled as

{0 < dR0  "} .

Note, as we want to show the capability of our method to deal with large defor-

mation and occlusion jointly, so we just pick frame 130 as template image and frame

210 as target image such that the deformation is large. That is why here we choose

a wide band which may be ”contradictory” to our third assumption. On the other

hand, this demonstrates the advantage of our method to deal with significantly large

disocclusion.

Assume that we have a probability map p(x), x 2 {x : 0 < dR0(x)  "}which

incorporates the self-similarity measure and spatial closeness to the boundary @R0 .

Then the optimization problem for disocclusion D can be formulated as:

Ed(D | I, a0, R0) = �
Z

D

p(x)dx+ �dArea(D) , D ⇢ {x : 0 < dR0(x)  "} (4.12)

where �d is a positive number which puts penalty on the area of disocclusion, and a0

is the appearance define on the warped unoccluded region R0 .
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Figure 4.3: Illustration of each region for disocclusion detection {0 < dR0 
"}, between the cyan and green curve, indicates the candidate region for disocclusion
D. R0 within the green curve is the warped region of the occluded region of template.
x is the current tested candidate pixel for D. Br(x) is a box centered at x with edge
length r. Br(x)\R0 is the intersection of Br(x) and R0, use which we will construct the
foreground distribution pf , similar for Br(x) \ {dR0 > "}, in which we can construct
the background distribution pb.

Now we will give one example about how to calculate p(x) . Recall Figure 4.3,

we denotes x as one candidate pixel in the band {x : 0 < dR0(x)  "} and Br(x) is

the square neighborhood of x which consists of the surrounded region by dashed line

segments in Figure 4.3 with edge length r .

To compute p(x) we need some information from the object/foreground and the

background, represented by Br(x) \ R0 and Br(x) \ {dR0 > "} respectively in Figure

4.3 . Then we can write p(x) as:

p(x) / exph �dR0(x)2

2�2
d

+ pf (I(x))� pb(I(x)) i (4.13)

where pf (x) is a local density estimation of the intensities from object/foreground

regionBr(x)\R0 and pb(x) is the counterpart estimated using region Br(x)\{dR0 > "}.

Of course we accept other similarity measures due to the flexibility of our framework.

And this simple instance of the similarity measure is good enough to perform all the

experiments that displayed in this thesis.
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4.2.2 Minimization of E
d

Using the same argument we have in subsection 4.1.2 for the minimization of lin-

earized energy Ēo of the joint energy Eo , in which we want to minimize the energy

solely on the occluded area, we can derive the following optimal rule to get the min-

imizer of the disoccluded region from the candidate area {x : 0 < dR0(x)  "}, that

is:

D = {x : 0 < dR0(x)  " , G� ⇤ p(x) > �d} (4.14)

Figure 4.4: Illustration of disocclusion detection. left to right, top to bottom.
[First]: warped unoccluded appearance defined on R0 (after occlusion and deforma-
tion computation), [second]: target image I, [third]: likelihood of disocclusion map p
(defined in BR0(")), [fourth]: computed disocclusion D (white), [fifth]: final appear-
ance, and [sixth]: boundary of final region super-imposed on I: shows accurate shape
detection.
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If � = 0, we will also have the global minimizer, the reason for a Gaussian smoothing

is to maintain the spatial regularity of the disoccluded area. Figure 4.4 shows an

example of p(x) and the detected disocclusion using the optimal rule above.

4.3 Filtering Appearance Across Frames for Long

Term Tracking

In this section we will integrate our methods of joint occlusion/deformation estima-

tion and disocclusion estimation into the framework of joint modeling of shape and

appearance for tracking the precise shape of an object by adding a filtering of the

appearance after the disocclusion detection, which will also make the tracking algo-

rithm robust to unknown phenomena, for example the inconsistency of the intensities

and noise.

Give image sequence It, t = 1, 2, 3, ..., N and initial template {R0, a0} , R0 2 ⌦, a0 :

R0 ! Rk, we summarize the whole tracking process as:

1. Initialization: t = 1, R0, a0

2. Estimate warp wt and occlusion Ot by minimizing joint energy Eo :

{wt, Ot} = argmin
wt,Ot

Eo(Ot, wt | It, at�1, Rt�1) (4.15)

Then we can get the warped region and appearance with occlusion Ot removed:

R0
t = wt(Rt�1\Ot); a0t(x) = at�1 · w�1

t (x) , x 2 R0
t (4.16)

3. Detect disoccluded region Dt by minimize Ed :

Dt = argmin
Dt

Ed(Dt | It, a0t, R0
t) (4.17)
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Update region :

Rt = R0
t [Dt (4.18)

4. Then the appearance is updated as :

at(x) =

8
>><

>>:

(1�Ka)a0t(x) +KaIt(x) x 2 R0
t

It(x) x 2 Dt

(4.19)

where Ka 2 [0, 1] is the Kalman gain.

5. t = t+ 1 , if t < N go back to Step 2, otherwise, stop.

The Kalman filtering, which is actually a Luenberger-type observer, ( More details

see section 2.6 ) of the warped appearance and the current image in equation 4.19

combats modeling noise ⌘ in equation 3.2. In practice, Ka is chosen large if image

appearance is reliable (e.g., no specularities, illumination change, noise, or any other

deviations from brightness constancy), and small otherwise. See Figure 4.4 for the

updated appearance and region of the example we used in the last section.



47

Chapter 5

Experiments and Comparisions

In this chapter, we verify our method on a variety of videos which embody su�cient

amount of occlusions and disocclusions. All videos in our experiment have over 100

frames.

We will also provide the results from two most recent methods. One is Adobe

After E↵ects 2012 (AAE)(see reference [2] ), which jointly models the shape and

appearance locally without explicitly model the occlusion and disocclusion. Namely

they have a bunch of local patches distributed on the boundary of the object, and

model the shape and appearance within each patch, then they try to find the match

of every patch in the target image, and finally they extract the shape of the object

from all shape segments in the local patches.

The other method is Scribble Tracker (ST)( see reference [1] ), which employs

global statistics in addition to other advanced techniques.

Out-performance with respect to both methods shows the advantages of explicitly

modeling occlusions/disocclusions for the joint model of shape and appearance.

Before we go through the results, let’s make two measures about the performance

of the algorithm clear. One measure is Precision, the other one is Recall:

Precision : Pa =
|R \G|
|R| Recall : Pr =

|R \G|
|G| (5.1)
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where R is the estimated region , G is the region of groundtruth, and |.| means the

area measure. Sometimes, an algorithm can obtain high accuracy by just tracking a

small portion of the object, on the other hand, it can also reach high repeatability by

tracking a large portion of the image, while including a lot of wrong estimations. So

single use of the measures, accuracy or repeatability, is not capable to evaluate the

performance of an algorithm. Thus we introduce F measure, which is defined as:

F =
2PaPr

Pa + Pr

(5.2)

if an algorithm can achieve both high accuracy and repeatability, then it will have a

high F measure.

Parameters are chosen as follows (unless specified otherwise): � = 5 in equation

4.9 and equation 4.14, �d = 100 in the likelihood p in equation 4.13, the band

thickness for the domain of p is " = 30, and the radius of Br in pf (x) and pb(x) is

r = 3" (i.e., a 6"⇥6" window). The threshold for the occlusion stage is �o = Resmin+

0.3 ⇥ (Resmax � Resmin) where Resmax (Resmin) denotes the maximum (minimum)

value of smoothed residual. The threshold for the disocclusion stage is �d = 0.5 when

p is normalized between 0 and 1. The gain in the appearance update equation 4.19

is Ka = 0.8.

In Figure 5.1 we show the importance of modeling occlusion and disocclusion.

First row shows us the results from the template tracking algorithm without mod-

eling of occlusion and disocclusion. We see that the region shrinks quickly, due to

viewpoint change and illumination change, and some background be captured in the

region of occlusion. Second row shows the results by adding only occlusion model

to the template tracking algorithm, we see that the accuracy of the estimation is

improved, by excluding occlusion, but the repeatability is still low. Third row by

adding disocclusion only, the repeatability increased, since no occlusion modeling,

the accuracy is low. The last three rows shows the results from AAE[2], ST[1], and



49

the proposed algoritm respectively. We see that, in the sixth row, there is a big im-

provement by modeling both occlusion and disocclusion compared to the first three

rows. Since occlusion and disocclusion are not modeled in AAE and ST, they will

include some background when the background is cluttered. However, the proposed

method can deal with these situations easily and accurately.

Figure 5.1: Modeling Occlusions/Disocclusions is Necessary. [1st row]: the
occlusion/disocclusion detection are turned o↵ in proposed method. [2nd]: occlusion
modeling performed, but not disocclusions in our method. [3rd]: disocclusions de-
tected but not occlusions. [4th]: result of ST [1], and [5th]: result of AAE [2] . [6th]:
fully accurate tracking is achieved when both occlusion and disocclusion modeling is
performed (our final result).
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Figure 5.2: Distinctive foreground/background global statistics. [Top]: ST
[1], [Middle]: AAE [2], [Bottom]: proposed method. When foreground/background
global statistics are separable, ST [1], and AAE [2], for minor occlusions, performs
well.

Figure 5.2 shows the results of tracking a fish and a skater. When foreground and

background statistics are easily separable, ST [1] performs well, when occlusions are

minor AAE [2] performs well. The proposed method performs well in both situations.

Figure 5.3 shows an example where significant occlusions and disocclusions hap-

pen. And the foreground/background statistics are less discriminative, e.g. the pants

of the lady and the tire are all black, such that the number of scribbles in [1] will

decrease drastically, and the appearance model in [2] will not be able to distinguish

the foreground from the background. Since the proposed method is a joint model of
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Figure 5.3: Lady Sequence : Occlusions and disocclusions, background/-
foreground not easily separable. [Top](red): ST [1], [Middle](pink): AAE [2],
[Bottom](green): proposed method.

shape and appearance with explicit modeling of occlusion and disocclusion, it will be

robust to these cases.

Figure 5.4 shows that the proposed method is able to deal with occlusion/disoc-

clusion, as well as certain amount of illumination change. For example, the shadow

on the back.

Figure 5.5 shows a video where the individual undergoes a significant view point

change, as well as the accompanying occlusion and disocclusion. Since the statistics

of the main body is di↵erent from most of the background, both AAE and ST can

capture it. But they will miss the head(or the pants), since it’s less discriminative,
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Figure 5.4: Station Sequence : Occlusions and disocclusions, illumination
change, background/foreground not easily separable. [Top](red): ST [1],
[Middle](pink): AAE [2], [Bottom](green): proposed method.
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Figure 5.5: Hobbits Sequence : Occlusions and disocclusions, cluttered
background. [Top](red): ST [1], [Middle](pink): AAE [2], [Bottom](green): pro-
posed method.

while AAE will keep capturing some background, for the head in the first few frames

is similar to the background. The proposed method performs better due to the

modeling of occlusion/disocclusion, which can enhance the advantages of joint shape

and appearance model.

Figure 5.6 presents an example where there is occlusion/disocclusion cause by

other objects, which states the potential of the proposed method to be extended to

more complex situations where self-occlusion/disocclusion and occlusion/disocclusion

from other objects can happen, more precisely, the proposed method can be extended

to track multi-objects.
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Figure 5.6: Marple(Man) Sequence : Scale change, occlusions and disocclu-
sions, cluttered background, occlusion from other objects [Top](red): ST [1],
[Middle](pink): AAE [2], [Bottom](green): proposed method.

Figure 5.7 shows the Precision/Recall curves for two key parameters, i.e., the

thresholds �o and �d for occlusion and disocclusion. We have created these curves

by varying �o ,�d within the range [0, 1] . It indicates that the parameters are highly

robust in these examples. For quantified performance in F measure, see table 5.8.
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Figure 5.7: This figure shows a quantitative assessment of the sensitivity of the key
parameters(i.e., thresholds �o for occlusion detection and �d for disocclusion detection
) tested on four examples. Left:�o. Right: �d. The Precision/Recall curves indicate
that the parameters are robust to a wide range of thresholds that result in high values
of precision and recall.

Sequence Scribbles [1] Adobe E↵ects 2012 [2] Ours

Library 0.8926 0.9193 0.9654
Fish 0.9293 0.9513 0.9792
Skater 0.8884 0.6993 0.9086
Lady 0.2986 0.8243 0.9508
Station 0.5367 0.8258 0.9216
Hobbit 0.7312 0.5884 0.9335
Marple 0.6942 0.8013 0.9186

Figure 5.8: Quantitative performance Average F-measure (over all frames) to
ground truth are shown. Larger F-measure means better performance.
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Chapter 6

Conclusion

In this thesis, we proposed a tracking algorithm aiming at precise shape by coming

up with a dynamic model of shape and appearance, where we explicitly model self-

occlusions and self-disocclusions. The method applies to complex object appearance

and cluttered background, especially when the objects undergo large deformation,

as well as occlusion and disocclusion due to viewpoint change and articulation. To

solve for shape and appearance, we formulated two energy functionals, and developed

e�cient optimization algorithms to solve for the quantities.

We demonstrate that modeling self-occlusions and self-disocclusions is vital for

dynamic shape and appearance tracking, especially when precise shape of the object

is desired. We have tested our method on complex videos, and shown our method

is able to precisely determine the shape of the object of interest. Both the visual

comparison and the quantitative evaluation show that our method achieve the state-

of-the-art performance.

To our best knowledge, this is the first attempt to explicitly model self-occlusions

and self-disocclusions in dynamic shape and appearance tracking framework.

Future work will include extending the occlusions to fully model occlusions by

other objects, which has to be addressed in order to apply our method to more

general situations. It will also be interesting to develop a filtering procedure on the

parameters used in our model, in order to make the tuning of parameters easier.
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Similarly, to deal with full disocclusions or disocclusions that can not be captured by

appearance similarity, more priors to deal with disocclusions should be exploited.
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