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The ubiquitous presence of cameras and camera networks netas develop-
ment of robust visual analytics algorithms. As the building blok of many video
surveillance tasks, a robust visual tracking algorithm plays anmportant role in
achieving the goal of automatic and robust surveillance. In der to maintain a
persistent tracking of objects, it is critical to know when and \were the track-
ing algorithm fails so that remedial measures can be taken toswme tracking.
However, most present evaluation methods are ogg-line and basad manually
labeled ground truth data. Online evaluation methods in theabsence of ground
truth are of urgent need. We propose a novel performance evation strategy for
tracking systems based on particle Iter using a time-reversed Nkov chain. The
posterior density of the time-reversed chain is computed andéhdistance between
the prior density used to initialize the tracking algorithm ard the time-reversed
posterior density function forms the decision statistic for evaation. This back-
ward tracking-based performance evaluation strategy is alsemeral enough to be
applied to many other tracking algorithms.

In this dissertation, we also present a new bidirectional trackp strategy to



achieve better performance. Instead of looking only forwarad the time domain,
we incorporate both forward and backward processing of videcames using a
time-reversibility constraint. This leads to a new minimizaton criterion that
combines the forward and backward similarity functions andhe distances of the
state vectors between the forward and backward states of theaitker. The bidi-
rectional track strategy signi cantly improves tracking robustness and accuracy.
We illustrate the improvements due to the proposed approach rfdhe popular
KLT tracker and a search-based tracker.

Some objects of interest in surveillance applications likedas have relatively
stable structures, which allows us to build parameterized shaprodels to local-
ize the objects more precisely. There are some widely used aitpons for model
alignment; however, most of them su er from the problem of cormrging to lo-
cal extrema when used in practice. In this dissertation, we pragea machine
learning method to learn a scoring function without local exema to guide the
gradient descent/accent algorithm and nd the optimal paraneters of the shape
model. The method is called Boosted Ranking Model (BRM). By aanging the
training samples in some special structure, we feed them pairwisgo the rank
training algorithm and learn a strong ranking function from apool of weak fea-
tures. Theoretically, this method can learn a function with &bitrarily few local
extrema as long as the training samples are dense and the repneéaton ability
of the features are good enough. The extensive experimentabkults show that

our proposed algorithm, BRM, outperforms existing algorithra.
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Chapter 1

Introduction

Computer vision, as a scienti ¢ discipline, has been actively stlied since the
late 1970s when computers could process large amount of datach as images or
videos. In general, the ultimate goal of computer vision is toesign and imple-
ment arti cial vision system that can process images like humanisual systems.
At its current stage, computer vision still remains as a colleain of diverse studies
motivated by various applications. In this sense, it lacks a umersal formulation
and existing methods are often very task speci c and seldom can heneralized
to a wide range of applications. Although humans can perceivéé information
contained in the 3D world and 2D images without much e ort, itis nontrivial for
computers to achieve the same level of performance. Researshgave already
presented many intelligent algorithms to solve a diverse set ofgblems in com-
puter vision, however, most of them experience di culties whe used in the real
world, limiting their usefulness. Therefore, it is critical tomake computer vision
algorithms perform robustly in real environments.

In this dissertation, we investigated three vision tasks: visual &cking, perfor-
mance evaluation for visual tracking algorithms and the modalignment problem,

especially for face alignment. In the following, we providelarief summary of these



Chapter 1. Introduction

problems and present motivations for the work reported in tls dissertation.

1.1 Visual Tracking

In recent times, the need for visual surveillance and automateprocessing of
surveillance information has become important. Further, systns employing a
large number of cameras are becoming increasingly common; &xample, an
average casino has between 2000 and 3000 surveillance camespsuring data
all the time; in Britain, there are about 4.2 million CCTV cameras. Usually only
a small team of security personnel are available to monitor theameras in video
surveillance systems. This poses immense challenges to the persbmm paying
attention to every camera and react quickly to all the emergeies. To overcome
the disadvantages of human-monitored surveillance, computeision technologies
have been applied to enable computers to process data and igie€ appropriate
actions.

The main purpose of visual tracking is to consistently and autontigally locate
objects or other features of interest in video or image sequesc Visual tracking
is one of the core technologies used in automatic video suriailce. It estimates
the motion of objects for further analysis, such as camera positiing control, ac-
tivity analysis, abnormality detection, object identi cati on and recognition. The
importance of robust and accurate tracking can not be overstatl in surveillance

applications.



1.1 Visual Tracking

1.1.1 Challenges

Currently there are lots of tracking algorithms and systems deloped by re-
searchers; however, in translating the laboratory solutions tm commercial sys-
tems, most of the algorithms encounter unexpected failure mesl in practice and
performance is far below the expectation. There are many facs that could make
tracking algorithms fail in practice. While it is di cult to list all of these factors,
we present some of the most common challenges one faces whilegdasl robust

trackers:

Ambiguous Appearance information. Because the image formatios a map-
ping from 3D to 2D, we can only see the projection of part of thebgect at a
given time. Therefore, for a moving 3D object, its appearaedn image depends
on its pose and position with respect to the camera. Variations iappearance as
the object moves contributes to track failures. Mostly, all tie available informa-
tion about appearance comes from the initialization step ohe system, either
manually extracted or from some detection algorithms. This itialization con-
tains the appearance information only about part of the obj. Other factors
causing appearance variation include shadows, lighting vatians, clothing, etc.
These degradations are usually unexpected and hard to be inporated into

the object models in the system.

The object dynamics is nonlinear and complex in practical sysins. As it is
hard to specify an accurate model for general object motionparoximations

in the speci cation of model could introduce unwanted uncedinties in the

3



Chapter 1. Introduction

system. The accumulated uncertainties could eventually makae tracker drift
away. Therefore, the visual tracking problem can be viewed a ill-posed

inverse perception problem.

Occlusions may happen often in the visual system, where the distasurfaces
are obscured by closer ones. This is a common challenge for akiag system

and also a major reason that causes the loss of track.

Due to the projection from 3D world to 2D image plane, the defbtinformation
of the objects and the background has been lost during the imag process.
Hence, the background objects and clutter are very \close" tohe objects of

interest on image plane, which can easily cause distractions tioet trackers.

Image measurements are corrupted by noise and blur. In a statiptacal visual
system with high quality cameras, this problem may not be a big issybut in
other applications involving infrared cameras or airborneameras, this would
be a very important problem. To increase the noise variance imé¢ model could

make the tracking algorithm easily diverge.

1.1.2  Online Performance Evaluation for Visual Tracking Al gorithms

Although many sophisticated algorithms exist for tracking, edt of them has fail-

ure modes or scenarios when the performance will be poor. Tgally, this will
happen when the data (the frames of the video) does not obeyetimodeling as-

sumptions. Most algorithms fail to track a target (or targets) through crowded

environments, in urban clutter or when changes in illuminatn and self-occlusion

4



1.1 Visual Tracking

are present. This often leads to a loss of track and a ects the germance of sub-
sequent stages of processing. Instead of designing advanced dlyos to avoid
all possible failure modes, which is almost impossible in practioee handle this
problem by detecting the tracking failures rst and then re-nitializing the system
to continue the tracking. In this context, performance evalation plays an im-
portant role in practical visual tracking systems. However, exigig performance
evaluation algorithms concentrate on o -line statistical conparisons with manu-
ally created ground truth data. While comparison with groundtruth can inform
which tracking algorithm has better overall performance om speci ¢ sequence, it
does not extend gracefully for testing on new sequences withadditional ground
truth. In the absence of ground truth, o -line performance ewluation can not help
to detect the loss of track and/or improve the robustness of tr&ing systems.

To monitor how well a tracker is working, online evaluation bperformance is
desired. Here, online means that the evaluation is automatigyithout use of any
ground truth, and that it is also an online and causal evaluatio method. Hence,
we can re-initialize the tracker procedure right after thedilure is detected. In
this way, even a poorly designed tracking algorithm can hanelicomplex scenarios
and achieve reasonably good overall tracking performance. Wwhver, this is a very
challenging task and has received limited attention.

We propose an online performance evaluation method by constting a time-
reversed Markov chain and continue the reverse tracking to thstarting point

where the tracker was initialized[]99]. Estimates obtainedftr reversed tracking
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are then compared to the initial and forward tracking estimags to infer the track-
ing performance at the current time. The proposed evaluatioalgorithm is more
exible and can be applied to almost all existing tracking algothms. By inte-
grating this online performance evaluation strategy with tle tracking algorithms,

we can maintain a persistent tracking of objects over a long tienperiod.

1.1.3 Tracking Algorithms using the Time-Reversibility Co nstraint

The robustness and accuracy of tracking algorithms are very portant. In some
applications, even small error in tracking can lead to bad redsl For example, in
structure from motion algorithms, the performance of the strutire reconstruction
is directly dependent on the accuracy of feature points detted by some feature
tracking algorithms, since the reconstruction is an ill-posedrpblem and very
sensitive to errors in establishing the point correspondences.

Since all the targets/feature points to be tracked are macrospic solid ob-
jects in the physical world and the physical laws of classical ntemics are time-
symmetric, the motion of the objects should be time-reversihlevhich means that
the time-reversed process satis es the same dynamical equaticas well as the
original process. From the information perspective, if the treker can not go
back to the previous state, it often implies there is informabn leak during the
tracking procedure; on the contrary, a perfect tracker liklhuman eyes can always
be expected to give the correct status of objects no matter if uses forward or
backward tracking.

However, most of the existing tracking algorithms only look favard in the

6



1.2 Model Alignment

time domain instead of looking bidirectionally during trackng. Instead of just
looking forward in the time domain, we simultaneously perfornboth forward
and backward tracking using the time-reversibility constrain The bidirectional
tracker reduces the possibility of the tracker getting stuck iHocal minima and

signi cantly improves the tracking robustness and accuracy.

1.2 Model Alignment

In some situations, people are more interested in detailed conmamt positions
of the object in the image other than an overall rough locatim This detailed
information about the object makes it easier for many high-iel analysis tasks,
like face recognition, expression recognition, activity regnition, etc. To localize
the detailed component of a general object is very hard, buf the interested
object has a relatively stable shape, we can learn a paramesil shape model to
represent various shapes belonging to the same category. Modiginment is to
deform this parametrized shape model to best t the image instare.

Face alignment/ tting is one of the most studied model alignmat problems
in computer vision, where a face model needs to be deformed tatoh the image
of a face, so that the natural facial features are aligned witthe model. The
dramatic variations of facial appearance due to shape, poskumination, expres-
sion, occlusions, and image resolution make this a challengingpplem. Due to
its importance in a wide range of applications, there is a sizibliterature on face

alignment. The Active Shape Model (ASM)[[19] is one of the earlgpproaches
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that attempts to t the data with a model that can deform in way s consistent
with a training set. The Active Appearance Model (AAM) [5] [18] is apopu-
lar extension of the ASM. Boosted Appearance Model (BAM) [62] is acently
proposed method to handle face alignment problem in a di er¢framework.

In general, since model alignment algorithms need to nd thedst solutions
in usually very high-dimensional spaces, they often experienttee local extrema
problem in practice. There are many sophisticated techniquesoposed to handle
the local extrema problem for a given objective function, kduthese algorithms
are mostly focused on how to avoid getting stuck in local extremaThese kind
of strategies make the search procedure for the global extrem#re and more
complicated. In this dissertation, we propose a novel approath handle the local
extrema problem, by learning a local-extrema-free objewt function whose global
extrema can be easily found by the basic gradient accent/destegorithm. This
is achieved by carefully arranging the training samples befofeeding them into

the modi ed classi ers.

1.3 Key Contributions

Computer vision research is a highly cross-disciplinary eld, tersecting with
many other related elds, like machine learning, signal prossing, mathematics,
control, physics, neurobiology, etc. In this dissertation, wealelop robust visual
tracking algorithm and an online performance evaluation mbkod by using the

notion of time-reversibility. We also developed a novel traing method to learn
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a local-extrema-free score function for model alignment gostems. The details of

the key contributions are as follows:

We investigate the seldom used property of object motion - timeewversibility -
in visual tracking systems. Like another widely used regulariziain term called
smoothness constraint in computer vision problems, using the tirreversibility

constraint could help vision algorithms to be more robust in pretice.

Speci cally, we provide an online performance evaluationlgorithm for visual
tracking systems in the absence of ground truth data. This stratgy is based on
the idea of time-reversal and can automatically detect tragikg failures. Online
performance evaluation makes it possible for tracking algtinms to detect fail-
ures soon after they occur and take actions to recover from tb® failures. In
this way, the algorithms are able to maintain a consistent trdang performance

over a long period. This idea works with most tracking algoritms.

To further improve the robustness and accuracy of tracking atgithms, a new
bi-directional Kanade-Lucas-Tomasi (KLT) for tracking algaithms using the
time-reversibility constraint is proposed. We show signi cant mprovements
over the original KLT tracker in the experiments. This bidirectional tracking

strategy is promissing enough to be generalized to other trackj algorithms.

A training method based on rank learning is proposed to learn adal-extrema-
free score function. Many computer vision problems boil dowrotoptimization

problems. Gradient descent/accent algorithms are widely usddr such prob-



Chapter 1. Introduction

lems, but they easily get stuck in the local extrema. With the prposed strategy,
we can dramatically reduce the local extrema of the object mation. We illus-
trate the success of the proposed algorithm on model alignmenoblems in this
dissertation. It is promising to use this idea to handle other visn problems

that need to deal with the problem of local extrema.

1.4 Dissertation Outline

The rest of this dissertation is organized as below:

In Chapter 2, we brie y review various visual tracking algorihms and describe
three representative algorithms used in our experiments, natgestochastic visual
tracking based on patrticle lters [44][110], Kanade-Lucaséimasi (KLT) feature
tracker [64] [89] and the mean-shift tracker [16[ [17].

Chapter 3 presents the work on online performance evaluatidor visual track-
ing algorithms. We review prior work on performance evaluain in related do-
mains and propose our strategy for this problem in detail. Extesive experiments
are performed to show the e ectiveness of the proposed algormth Other helpful
discussions on various issues and extensions to di erent trackimdgorithms can
also be found in this chapter.

Chapter 4 addresses the idea on bi-directional tracking usinge time-reversibility
constraint. The main experiments are done using the KLT featar tracking algo-
rithm. We compare the bidirectional KLT tracker developed mder the proposed

framework and the original KLT tracker in di erent situation s. Preliminary ex-
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1.4 Dissertation Outline

tension of this idea to large object tracking is also discussed.

In Chapter 5, we review some widely used model alignment algbms in-
cluding ASM, AAM and BAM algorithms. These algorithms provide the lasis
for many model alignment algorithms. We describe these algdrihs in detail
and analyze the advantages and de ciencies of these algorith and then propose
a novel training strategy to learn a local-extrema-free scorinction for model
alignment. We use face alignment to illustrate the e ectivengs of this training
idea. Comprehensive comparisons to the state-of-art algorithare conducted and
the results show the superiority of the proposed strategy.

Finally, some conclusions and suggestions for future researchedtions are

summarized in Chapter 6.

11



Chapter 2

Background on Visual Tracking and Time

Reversibility

Over the last two decades, researchers have developed variolgo@thms for ob-
ject tracking in video data [106][[11]. However, time-revelsiity, as an intrinsic
property of moving objects, has not received adequate attaohs in the past
when designing visual tracking algorithms. In Chapter 3 and 4, avwill explore
the applications of the time-reversibility constraint for dereloping visual track-
ing algorithms and online performance evaluation algoriths. In this chaper, we
will rst summarize three representative methods widely used iwisual tracking
applications. These algorithms are also adopted in our expermts presented in
Chapter 3 and 4. Subsequently, we will discuss the concept of ganeversibility

in some related areas: Markov chains, Brownian motion and opteath Itering.

2.1 Visual Tracking

We introduce three representative algorithms for trackingn this section. These
algorithms are used as the building blocks for a host of othergdrithms, and

hence warrant special attention.

12



2.1 Visual Tracking

Bayesian Itering methods [25]C[6] [49]1 | This category includes both
Kalman and particle lters, which have broad applications inmany areas. When
used in visual tracking, these methods still view the visual trackg problem as
a classic stochastic Itering problem. With explicit state transtion and obser-
vation models, the position of the targets can be sequentiallysimated frame

by frame.

Kanade-Lucas-Tomasi (KLT)tracker [64] [89] [B5]: [] This optical ow like
algorithm is mainly designed for feature tracking scenarios. ddd features are
rst located by examining the minimum eigenvalue of the gradint matrix of
each image patch, and then tracked using a Newton-Raphson methbased on
the assumption of constant intensity. The KLT tracker is similar b optical ow

algorithms in spirit.

Mean-Shift Tracker [16] [17]: 1 This method is also called kernel-based object
tracking. The feature histogram-based target representatienare regularized
by spatial masking using an isotropic kernel, which enables |doay the target

through a mean shift optimization process.

In the following, we provide a detailed summary of these three ethods in

order to make this document self-contained.

13



Chapter 2. Background on Visual Tracking and Time Reversibility

2.1.1 Bayesian Filtering / Tracking

The generic discrete-time stochastic Itering problem can bexpressed using a

dynamic state-space form:

Xn+1 = f(xn;dn)

Yn 9(Xn; Vn) (2.1)

wherey, is the measurement vectorx, represents the state vectord, andv, are
random noise sequences. The stochastic Itering problem can bermkd as: given
initial density p(Xo), transition density p(Xnjx, 1) which is characterized by the
state equation, and the likelihoodo(ynjx,) which is described by the measurement
or observation equation, how to estimate the optimal current stte at time n based
on the measurements or observations up to time.

In this section, we address the problem of Bayesian inference generic nonlin-
ear dynamical systems. Of the number of methods available formimear lItering
problems, we focus on the sequential Monte Carlo approach forgsential state
estimation, which is also know as particle ltering.

In particle Itering [25], Let X RY and Y RP denote the state space
and the observation space of the system respectively. Let 2 RY denote the
state at time t, and y; 2 RP the noisy observation at timet. We model the
state sequencd x;g as a Markovian random process. Further we assume that
the observationsfy;g to be conditionally independent given the state sequence.
Under these assumptions, the models de ning the system are given adfidws:

1) p(X¢jx¢ 1): The state transition probability density function, describing the

14



2.1 Visual Tracking

evolution of the system from timet 1 to t. Alternatively, the same could be
described with astate transition modelof the form x; = h(x; 1;n;), wheren, is
a noise process. 2p(yjX;): the observation likelihood function, describing the
conditional likelihood of observation given state. As beforehis relationship could
be in the form of anobservation model;, = f (x¢;! () where! is a noise process
independent ofn;. and 3) p(x,): The prior state probability at t = 0.

Given the statistical descriptions of the models and noisy obseations till time

t, we are interested in making inferences about the state of thessgm at current

like to estimate the posterior density function ; = p(X¢jY;). Using the posterior

density function, we aim to make inferencek(f) of the form,
Z

L(f) = B [fe(x)l = fe(X0)p(Xe]yre) dxe (2.2)
wheref; is some function of interest. An example of such an inference cdlle
the conditional mean, wheref{(x;) = X;. Under Markovian assumption on the
state space dynamics and conditional independence assumptiartioe observation

model, the posterior probability is estimated recursively usmthe Bayes Theorem

as:
P(YuXo)P(Xyit 1) _ 5 PYX)P(Xtjy1t 1)
Xt) = : = . - 2.3
(0 P(Yiiyit 1) PO X0 P(Xiyz 1)dX; 1 (23)
Computation of p(xtjy1+ 1) is accomplished using therediction step,
Z
P(Xejy1t 1) = P(XejXe 1)P(Xt 2jy1r 1)dXe 1 (2.4)

Equation (Z.4) sets up the recursive step for estimation of the gterior at time

15



Chapter 2. Background on Visual Tracking and Time Reversibility

t, ((Xy) fromthatattime t 1,  1(X; 1).

R
P(YejXe)  P(XeJXe 1)P(Xe 1jY1r 1)dX; 1
P(Yejy1t 1)

P(Xtjy1t) = (2.5)

Note that, there are no unknowns in[(Zb) since all terms are &ier speci ed or
computable from the posterior at the previous time step. The mblem is that this
computation need not have an analytical representation. Hower, foregoing the
requirement for an analytic solution, the particle Iter approximates the posterior

¢+ with a discrete set of particles or samplefsxgi)gi'\‘:l with associated weights
fwt(i)giNzl suitably normalized. The approximation for the posterior desity is

given by
A(xi) = X w o x{ (2.6)

i=1

where () is the Dirac Delta function centered atx;. The setS; = fxE”;Wfi)gi'\‘:1

is the weighted particle set that represents the posterior dergiat time t, and
is estimated recursively fromS; ;. The initial particle set Sy is obtained from

sampling the prior density ¢ = p(Xo).

2.1.2 Kanade-Lucas-Tomasi Tracker

The basic idea of KLT feature tracker rst appeared in Lucas andKanade's paper
[64]in 1981; it was fully developed by Tomasi and Kanade |88]1991. In 1994, Shi
and Tomasi [85] presented a KLT-based method to select good feasi to track.
In the past decade, KLT has emerged as the most widely used featuracker in
many applications, such as structure from motion, computatiorof optical ow,

etc.
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2.1 Visual Tracking

The original KLT algorithm assumes that the intensity of the fedures remains
constant when a camera moves, that id,(x;y) = J(x + ;y + ) assuming that
the motion between two consecutive frames can be described aseptranslation.

This leads to the following objective function:

zz
(} ») = argmin Dx+ 5y + ) 1(xy)°
; w

w(x;y)dxdy (2.7)

Later, a symmetric expression is used to derive the solution [7]:
Z Z

(yzagmn - PE+G e FP wE 28)

wherep = (x;y)" andd =( ; )T and the weighting functionw(p) is usually
set to 1. For simplicity we will omit all the function variables and w(p) in the
following. Also we will use the discrete form for the integrals wolved in the
derivations. Using a rst order Taylor expansion to linearize theabove nonlinear

objective function and setting the derivative with respect tad to zero, we have:

XX
(J 1+g'd)g=0 (2.9)
W
I +J
g=(r 5 )T (2.10)
This can be rearranged as:
Zd =e (2.12)

17



Chapter 2. Background on Visual Tracking and Time Reversibility

where

e= (I JIg (2.12)

2.1.3 Mean-Shift Tracker

The mean-shift tracker or the kernel-based tracker was preseat by Comaniciu et
al [16] [17]. Itis a bottom-up process and contains two majoomponents: target

representation and localization.

Target Model

The target model can be considered as centered at the spatiat&ion 0 and
represented by its pdfg, which can be approximated by its m-bin histograms
as below:

target model: = Q-1 -m ¢ =1 (2.13)
u=1
In practice, a target is represented by an ellipsoidal regiom ithe image and

all targets are normalized to a unit circle to eliminate then uence of di erent

dimensions. After normalization, the pixel locations of the teget region can

?

be denoted byxy;-;..,,- Weights to dierent pixels can be evaluated by an

isotropic kernelk(x) to increase the robustness of the density estimation. Then
the probability of the feature u = 1:::m in the target model can be computed
as:

X1 ? ?
C k(k x? k%) [o(x?) u] (2.14)

i=1

4,
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2.1 Visual Tracking

where

b:R?! 1::m
1

c=PR inzl k(kx?) K2) (2.15)

The function b maps the pixel at locationx? to the index b(x?) of its bin in the

quantized feature space.

Target Candidate

In the subsequent frame a target candidate de ned at location is characterized

by the pdf p(y):

target candidate:  P(Y) = Pu(Y)yey s f=1 (2.16)

u=1

?

Denote the normalized pixel locations of the target candide as Xy ..n, 4

which is centered aty in the current frame. Similarly, we can compute the

probability of the feature u = 1:::m in the target candidate as follows:

R y Xj 2
Puly) = Cn  k(k == — k7 [b(xi) ul (2.17)

i=1
where

1

Ch=P
" Kk LK)

(2.18)

The bandwidth h de nes the scale of the target candidates to handle the scale

change in the process.
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Chapter 2. Background on Visual Tracking and Time Reversibility

Similarity Function The similarity function between p and § is denoted by:
Ny)  [p(y);al (2.19)

The adopted target representation does not restrict the way siilarity should
be measured and various functions can be used for The Bhattacharyya

coe cient is adopted here:

Tp__
Ny)  [p(y);al= Pu(y)a, (2.20)

u=1
And we can de ne the distance between the target model and the mdidates

as:
p__
diy)= 1 [p(y);d] (2.21)
Distance Minimization

To nd the location of the target in the current frame, one minimizes the
distance measure with respect ty. To solve this minimization problem, we
rst linearize the Bhattacharyya coe cient using the Taylor e xpansion around

the location ¥, of the target in the previous frame:

S
. 11X p 1 X 4
pOyAl 5 RO B e
X0 Xh .
;RO wkk )
u=y i=1
) X a, 2.22
where S L g ) (2.22)

The above approximation holds when the target candidatg,(y) does not

u=1l::m

change drastically from the initial g, (o) which is often valid between

u=l:m?

consecutive frames.
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2.1 Visual Tracking

The maximum in the local neighborhood can be solved by the meahift pro-

cedure. The algorithm is summarized as below:

1. Initialize the location of the target with §, and computef P, (%0)9u=1::m,
: P P
B(yo);al= 21 Bu(Po)& and fWigiz1 iy, -
2. Find the next location of the target candidate by:

P .
Din:h]_ Xi Wi g(k vthI kz)

2.23
2, wiglk B 1) =2

$1=

whereg(x) =  kqx).

3. While [A(y1);8]1< [A(Yo);a], do%1  3(fo+ 91).

4. If kg1 Yo k< Stop; otherwise, set}y ¢ and go to Step 1.

2.1.4 Summary

In general, visual tracking algorithms can be grouped into tav categories: de-
terministic tracking and stochastic tracking [110]. Determirstic motion tracking
algorithms like optical ow or KLT trackers usually implicit ly assume the object
appearance is corrupted by the Gaussian noise. However, the Gaassnhoise
model is often invalid in practice which may lead to a local dpnal solution. De-
terministic methods usually only keep the estimated locatiomiormation about
the object (center coordinates or bounding box) during trddng, which causes
the tracker to drift away easily when it is in local extrema. Sochastic tracking
frameworks, such as extended Kalman lItering, the CONDENSATIONMNalgorithm,

particle lter algorithms, etc., often maintain a probability distribution of the ob-
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Chapter 2. Background on Visual Tracking and Time Reversibility

ject location, hence are more robust than the deterministic gbrithms due to their

capability to escape local extrema.

2.2 Time Reversibility

Time-reversibility, also called as time-reversal symmetry or -Bymmetry [42], is
an important concept in many disciplines. As an important conqe used in this
dissertation, it has not been de ned clearly in the eld of visuatracking before.
Therefore, it is important to give a clear description of thisconcept before we
propose our tracking and performance evaluation algorithmthat use the time
reversibility constraint. In this section, we will review the c nitions of time-
reversibility in some elds closely related to visual tracking ad brie y discuss it

as it applies to visual tracking.

2.2.1 Time Reversible Markov Chains

Time-reversibility is an interesting topic in stochastic procss. Here we will review
the de nition of time reversibility in one of the most important classes of stochastic
processes - discrete time Markov chain [78].

Suppose at timen, an ergodic Markov chain has already reached its stationary
status for a long time with transition probabilities P; and stationary probabili-
ties ;, if we reverse the sequence of states ¥o,; X, 1; X, 2; , we can easily
verify that this reversed sequence is also a Markov chain. Singelependence

is a symmetric relationship and the conditional distribution é the future states
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2.2 Time Reversibility

Xm+2: Xm+3 | given the present stateX ,+1 is independent of the past state
Xm:Xm 1, the conditional distribution of X ,; Xm 1; given X 41 is also inde-
pendent of X m:2; Xm+s; . Its transition probabilities, denoted by Q; , can be

computed as:

PfXm = jiXma = ig
P (2.24)

Qjj

If Q; = Py for all i;j, that is, the reversed Markov chain has the same
transition probability matrix as the original Markov chain, then the Markov chain
is called time reversible. The time-reversibility conditioncan also be expressed
as:

iPy = P 8ij (2.25)

This condition is also known as the detailed balance conditio It means the
probability of seeing a transition fromj to i is the same as seeing a transition from
i to j. Note that the detailed balance condition is stronger than thiarequired
merely for a stationary distribution. Detailed balance also imlies that around

any closed cycle of states, there is no net ow of probability.

Pik ij Pji = Pij ij Pki 8|,j, k (226)

Detailed balance is a weaker condition than requiring the &nsition matrix to
be symmetric, P; = P;. That would imply that the uniform distribution over

the states would automatically be stationary distribution [9]
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Chapter 2. Background on Visual Tracking and Time Reversibility

2.2.2 Brownian Motion

Since many stochastic visual tracking algorithms adopt Browan motion models
for the object, here we discuss its time-reversibility separdte Brownian motion
is a special stochastic process. It lies in the intersection of sealermportant
classes of processes. It is a Gaussian Markov process, has continuadissp a
process with stationary independent increments (a Levy prosg), and is also a
martingale [15] [78].

It was widely believed that it was the Scottish botanist RobertBrown who
rst discovered this kind of motion in 1827 when he was studyinggilen particles
oating in water under the microscope. He observed the pollen gins or particles
of dust exhibiting a jittery motion in the water, but he could not explain the origin
of the motion. Many scientists tried to provide explanationsdr Brownian motion
after its discovery. The mathematics behind Brownian motionwas rst described
by Thorvald N. Thiele in 1880 [58]. By studying the stock and optin markets
using stochastic analysis, Louis Bachelier presented the rst thgoof Brownian
motion in 1900 in his PhD dissertation \The theory of speculatin” [68].

The rst concise de nition of the Brownian motion process was gen by
Wiener in 1918, therefore, it is sometimes called the Wienergress. A continuous-

time stochastic procesB(t);t 0 is said to be a Brownian motion process if

[78]:
B(0) = 0;

B(t);t 0 has stationary and independent increments;
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2.2 Time Reversibility
For everyt > 0, B(t) is normally distributed with mean 0 and variance 2t.

ConsiderB;;0 t 1), under the time reversal transformation, de ne X; 0

lla

t 1) by Xy = By By, then the time reversed processX;;0 t 1)
(Bt;0 t 1), in this sense, Brownian motion is time-reversible.
Physically, it seems that Brownian motion apparently violats the Second Law
of Thermodynamics, because the motion of a Brownian particlesmer slows down.
At the end of the 19th century, Louis Georges Gouy suggested th@rownian
motion might o er a "natural laboratory' in which to directl y examine how kinetic
theory and thermodynamics could be reconciled[39]. This ystery was solved
by Einstein [27] [39]. In 1905, Einstein developed a statisticaholecular theory
of liquids. When he applied the molecular theory of heat to ligids, he predicted
that the random motions of molecules in a liquid impacting ortarger suspended
particles would result in irregular, random motions of the pdicles. His prediction
corresponded to Brownian motion precisely. Einstein's work oBrownian motion
indirectly con rmed the existence of atoms and molecules, arid 1908 Perrin and

his students conducted an exhaustive set of experiments and aomed Einstein's
theory [39].
2.2.3 Time Reversibility in Optimal Filtering Process

Statistical mechanics, also known as statistical thermodynansg¢provides macro-
scopic predictions based on microscopic properties of the systelinder certain

conditions, the evolution of the observable dynamical varides of a thermody-
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Chapter 2. Background on Visual Tracking and Time Reversibility

namics system can be captured in a Markov process formulatiom particular,
through Kolmogorov's forward equation as the evolution ection for the statis-
tical state as a probability distribution or density function [/6]. A considerable
amount of work has been done on this subject.

Recently, Mitter and Newton studied the information and entrgy ow in op-
timal ltering algorithms [80]. They found that the information ows for such
Iters can be explained by the entropy ows of non-equilibrum statistical me-
chanics. Usually, this kind of statistical mechanical system is retlaway from its
equilibrium state by an interaction with an exogenous system.

By introducing some thermodynamics concepts, the average egge entropy
and free energy, into the optimal Itering process, they analed the signal process,
observation process, the Itering process and their interactis using principles
from statistical mechanics. Their work provides helpful intdive insights into
the optimal Itering process from a statistical mechanics persgctive. They also
addressed the time reversal property in such Itering processes. &in results are
developed for stable, time-homogeneous systems. By appropeiahitializations
for both the signal and observation, they investigated the evation of both linear

and nonlinear lters in nite time interval. We summarize their main conclusions

below [80]69][170] [71]:

The signal X can be thought of as an abstract statistical mechanical system
interacting with a heat bath. This interaction drives the sighal towards a sta-

tionary state - its invariant distribution which minimizes it s free energy. During
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2.2 Time Reversibility

this convergence, it can be shown the entropy of the \universeontaining the

signal and the heat bath is non-decreasing and the abstract systaheys a law
similar to the Second Law of Thermodynamics. Here using statisticenechan-
ics terminologies, a system in its invariant distribution can ben its stationary

equilibrium states or stationary non-equilibrium states acaaling to the net ow

of entropy. The authors also de ned the entropy production ree of the signal
process and showed if the signal is self-adjoint [80], then thi®w is zero in
the stationary state, which is also an equilibrium state; othenge, it is called
a non-equilibrium state. When the signal is in its stationary stee there is on
average no ow of energy between the heat bath and the signal. Wever, for
individual outcomes of the signal there is a continuous exchge of energy back

and forth between the components.

The existence of the observation procesé can reduce the entropy of the uni-
verse containing the signal and the heat bath, resembling theleoof Maxwell's
demon. Analogous to the thermodynamics concepts, the energlythe signal
can be split into two components, one is in analogy to \work", with corre-
sponds to the part which can be observed by the observation; thest can be
regarded as \heat". Being able to partially observe the signathe lter can ex-
tract energy from the signal and return it to the heat bath without increasing
the entropy like a perfect Maxwell's demon([59]. In the statioary state, in the
presence of observation, the overall rate of entropy changetbé \universe" re-

mains the same as the original one, but there is some energy alating between
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Chapter 2. Background on Visual Tracking and Time Reversibility

the heat bath, the conditional signalX and the lter, which shows similarity

to a type of non-equilibrium statistical mechanics.

When taking the signal and the conditional signal to make a jotrprocess, in the
linear Gaussian case, such as the Kalman-Bucy Iter [80], it canebshown that
the process is \physically reversible” in the sense that the intactive entropy
ow of the time-reversed joint process is the same as that of therfwvard-time
process in the stationary state. However, in nonlinear cases, tha@nt process

is in general irreversible[[71].

In the case of a linear, partially observed, Gaussian system, sindeetsignal,
observation, and the conditional distribution of the signal a& all Gaussian, the
lter propagates the mean and covariance matrix of the contional distribution.

Through the physical analogy, the authors pointed out that \Bayesian lters
achieves the maximum possible reduction in entropy from a givesupply of

observations, and stores no more information than is strictly messary to do

this" [80].

The authors point out that the observations allow entropy redction which

providing a quantitative example for Landauer's Principle[57].

2.2.4 Time Reversibility in Visual Tracking System

In this dissertation, we are designing visual tracking systems thaccept video
data. The data is the record of the physical world. Although thedynamics of

the objects moving in physical world could be complex and hartd model, once
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2.2 Time Reversibility

the motion is recorded, it becomes a deterministic process, ihe sense that the
position of object is xed in every time frame. If we play the vileo backward, it
will exhibit the exact motion reversal property.

Since the purpose of visual tracking algorithm is to obtain thgosition of an
object at every frame, a perfect tracker should give correctogition of the object
at every frame. If we view the output of the tracker, the estimged position, as
a virtual object, in ideal situations when the tracker is perct and the video is
played back, this virtual object should also return to the staring point. This is
referred to as time-reversibility of the tracking algorithm

Most of the existing tracking algorithms are forward-only traking. The iden-
tity of the object is usually loosely de ned by its initial appearance in most track-
ing algorithms. As we analyzed before, the appearance of thejett can change
dramatically due to many possible factors during the trackingrocedure, therefore
the tracker can hardly know if it is tracking the correct obje&t or not because using
appearance information to verify the identity of the objecis unreliable, especially
when an updating strategy for the appearance model is adoptéad the tracking
algorithm. We notice that in practice neither the determinstic nor the stochastic
algorithms can show time-reversibility property in the presece of tracking errors.
Suppose a tracker starts from time O with a good initializatiorof the object and
tracks forward to time t, the tracking procedure can be viewed as a process trans-
porting information about the object contained at time 0 to imet. We claim that

if the tracker tracks backward to time O and can not return to he initialization
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Chapter 2. Background on Visual Tracking and Time Reversibility

point, then there is information loss during this round of thetracking procedure
and its performance at timet is unlikely to be good.

Stochastic visual tracking algorithms usually assume that the géct dynamics
forms a temporal Markov chain. Brownian motion is a widely ugemotion model
for generic object tracking using optimal ltering algorithms. We have already dis-
cussed their time-reversible properties. Time-reversibilityni stochastic processes
has statistical meanings which di er from those in determinist processes. For
a speci ¢ object tracking using optimal ltering algorithms, only one realization
of the stochastic tracking process is performed; therefore,din statistical time-
reversal properties discussed earlier are di erent from the ovee de ne a perfect
tracker, where it requires exact trajectory reversal. We wilfurther discuss these

points in detail in the next two chapters.
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Chapter 3

Online Performance Evaluation of Visual

Tracking Algorithms

3.1 Visual Tracking and Performance Evaluation

Visual tracking forms one of the most important components in a e range of
application domains. Robust tracking of features forms the pmary input to clas-
sical vision problems such as structure from motion and registian. In addition,
tracking nds use in diverse application areas such as surveitiee, markerless mo-
tion capture and medical imaging. The need for robust trackop algorithms that
work over a broad spectrum of application domains cannot be darstated. How-
ever, practical realities and the diverse nature of data diate that even the most
sophisticated algorithm will have failure modes where the tcking performance is
poor and the algorithm loses track.n this chapter, we address the problem of au-
tomatic evaluation of tracking algorithms with the goal ofedecting track failures
and evaluation of tracking performance without the need foraynd truth.

There are multiple reasons why a self-evaluation framework reeeded. Its
most straightforward use is in online characterization of trddng performance to

enable a system to recover from track failures. Further, in theontext of dis-
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tributed sensor network, evaluation of the performance of thigacking algorithm
(associated with each modality) can be used to characterize wsliability for the
tasks of multi-modal fusion.

Self-evaluation can also be used to rank di erent tracking atgithms based on
their performance. In this sense, self-evaluation can be useddooose a tracking
algorithm with better performance at run time. It also potenially allows for
tracking algorithms to tune their parameters to the specicsof an individual
video (as opposed to a training set, which may or may not capturthe nuances
of a single instance). While ground truth allows the same, it isat self-contained
to the tracking algorithm and is not easily extensible.

There exist many evaluation schemeSI[8] 78] [82] that use grauimuth infor-
mation to evaluate tracking algorithms, and more importanty rank-order them
in terms of performance. The PETQ and CLEARH workshops, along with the
ETISEO [7Z] e ort focused mainly towards characterizing algrithms in terms of
performancein the presence of ground truth The CAVAIRH and the VACH] ef-
forts were geared towards evaluation of object detection driracking [54/67]. In
addition to this, there has been some research on de ning distamenetrics for
matching the ground truth information to the tracker outputs, and in tuning the
parameters of the tracking algorithm [[3B]. However, colleictlg ground truth is

time consuming, and has its own variabilities'[61]. Furtherperformance evalua-

Lhttp://petsmetrics.net
2http://isl.ira.uka.de/clear07
3http://nomepages.inf.ed.ac.uk/rbf/CAVIAR/
“4http://www.ic-arda.org/InfoExploit/vace/
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tion using ground truth is not possible for real time eld testingor on sequences
which are unlabeled. This motivates the need for online p@rfmance characteri-
zation in the absence of ground truth.

Evaluation of tracking performance and detection of trackdilure is similar
to the problem of model validation, especially when the undiging formulation
is in terms of dynamical systems. Tracking performance is bourid deteriorate
when the data violates the modeling assumptions signi cantlyThere exist many
ways to detect the incompatibility between the models and t observed data. For
stochastic nonlinear systems, measurements based on the innovateror forms
a common choice as an evaluation metric. The statistics of thariovation error
can be cross-checked with those of the model (such as white Gaussiaise),
and a hypothesis test can be performed to determine model vatid Similar
metrics such as the tracking error (TE) and observation likefiood (OL), and
their corresponding cumulative summations in time (CUSUM) havéeen used for
change detection and model validatiori [92]. TE and OL deteanly sharp changes
which results in loss of track, and do not register slow changes. Aasstic for
detection of slow changes called the negative expected ldglihood of state (ELL)
and its generalization, gELL are proposed ir [92]. ELL is deed as a measure
of inaccuracy between the posterior at timé and the t-step ahead prediction of
the prior state distribution. Interestingly, as we point out later, the evaluation
methodology proposed in this chapter mirrors the ELL methodni spirit.

In [2] [34] [94], under the hypothesis that the model is corre@a random pro-
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cess in the scalar observation space is shown to be a realizationnofependent
and identically distributed variables uniformly distributed on interval [0; 1]. This

result holds for any time series and may be used in statistical testts determine

the adequacy of the model. An extension to vector-valued measuanents is pre-
sented in [23], where a 2-test for multi-dimensional uniform distribution is used

to determine if the system behaves consistently. However, whercibmes to visual
tracking, as the observation could be in a very high-dimensiahimage space, the
computation of the test statistics is infeasible. In[J63], an enbpy based criterion
is used to evaluate the statistical characteristics of the tragd density function.

The de nition of good performance for tracking a single objeds that the poste-

rior distribution is unimodal and of low variance. In contrast a multi-modal and

a high variance distribution implies poor or lost tracking. Inpractice, tracking in

the presence of multiple objects and clutter does lead to thegsence of multi-
modality in the object's posterior density. This, however, dog not necessarily
imply poor tracking.

While model validation and change detection literature o es formal and rig-
orous approaches to formulate the problem, in many cases, thederlying models
for tracking are unable to handle wide variations that occuiin visual tracking
problems. Further, given the complexity of the visual inform#on, it is virtu-
ally impossible to accurately model all the information in allits variabilities.
Towards this end, there has been a body of research that expéothe inherent

characteristics of tracking output to automatically charaterize the performance.
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In [28], Erdem et al. address an on-line performance evaluati method for con-
tour tracking. Metrics based on color and motion di erenceslang the boundary
of the estimated object are used to localize regions where segtagon results are
of similar quality, and combined to provide a quantitative ewluation of bound-
ary segmentation and tracking. As an extension| [29] uses a feadk loop to
adjust the weights assigned to the features used for tracking arsggmentation.
This method of evaluation is speci ¢ to contour-based trackig systems. We also
presented a method for self-evaluation i [101] before. Thisnpirical method
evaluates the trajectory complexity, motion smoothness, scat®nstancy, shape
and appearance similarity, combining each evaluation resuiv form a total score
of the tracking quality. However, this heuristic method can oly be applied to a
static camera system.

In this chapter, we propose an online evaluation methodolog§hat can be
applied to many tracking algorithms to detect tracking failres and to evaluate
tracking performance [[100]. The intuition behind our algathm lies in the re-
versibility of the physical motion exhibited by an object, andrelating it to the
time-reversibility of the tracking algorithm. When this tracking problem is de-
ned in terms of dynamical systems exhibiting Markovian prop#gies, we construct
a time-reversed Markov chain for the sole purpose of evaluatiomhe posterior
probability density of the time-reversed chain is propagatedll the way back to
the initial time instant when the tracking algorithm is initi alized. The prior used

to initialize the tracker is now compared to the posterior of e time-reversed
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chain to form the evaluation statistic. For a well behaved systenthe two proba-
bility distributions are expected to show proximity in some staistical sense, with
signi cant discrepancies between them in the presence of trang error. The
proposed approach nds applicability in a host of tracking algrithms that use
a dynamical system formulation. In this regard, the use of pautle Itering for

estimating inferences is very common given the non-linearibf most models and
the non-Gaussian noise distribution. The proposed evaluation ithed involves
ltering back to the initial time instant, and gets slower with increasing time.
Hence, we also propose an approximation by tracking back and cpaming the
performance against a point in time where by prior veri catiom we are con dent
that the performance is good. We analyze the performance dfig evaluation
methodology by extensive experimentation using a wide varief videos. It is
shown that when ground truth is available, the track failuresdetected by our ap-
proach correlate signi cantly with those validated by the grand truth. We also
show the applicability of the core ideas for tracking algoritms which are not mod-
eled as dynamical systems. Examples of such algorithms include tKLT feature
tracker [64] [89][[85] and the mean-shift tracking algorithnfl@] [17]. Finally, we
show that the proposed evaluation algorithm can be used for raimg di erent

tracking algorithms based on their performance.
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3.2 Particle Filtering in Visual Tracking

In Chapter 2, we have summarized the necessary background of Bsian Itering
methods used in dynamical systems, in particular, the particleltering method
which is used widely in visual tracking systems§ [43][44]. In thgection, we brie y
discuss some of the common state space approaches to visual tragocusing in

particular on the kind of motion and appearance models commly used.

3.2.1 State Models

For rigid objects, most tracking algorithms formulate trackng over a state space
that typically comprises of locations on the image plane, thecale and orienta-
tion of the object all of which can be re-parametrized as a nedeformations of
some basic shape. For non-rigid objects, the a ne deformation sta could be ex-
tended to include contour deformation parameters (usuallyneoded with splines
or level sets). Finally, the state space may include componentsat relate to the
appearance of the object, so as to characterize and track thieamges in object's
appearance with changing pose and illumination.

The state transition model for the dynamical system is usually thenotion
model describing the kinematics of the object. Depending orné requirements
of the application, these could vary from a simple Brownian man model or a
constant velocity model, to activity speci ¢ motion models [[3] when tracking

complicated behaviors that have been learned a priori.

37



Chapter 3. Online Performance Evaluation of Visual Tracking
Algorithms

3.2.2 Observation Models

Finally, probably the most important component is the observeon model, typi-
cally a characterization of the object's appearance encatleither as a gray-scale
or color template, or a histogram of such features. The key progig of the ob-
servation model is that it provides discriminability of objet-speci ¢ features over
background and other scene constructs. Further, the models aggpected to be
fairly robust to outliers. Finally, there is the need for robushess to changes in ob-
ject pose and scene illumination. This can be achieved by exglly modeling such
pose and illumination parameters in the state space of the systewr, by having
observation models that are invariant (partially or otherwse) to such changes.
In this context, it is important to discuss the role of online apearance models
for visual tracking. In many practical systems (especially in sueillance), most
objects are opportunistic, with the tracking algorithm havng no signi cant prior
characterization of their appearance. In such a scenario, tloaly identi cation of
object appearance is in the initial frame provided to the treker, typically in the
form of the prior density of the object. As the object moves in th scene, online
appearance models (OAMs) try to adapt to the changing appearaa of the ob-
ject. However, the OAM needs to be updated in order to incorpota new features
exhibited by the object without introducing undesirable bakground artifacts that
could potentially cause the tracking algorithm to diverge. Tis results in two con-
tradicting requirements for the adaptation rules used to upate the OAM. The

need for updating the appearance models to account for theastging appearance
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of the object is balanced by the possibility that undesirable lkground artifacts
might be introduced. Invariably, a strategy is chosen that bances these two ef-
fects. This leads to scenarios in visual tracking, where the aparance models may
no longer represent the same object that was used in initializan. Hence,this
leads to a case where the tracking performance is poor not besaof incompatibil-
ity between the models and the data (the premise of model datiion) or because of
lack of smoothness and continuity of tracks (the premise oéuristic works), but
because the model characterizing the dynamical system are fameéntally awed
due to undesirable updates.

In the next section, we outline our approach for performancevaluation, in-
cluding detection of error such as the one described above. Tkey point that
we like to retain from the discussions given above is the overwimeng role of the

prior density in de ning the object identity.

3.3 Online Performance Evaluation Using Time-Reversed
Chains

It is insightful to understand the challenges in visual trackig, and where some

of the existing tracking algorithms and evaluation schemesifa We begin with

a discussion of failure modalities of tracking algorithms andhe challenges in

designing a self-evaluation scheme.
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3.3.1 Failure modes of Tracking Algorithms

Visual tracking needs to be robust against a wide variety of opdrag conditions,
dealing with poor video resolution, occlusion, changes in poaad illumination,
camera motion and clutter. Under such diverse operating conéns, descriptions
of objects, such as appearance, color, shape and texture almoktays change
unpredictably. At the same time, motion consistency is a feater that most al-
gorithms use to reduce the search space, and it is one feature ttig frequently
violated when the camera itself is moving.

The range of failures is even more enhanced when the trackialgorithm uses
an adaptive and online observation (appearance, shape) madabaptive appear-
ance models are crucial for achieving robustness to changirgsp and illumination.
However, there is almost always the posibility of incorporatip undesirable fea-
tures into the model, such as features from the background. Hewer, in spite
of the large variations in operating conditions, the identy encoded by the ap-
pearance and shape information at the initializing frame prades a reference for
validation. This forms the basis for the intuition behind thealgorithm proposed

in this dissertation.

3.3.2 Intuition

Our goal is to provide a general, online evaluation methodfeisual tracking sys-
tems based on dynamical systems. We will refer the Markov chain asgied with

the tracker algorithm as the \forward" chain. The prior used b initialize the for-

40



3.3 Online Performance Evaluation Using Time-Reversed Chains

ward chain is the reference distribution which we use to evalteathe performance
of the tracking algorithm. In order to evaluate the trackingperformance at a time
instant (say t = tg) we rst need to account for the di erence in time instant

between the prior ¢ = 0) and the output of the tracker. To achieve this, we con-
struct a time-reversed Markov chain with models that are similato the forward

chain. The key idea is to compute the posterior distribution ofhis time-reversed
Markov chain at the initialization time (t = 0) and compare it to the prior of

the forward chain. For algorithms employing OAMs, theidentity of the object is
de ned in the initializing frame and the prior used to initialize the system. This
prior information encodes all the knowledge given to the tiking algorithm, and

arguably is most critical in determining the performance offtte algorithm. In this

sense, the tracking performance can be determined by verifgithe output of the

tracker at any particular time instant (say t = to) against the prior with suitable

handling.

From the point of view of information captured in the tracking algorithms, the
underlying intuition is that if, at time t, the tracker contains enough information
about the object, then the ability to track well until time t along the forward
Markov chain implies that it is very likely to be able to track back to the end
along a time-reversed Markov chain equally well.

To get an intuitive understanding of the proposed algorithm, ensider a video
sequence in which the rst frame and the last frame are identicalin camera

placement as well as the location of every scene and objectmhi Good tracking

41



Chapter 3. Online Performance Evaluation of Visual Tracking
Algorithms

performance would require a tracking algorithm to localizéhe object in the last
frame at the same location as the prior given in the rst frame. &h an idea is
exploited for detecting drift in feature point tracking in [108]. Our algorithm can

be viewed as an extension of that idea for performance charegkzation.

3.3.3 Formalizing the Concept

The forward Markov chain describing the tracking algorithm $ de ned using the

prior density p(Xo), the state modelp(x;jx; 1) and the observation modelp(y;jX;).

p(xtjYt). To evaluate the performance of the system, we propose a backdia
time tracker that uses 1 as its prior and the observation sequencéy in the time-
reversed order. Using the notatiomy( ) for probability density functions associated
with the time-reversed system, the reverse tracker is formuladeas follows. For
evaluation at time T, the system is initialized at timeT + 1 and ltered through

the observationsYr.

Prior at time T +1:

a(Xt+1) = P(Xt+1jYT)
R CED
= P(XT+1 JX7)P(XT]YT)dXT
State Transition Model: Fort 2 (O;T),
. Xi+1 | Xt )P(X
(XXt ) = P(Xt+1 ]Xt) P(Xt) (3.2)

P(Xt+1)

This can be directly computed from the models for most systems uk® de ne

the tracking problem.
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Observation Model: We retain the same observation model used in the

forward model.

8t; q(yijXt) = p(YijXt) (3.3)

With this characterization of the system, we can now lter the tservation se-

We can now estimate the posterior density at time = 0, 3 by recursion.
From intuition, we expect this density to be close in some statistal sense to the
prior density p(Xo). the following property.

Suppose we initialize the time-reversed Markov chain using tliensity p(Xt+1)
as opposed t@(xt+1jYT). Itis easy to verify that the nal posterior distribution
in the time-reversed process is equal to the smoothing result]%& the beginning

Now, ¢ and the p(xo) are close in the sense that
Z Z Z
Xop(Xo)dXO = Xo 8dYth0 (34)

Yt Xo
Suppose we compar& (Xo) and Ev, (Xo), then on an average (over the ensemble
set of possible observations) the two means will be the same.
It should be noted that the above result is true only when the tira-reversed
system is initialized with the prior p(xt+1). However, for most tracking models,
it is the observation model with its characterization of objet appearance and/or

shape that allows for discrimination of the object from the bd@round. In this
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sense, the observation model allows for accurate localizatir equivalently, low
variance estimation) of the object with the state model used maly to regularize
and smoothen the result. Further, under the assumption that the ata Y1 ts
the underlying models, the densityp(xt+1jYT) is expected to localize the object
better, in the sense of the sharpness of the density around its exped value.
Hence, the system de ned with priorp(xt+1jY ) is over-trained and provides a

model that ts the data better.

3.3.4 Evaluation Statistic

There exist distance metrics and measures for comparing denditymctions such as
the Kullback-Leibler (KL) divergence and the Bhattacharyadistance [26]. How-
ever, in our case, the distributions are represented by parted or samples from the
density function. In general, given the di erences in the invidual proposal den-
sities and random number generators, the exact locations at wh the densities
are sampled will be di erent. Computing the KL divergence or he Bhattacharya
distance for such non-overlapping sample sets would requireenpolation (using
Parzen windowsl[[26] ) or the use of approximations such as the Uaested Trans-
formation [35]. We circumvent this problem with the use of theMahalanobis
distance that depends only on the moments of the distributions.

Denoting p as the prior distribution p(xo) and as the posterior of the time-

reversed chaim(xqjY 1), the distanced(p; ) between the two distributions can be
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Figure 3.1: Schematic of the reference point used in the prapsed algorithm. Evaluation
of the performance of the tracker requires validation with the prior density using a time-
reversed chain for suitable time normalization.

computed as:
dip; ) = ( » )7 pl( p )+
(p )T Mo )

where ,and , are the mean and the covariance matrix of the distributiomp and

(3.5)

and are those of the distribution , all of which can be easily computed
or estimated from the particles or in some cases, analytically. Aoutline of the

proposed evaluation framework is in Table—3.1.

3.3.5 Fast Approximation

The proposed evaluation framework poses a requirement to pess (or track)
across all the frames seen by the tracking algorithm. For such aalgorithm,
the computational requirements increase linearly with the uumber of frames (see
Figure [31). This makes it increasingly harder for the evald®n algorithm to
satisfy real time constraints.

However, a set of su cient (though not necessary) conditions canebdesigned
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Table 3.1: Outline of the Proposed Evaluation Algorithm.

To evaluate the performance of the tracker at timdl, the density 1 is

represented by the samplesx("gl, ,

1. Propagate the particles usingp(xt+1jX71) to get samples fromp(Xt+1jYt),

>e$>+1 p(xT+1jx$));i =1;:::;N (3.6)

2. Using the prior represented by the particle se"tx-g)+1 gy, , iterate the steps

3,4and5fort 2fT;T 1;:::;1q,

3. Proposition: At time t, propose a new particle setx{i)gi'\‘:l using the state
transition model,

x) q(xtjx-f?l);i =1;::0N (3.7)

4. Weight Computation: Compute the weightw!’ associated with the
particle x|

w = glyijx) (3.8)

5. Normalize the weights and resample them to obtain an unweiggd particle

set.

6. Using the particle setx%) d(*ojYT), cOmpute mean ~ and covariance

matrix "~ using sample statistics.

7. The evaluation statistic is computed using[(315).
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to alleviate this problem. We argue that if the performance tatime T is good,
then not only does the nal posterior match well with the prior density, but
that the posterior densities of the forward and backward track should match at
all intermediate time instants. A fast approximation is now prgosed using this
observation. Suppose at timd,, the performance of the system is evaluated to
be good, then for an evaluation at a future time instant®> t , the time t, can
be used as a reference point in the place bf= 0 (see Figure[3.2). Extending
this concept, we can recursively shift the reference point teekp a constant upper
bound on the computational time for the evaluation. Let t be the time interval
between successive reference points, i.e, the time instatys=0; t;2 t;3 ;:::;
are used as the reference points. For a time instatft the reference point chosen is

tht% tc. However, the suitability of the approximation depends on théength

t. The trade-o here is between the computation time, which igproportional
to t and the ability to detect slow changes that are of the order t. A clever
choice of t can go along way in reducing the computational requirementsd the
proposed algorithm.

Finally, even with the approximation scheme described abové, might be

di cult to achieve real-time processing for the evaluation atevery time instant.
However, online evaluation in real time is possible if we do noepform evaluation
at every frame. For most practical systems, evaluation needs tcelperformed
at regular time intervals. Choosing a fast approximation schemwith t as

the time di erence between reference points as well as thente instants when
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Figure 3.2: Schematic of the reference point used in the fast approximation to the
proposed algorithm. As opposed to the implementation desdbed in Figure 31, the
approximation shifts the reference point fromt = 0 to create multiple reference points
separated by time interval of t = . This keeps the overall computational require-
ments for the evaluation scheme bounded.

evaluation is performed can go a long way in reducing the comming requirements

for evaluation.

3.4 Extensions beyond particle ltering

3.4.1 Evaluations of the Kanade-Lucas-Tomasi tracker

The basic idea of the proposed evaluation methodology can be dider tracking
algorithms that do not use particle ltering. Here, we show howa apply the eval-
uation method for feature point tracking using the KLT algorthm [64] [89] [85].
KLT is among the most widely used feature point trackers for manapplications
and we use it for showcasing our evaluation algorithm.

The original KLT algorithm works under the assumption of brigliness con-
stancy and small motion (typically, translation), thatis, I (t;p) = I (t+1;p+ p )

wherel (t; p) is the intensity at pixel coordinatep = ( x;y) in the frame at time t.
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Under this assumption a linear system inp is solved to obtain the translation.
In practice, the assumptions of brightness constancy and small tran used in the
derivation of the solution are almost always violated eventuly, leading to drifts
in the tracking of feature points. In vision problems, especigllithose pertaining
to geometry (such as structure from motion and estimation of epolar geometry,
homography), the presence of drift contributes to measuremiegrrors which could
subsequently be exaggerated by the following estimation alggims.

The proposed evaluation methodology provides an elegant weyevaluate the
tracking performance. As in the case of the particle Iter, wedrmulate a KLT
tracker for tracking back from the current frame to the initial frame. On the one
hand, if the assumptions of brightness constancy and small moticare indeed
satis ed and that the tracking remains stable and free of driftthe KLT tracker is
expected to work well both forward and backward directions. Eghtness consis-
tency as a constraint is inherently time-reversible and with saient smoothness
on the function (I; x) and its derivatives, it can be shown that the forward and
time-reversed systems behave similarly under the small motion asgption.

On the other hand, in the presence of drift due to model failurevhen we do
the backward tracking, the tracker does not go back to the itialization point due
to the unmodeled errors that a ect tracking. Therefore, thestrategy used earlier
for evaluation of particle Itering-based trackers along wth the fast approximation
techniques is also applicable to the KLT tracker. The interestd reader is referred

to a feature point algorithm described in[]98] that uses this cxept of time-reversal
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for achieving robust tracking.

Finally, KLT as a tracking algorithm is a point tracker and does not estimate
uncertainty in any speci ¢ form (such as density or covariances)\e base our eval-
uation statistic on just the Euclidean distance between the inial point provided
to the tracker and the result of the time-reversed KLT tracker. The Euclidean
distance between the two points replaces the Mahalanobis disice used for the

particle Itering scenario.

3.4.2 Evaluations of the Mean-Shift tracker

The proposed evaluation algorithm can also be extended to thesan-shift tracker
[16] [17]. The mean-shift tracker contains two major compongs: object repre-
sentation and localization. Histogram-based appearance repeatation is adopted
for the object. Object localization is achieved through a na-shift optimization

process. The mean-shift tracker is popular due to its computatnal e ciency and

ease of implementation. However, there are two major limitaths that usually
cause the traditional mean-shift tracker to fail [I05]. The st limitation is that

the basic mean-shift procedure assumes that the scale of the objeamains un-
changed during tracking, which may not be true in many practal situations. To
handle scale change, it will bring uncertainty to the convernce of the tracker.
The second limitation is that the traditional mean-shift tracker uses radially sym-
metric kernels which cannot adequately represent various @t shapes. There-
fore, like other tracking algorithms, the traditional meanshift tracker may also

often encounter di culties during tracking, which makes it necessary to evaluate

50



3.5 Discussion

its performance in real-time.

Based on the same idea we used for particle Iter based trackerscathe KLT
tracker, we evaluate the mean-shift tracker using the distandeetween the forward
and backward tracker. Here, the status of the tracking objectam be characterized
by the location (assuming the scale remains constant). Hence, silmftuclidean
distance between the forward and backward kernel modes fouhy the mean-shift

method is used for evaluation.

3.5 Discussion

In this section, we discuss some of the properties of the evaluatialgorithm. In
particular we highlight potential similarities between ouralgorithms and tools in
existing literature. For example, ideas similar to time-revesal have been applied
to the image registration problem where it is desirable for théorward and the

backward maps to be inverses of each othér [104]1[14].

3.5.1 Similarity to the ELL

The proposed evaluation methodology is similar to the ELL stastic [92] in spirit,
both involving posterior of the tracking algorithm and the pior attime t = 0. ELL
propagates the prior density to timet and computes the inaccuracy between the
t-step predicted prior and the posterior ;. In contrast, the proposed methodology
time reverses the posterior; back to the initial time using a time-reversed system

and compares it against the prior at timet = 0. The main di erence in our
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formulation is that the t-step reverse prediction isconditioned on the observed

data, while the t-step prediction in ELL is unconditional.

3.5.2 Smoothing lter

In Bayesian smoothing algorithms, the quantity of interest ig(x;jy:-t), the poste-
rior of the state conditioned on all observationy;.t, including those in the future.
Computation of these smoothing posteriors involves running afward PF and a
backward PF and fusing their respective posteriors systemati¢al[55]. However,
in the smoothing algorithm, there are no new constraints that r@ used, in the
sense, that the dynamical system model (prior + state transition + bservation
models) is still the same. However, the proposed evaluation methdepends on
this concept of time-reversibility of the physical models, wiksh is a property that

is extraneous to the basic de nition of the dynamical systems. Ithis regard,

the concept of smoothing Iters and the evaluation methodolgy are two di erent

concepts; it is possible to apply the evaluation methodology tthe smoothing

lter.

3.5.3 Failure Modes of the Proposed Algorithm

While the proposed evaluation algorithm works well across a@eé range of tracking
algorithms (see Sectioi316), there are some cases when it fasch failures vary
with the selected tracking model and the speci cs of data. In p#cular, we discuss
two cases where the evaluation algorithm can potentially fiai

The rst scenario deals with tracking algorithms that lock onb the initial posi-
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tion, thereby losing track of a moving object. However, the tira-reversed tracker

used for evaluation will also remain locked at the initial posion (of the forward

Dt=5
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400} .
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Figure 3.3: Performance evaluation over occlusion. The olgct is completely occluded
by frame number 100. (Top left to bottom right) Tracking resu Its at frame numbers
1, 20, 40, 60, 80, 100, 120, 135 and 150 (Bottom row) Evaluatioresults using the
proposed algorithm ( t = t) and its fast approximations ( t =5; 15; 30; 60).
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tracker), and give low evaluation scores, indicating a gooddcking performance.
This is clearly a failure mode of the evaluation methodologwlthough for an un-
reasonable tracking algorithm. However, it highlights a potgial scenario where
the evaluation methodology might fail.

A second instance of failure involve trackers that are complely guided by
their motion models. This could possibly happen due to the obsetions being
rejected as outliers by the observation model, or in cases whex data association
step associates a missing data state with the tracker. In such a caske ttime-
reversibility of the motion model (most commonly used motion maels are time-
reversible in the sense that the same model with di erent paramets can explain
the time-reversed motion) would naturally guide the trackerback to its initial
value.

A more realistic situation involves a combination of the two abve-mentioned
scenarios. Consider an example, where a tracking algorithm lesen object in the
initial few frames of a video. For the remaining frames of theideo, the output of
the tracking algorithm is unpredictable. However, without sicient observations
to guide the estimate, the state transition model becomes the gidominant model
in governing the evolution of the posterior density. For trackg algorithms that
use a Brownian motion model on the state transition, the mean ohe posterior
does not change (and hence, remains close to the prgxg)). The evaluation
score in this case can possibly be of low value.

In short, the proposed method is very useful for many types of tc&ing prob-
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lems; with certain potential failure modes that can be deteed using simple heuris-
tics. It is also noteworthy that the proposed evaluation might il for a particular
instance of data-algorithm pair, it does not have a consistenailure mode (say

such as occlusion or illumination).

3.6 Experimental Results

In this section, we present experimental results of the propospérformance evalu-
ation method with particle ltering-based visual trackers, the KLT and the mean-
shift tracker. We rst show that the proposed evaluation algorihm can detect
various common failure modes in visual tracking systems using rpale lters.

We use the algorithm proposed in‘[110] as the representative tkang algorithm
for this set of experiments. This algorithm uses a six-dimensionatate space
for capturing a ne deformations, with a Brownian motion mode for the state
dynamics. The observation model is a template based OAM, which @&specic

mixture of Gaussian model proposed in [46].

3.6.1 Evaluation under common Tracking scenarios

Figure [3.3 shows results for a video where the object is comg@it occluded.
We used our evaluation algorithm once every 15 frames. The objaindergoes
occlusion around 100th frame. The proposed statistic and its fagpproximations
register peaks or sharp rises in value around this frame. It is wworthy that

evaluation using t = 5 does not seem large enough to capture the tracking
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failure. However, a higher value of t registers the loss of track. Finally, as
expected, inference using fast approximations is not usefultef a track failure
is registered. This is because that reference point against whithe algorithm is

being compared is corrupted.

Dt=5
—e—Dt=15 ]
| |—e—Dt=30
—e—Dt=60

B [<2] oo
I

20
—6—Dt=t
15r b
101 b
5 L -
0 s W
0 50 100 150 200

Time (in frame numbers)

Figure 3.4: Performance evaluation over slow pose changeTdp three rows) Tracking
results at frame numbers 1, 40, 80, 120, 160 and 200 (Bottom wes) Evaluation results
using the proposed algorithm ( t = t) and its fast approximations ( t =5;15;30; 60).
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Figure [3:4 shows the results of evaluation for a sequence in white object
exhibits a small change in pose, easily tracked by the tracker. Axpected, the
proposed evaluation methodology generates a test statistic whitakes low values
indicating a good tracking performance. Figur€3.5 shows éwation results on
an aerial sequence in which the tracker loses track of the objetue to the jerky
motion of the camera. The test statistics registers sharp peaksoamd the point
where the loss of track happens.

The proposed algorithm was tested on sequences in the PETS-2@kta set
and the evaluation is compared with the ground truth. The cormparison with the
ground truth is done by computing the distance between the cesr of the object
as hypothesized by the tracker to the ground truth. Figure§ 8 and[3.T show
the results on two sequences from the dataset. In Figure B.6, th@acker tracks
the object fairly well. Both the proposed statistic and the comarison against
the ground truth take a low value. Figure[3.¥V shows the evalu@n results for
a scenario involving tracking failure. While all statistics rgister the failure of
track, the proposed statistic registers the track failure befer the ground truth.
This is because of the specic evaluation criterion used with # ground truth,
which involves comparing only the centers of the object, wlei the bounding box

is inaccurate before the loss of track (frame 60).

3.6.2 Receiver Operating Characteristic

To further give a statistical evaluation of the proposed evalu@mn method, we cre-

ated a data set containing 40 sequences obtained from variousrsarios, like out-
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Figure 3.5: Performance evaluation in an aerial sequence. [e tracker loses track of the

object around frame 110 due to jerky camera motion. (Top three rows) Tracking results

at frame numbers 1, 20, 40, 60, 80, 100, 120, 140 and 160. Theu& object location is

marked in red after the algorithm loses track. (Bottom row) E valuation results using the

proposed algorithm ( t = t), its fast approximations and the KL divergence between

prior density and posterior of time-reversed chain.
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Figure 3.6: Performance evaluation on a PETS sequence indling ground truth. (Top

three rows) Tracking results at frame numbers 1, 30, 60, 90, 20 and 160. (bottom
three rows) Evaluation results using proposed statistics ad its fast approximations and

the ground truth. Tracking performance remains fairly consant as shown by both the
ground truth and the proposed evaluation strategy.

door/indoor, vehicle/human, optical/infrared, static/mo ving camera, ground/airborne,

etc. These video sequences were each obtained from standarceidatasets such

as the PETS 2001, 2002 dataset, the aerial sequences from the \D\dlataset,
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Figure 3.7: Performance evaluation for a PETS sequence inatling ground truth. (Top
three rows) Tracking results at frame numbers 1, 20, 40, 60,@& 100, 120, 140 and 160.
The true object location is marked in red after the algorithm loses track. (bottom three
rows) Evaluation results using proposed statistics and itsfast approximations and the
ground truth.
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Figure 3.8: The collected data set for obtaining ROC curve ofthe proposed evaluation
method.

the TSA dataset and other videos collected at the University of Bryland. Each
sequence composes of 200 frames. The rst frames of each sequemcshown in
Figure 3.8.

Ground truth for each video was obtained manually, and comfzes of a tight
bounding box (parallelogram) around the object at frames;20;40;:::;200. A
detection event corresponds to detecting the failure of theacking algorithm. The
true state of nature is obtained by using the spatial overlap beteen the ground
truth and the region assigned as the object by the MAP estimate ohe tracking
algorithm. A low overlap between the two con rms that the tracking performance
is poor, and is denoted as a detection of failure.

After obtaining the evaluation statistic values, we vary a threshbld to get dif-

ferent detection and false alarm rates and plot the ROC curvalVe plot operating
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Figure 3.9: We characterize the performance of evaluation s1the length of the video
(number of frames) changes. The encircled points are the (Bgesian operating points)
for equi-prior, and 0 1 cost structure.

curves under various scenarios.

3.6.2.1 Length of the Video

We performed experiments characterizing the performancé the evaluation algo-
rithm as the length of the video increases. This is to quantifynte possible small
degradation of performance as the length of the video increas. Figure 3.9 shows
the ROC curves for videos of length = (20;60; 100 200) frames. Also marked
are the Bayes' operating point for equi-prior and 0 1 cost structure. This allows
us to get a quantitative assessment of the Bayes risk and its degedithn as the

length of the video increases. This allows us to interpret the ®C curves better.
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Figure 3.10: The ROC curves of the proposed evaluation methdfor OAM-based particle
Itering. The evaluation was performed at the nal frame of a 200 frame long video.
Each line corresponds to a fast approximation scheme with dérent approximation
length. Note that performance does not degrade much betweethe basic evaluation
strategy t =200 and an approximation t = 100.

For example, atl = 60 the detection probability is P, = 0:94 at a false alarm
probability P = 0:13, which falls toPp = 0:73 whenl = 200 (same the same

false alarm ratePg).

Length of the Video| 20 | 60 | 100 | 200

Bayes Risk 0.12/0.1|0.18| 0.21

Table 3.2: The Bayes risk of the evaluation algorithm.
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Figure 3.11: The performance comparisons of the proposed @wuation method for OAM-

PF and FAM-PF trackers. The evaluation performance remains firly same over two
di erent tracking algorithms hinting at the robustness of t he evaluation strategy over
di erent tracking algorithms.

3.6.2.2 Fast Approximation

We next show the di erences in performance between the basicaévation method
and its fast approximations at various t. The curves in Figure 3.10 show the ROC
for evaluation at the last frame of the video (att = 200) using the basic algorithm
( t =200) and fast approximations at t = 20;40;100. Note that in the fast
approximation method, if an intermediate point is declareds a track failure, then
all subsequent points are also declared as track failures. Thisntributes to the
poor performance at t = 20. It is seen from the gure that with appropriate
intervals, like 100 frames, the performance of the fast appronation strategy is

comparable to the basic framework, while keeping the compuian time constant.
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Figure 3.12: Performance comparisons of the proposed evaition method by using
Mahalanobis distance and KL divergence based evaluation atistics respectively. Eval-
uation performance seems fairly similar under either metrc. This could possibly hint
at the unimodality of the densities around the prior time instant t = 0. The similarity

in evaluation justi es the use of the faster Mahalanobis digance in the place of KL
divergence which is expensive to compute for point clouds.

3.6.2.3 Tracking Algorithm

We ran the evaluation method for particle Iter-based trackng algorithms based
on the OAM and a xed appearance model (FAM). We show both the ROCuwrves
in Figure 3.11. The test data set is the same for both trackers, whithe evaluation
performance is di erent by a small margin. Further, a compagon with the ROC
curves in the evaluations of the KLT and mean-shift trackersshown in Figures
3.16 and 3.14) suggests that the performance of the evaluatiorethod may reveal
some characteristics of the underlying tracking algorithm. W plan to explore this

as a part of future work.

65



Chapter 3. Online Performance Evaluation of Visual Tracking
Algorithms

3.6.2.4 Choice of Evaluation Metric

In computing the evaluation statistic, we proposed to use Mahatebis distance in
place of distances such as the KL divergence which directly cpares two densities.
To test the e ectiveness of this Mahalanbois metric, we also cqmuted the KL
divergence-based distance when using the basic framework wheecomputation
is feasible given the Gaussian prior distribution. The compariss in Figure 3.12
show that there is no signi cant di erence between using the Madlanobis distance
and the KL divergence in our experiments. This could possibly béue to the
unimodality of the densities around the prior time instantt = 0. The similarity
in evaluation justi es the use of the faster Mahalanobis distarein place of the

KL divergence which is expensive to compute for point clouds.

3.6.2.5 Evaluation of Mean Shift Tracker

Using the same data set as used for the particle ltering-based trker evaluation,
we tested the evaluation algorithm on the traditional mean-sit tracker. By
excluding some sequences where the traditional mean-shift ¢k@r completely
fails from the very beginning, which makes the evaluation cgpletely unreliable
as we discussed earlier, the nal test set contains 26 sequences a6d evaluation
points in total. Figure 3.13 shows the evaluation results for aequence with slow
tracking drift. The corresponding evaluation score for this spience increases
indicating the increasing drift in tracking. We use the same gund truth as in the

particle Itering case. The true state of the track (failure ornot) was determined
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Figure 3.13: Performance evaluation for a sequence trackedy the mean shift tracker
with slow tracking drift. (Top three rows) Tracking results at frame numbers 20, 40,
60, 100, 120, 140, 160, 180 and 200. (bottom) Evaluation rea using the proposed
statistics under the basic mode.

by comparing the hypothesized region to the ground truth. Ldc of su cient
overlap between the two was labeled as a failed tracker. Theatuation metric
was designed based on the distance between the output of the thmeversed mean-
shift and the initial guess. The Euclidean distance between thevb was used (as

the scale of the tracker remains xed, which makes the Euclide distance almost
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equivalent to spatial overlap). As before, we computed the ROCurve using
the dataset of 26 sequences (see Figure 3.14) show-casing theopmdnce of the
evaluation method for the mean-shift tracker. We designed thiwork based on

the code from http://www.cs.bilkent.edu.tr/ ismaila/MUSCLE /MSTracker.htm.
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Figure 3.14: Evaluation results for the mean shift tracking algorithm over a dataset of
26 videos, snapshots from which are shown at the top. The ROCuwrve of the evaluation
algorithm for the tracker using the basic mode is shown at thebottom. From 26 videos
of 200 frames each, we obtained 260 evaluation points whichexe used to generate the
ROC curves.
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3.6.2.6 Evaluation of KLT Feature Tracker

Figure 3.15: Test images used for the KLT tracking algorithm overlaid with the selected
feature points. Each image was translated to create a synth& video providing ground
truth for evaluation.

We also tried to use the proposed method to detect tracking failes when
the KLT feature tracker is used. The KLT is a feature point traking algorithm
and hence, we can generate multiple test cases from a single imag-or our
experiments, we used four images, and selected 200 features pwge using the
KL feature selection criterion (see Figure 3.15). Selectin@@ features per image
gives us a mix of good and bad feature points (in terms of thetractability). We
create a synthetic sequence by translating the images. This gévas the ground

truth for the sequence. A feature point is considered to have ifted if it diverges
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Figure 3.16: Performance of the evaluation method for the KIO' feature point tracking
algorithm. (Top left column) The initial frame and the enlar ged details for KLT track-
ing. The red dot shows the initialization of the KLT tracker a nd the green plus sign
shows the ground truth. (Top right column) The nal frame and its enlarged details
for KLT tracking. As we can see, many tracking feature points (red dot) have drifted
away from their ground truth locations (green plus sign) and been detected by the eval-
uation algorithm (the blue circles indicate the drifted points which are connected with
their ground truth locations by blue line). (Bottom) The ROC Curve of the evaluation
method for KLT tracker using 4 images and 800 feature points.
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by more than 2 pixels from the ground truth. As before, we use ROCurves to
characterize the detection of drift using our evaluation méindology. The ROC
curve in Figure 3.16 indicates that the evaluation method wis very well for the

KLT tracker. We also show some detection results in Figure 3.16.

3.6.3 Ranking the Performance of Trackers

We have showed above that the proposed online evaluation algbm can detect
tracking failures in the absence of ground truth data. In addion to this, the
proposed algorithm can also be used to compare the performandedoerent
trackers. We compared the performances of the three trackarsed in this chapter:
the particle lter-based tracker with OAM, the particle lter -based tracker with
FAM and the mean-shift tracker. Since the KLT tracker is a featue tracking
algorithm and requires a di erent test set, we did not includetiin this ranking
experiment.

The experiment was performed as follows. For each tracker, weunt the
number of tracking failures reported at di erent false alarmrates over the data
set shown in Figure 3.14. For each tracker, we have 260 evalwatipoints (26
sequences, with 10 evaluation points each). We can see from ttgure that at
a false alarm rate of 0.6, the detection rates for all three tckers are very close,
therefore we can compare the performance of each tracker arms of the number
of detected tracking failures at this point. Intuitively, a tracking algorithm with
more detected track failure should correspond to a poorer trkiag performance.

From the gure, the ranking order for the three trackers we us# here results in
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(PF tracker with FAM) < (PF tracker with OAM) < (Mean-shift tracker), from

left to right, worst to best performance. Notice that:

Dpad

Gpad * Ggood = Total number of evaluation points

Gbad Detection Rate + Ggood False Alarm Rate

(3.9)
whereDp 44 is the detected number of failuresGp 54 is the real number of failures
( ground truth).

With the help of the ROC curves of the proposed evaluation algehm together
with the number of detected failures, we can recover the grodriruth number of
tracking failures. The results are: 152 (PF tracker with FAM), @ (PF tracker
with OAM) and 66 (Mean-shift tracker). As we can see, the ground trth ranking
result of these three trackers gives the same ordering as the posed evaluation
algorithm.

It is noteworthy that the above comparison is valid only becase that the
detection rates for the tracking algorithms are similar at tle false alarm rate of
0:6. At a di erent operating point where the detection rates ae not similar (for
the same false alarm) such a comparison becomes invalid as tragkiith a higher

detection rate tends to report larger number of detected fhires.

3.6.4 Summary

To summarize, the following properties of the proposed evalian scheme are
highlighted. The proposed evaluation algorithm is shown to dect common failure

modes in visual tracking and also compares favorably with grad truth based
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Figure 3.17: The ranking result of the three trackers: the paticle lter-based tracker
with OAM and FAM, the Mean-shift tracker. The above is the corr esponding ROC
curve of each tracker on the data set described in Figure 3.14The bottom plot is the
number of detected failures (the number is in percentage) usg the proposed evaluation
algorithm for each tracker at di erent false alarm rates.

evaluation. The value of t is shown to be critical in the e ciency of the fast
approximations. A value of t = 40, or 60 seems reasonably large enough to
register failures. It should be noted that fast approximations @ meaningless
after detection of failure, as the reference point against wdh they are compared
does not correspond to good tracking. The choice of threshold teclare poor
performance can be decided for a speci c tracking system by ingpien from the
ROC curve. The choice is also in uenced by the value oft. It can be seen that for
all the experiments in this dissertation, the inference fromhte proposed evaluation

agrees well with subjective evaluation of track failures. Theupplemental material
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includes videos showcasing the working of the evaluation atghm.

3.7 Conclusion

In this chapter, we present a method to provide automatic andrdine evaluation
of the tracking performance in visual systems without the knowlge of ground
truth. The proposed evaluation algorithm works by verifyingthe prior at time
t = 0 against the posterior of a time-reversed chain. The time-revsed chain
is initialized using the posterior of the tracking algorithm. We characterize the
performance of the algorithm using ROCs under various operagy conditions.
While the focus in the dissertation has been on systems using paté Itering,
the evaluation method is fairly independent of the trackingalgorithms used. In
this regard, we show that the algorithm works well for other tacking approaches
such as the KLT and the mean shift tracker. We also show that the elation
methodology can also be used to rank di erent tracking algofitms according to
their performance. We envision the use of the evaluation mettologies proposed
in this dissertation for online veri cation and ranking of tracking performance.
Future research e orts include tracking algorithms that optmize the evaluation

metric so as to minimize the chances of track failure.
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Bi-directional Visual Tracking

4.1 Introduction

In the last chapter, we applied the time reversibility propery of object motion to
online performance evaluation of tracking systems. This onknevaluation method
can greatly improve the robustness of tracking systems and enalgersistent track-
ing of objects. In this chapter, we continue to apply the time eversibility idea to
improve the accuracy of visual trackers.

Given that the kinematic and dynamic information of the objet can not be
observed from the video directly, researchers try to infer thenotion information
through some observable properties of the object under motipmmong which
the appearance of the object is probably the most widely used. h&re are sev-
eral tracking algorithms that have been developed based onelassumption that
the appearance of the object is unchanged or the change can dlained us-
ing some object motion models. Most matching-based tracking algthms fall
in this category, along with the popular KLT [64] [89] [85] ad the mean shift
tracking algorithm [16] [17]. To improve the tracking perfomance, various 2D

or 3D appearance models have been developed to handle the empnce change
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during tracking. Researchers have also incorporated addital knowledge, like
camera calibration, scene geometry, scene illumination, etéor appearance-based
tracking. Algorithms like CONDENSATION [44] and patrticle Ite ring based al-
gorithms [25] directly incorporate the dynamic model of thebject motion into
tracking methods. These algorithms generally involve an olgestate transition
model and an observation model, which combines both motion drappearance
models of the object. The dynamic models used in these algoritk are generally
loosely de ned, which are good for general object motion, ngast for a specic
motion model, like constant speed, constant acceleration or arrdom walk plus
some noise.

Researchers have taken various approaches to exploit and argorate more
information about the true object motion, like adaptive speé or trajectory pre-
diction models [106]; however, to the best of our knowledge fundamental char-
acteristic called time-reversibility of object motion has ben ignored in most of
the past and current works. Simply speaking, since all the targeto be tracked
are macroscopic solid objects in the physical world and the phgal laws of clas-
sical mechanics are time-symmetric, all the motion process dfet targets should
be time-reversible, which means that the time-reversed praassatis es the same
dynamical equations as the original process. This motion rewtility directly
implies the reversibility of tracking algorithms if they can perfectly follow the
moving of objects. Therefore, a good tracking algorithm shadilperform equally

well during backward tracking. However, most of the existing tacking algorithms
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are designed by looking forward only in the time domain insteadf looking bidi-
rectionally during tracking.

If we look at the tracking problem as a black box shown in Figurd.1, the
inputs of the black box are the observations and object state &t 1, the output is
the object state at the current framet. The process of how the object evolves from
the previous state to the current state is not totally obvious ¢ the observers due to
the limited information contained in the video data. We clain that irrespective of
the speci c trajectory of object motion, if we switch the time &is in the physical
world, we can expect that the object will go back to the exacglsame state at time
t 1. Hence, if the tracking strategy does capture the true objechotion during
this time interval, which implies that the object state is wel estimated at time
t, then using the same tracking strategy, the backward estimatedfect state at
time t 1 should be identical to the forward state at timet 1. On the contrary,
if the tracking algorithms do not preserve the time-reversility characteristic of
the motion process, it is very possible that it has failed to trackhe object or may
fail soon. In practice, it is very di cult for the forward trac king algorithms to
maintain the time-reversibility property with time.

In this chapter, we present a new bi-directional KLT feature tacker. Instead
of just looking forward in the time domain, we simultaneously pgorm both the
forward and backward tracking using the time-reversibility onstraint. The new
algorithm reduces the possibility of the tracker getting stuckn local minima and

signi cantly improves the tracking robustness and accuracy. fie experimental
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Figure 4.1: An illustration of visual tracking

results show that the improved KLT tracker signi cantly outperforms the orig-
inal KLT tracker without demanding additional computational resources. The
proposed time-reversibility constraint is general enough toebincorporated into
many existing tracking algorithms, as well as for computing djgal ow.

Before proceeding further, we clarify the notion of time-neersibility and dis-
tinguish it from backward processing or smoothing. Some algdmniins also consider
backward tracking [87] [10]; however, they perform forwardnd backward tracking
separately and then merge the results in order to get better germance. There
are some other works using backward tracking in video codingea [83] [84]; how-
ever, these strategies do not exploit the notion of time-revability in tracking.
The consistent image registration method proposed by Christensenal [14] [13]

is probably the closest to exploiting time-reversibility in spiit.
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CONDENSATION and particle smoothing methods [55] [45] [25] csider both
the past and future observations to get a smoothed estimate, whi@also involves
backward processing. There is no contradiction between thente-reversibility
constraint and the Bayesian smoothing strategy. In Bayesian smduohg, the
performance improvement is due to the backward- ow of infenation from future
data while time-reversibility means that the entropy involhed in the motion process
IS non-increasing. In practice, time-reversibility is only pproximately satis ed
due to noise or partial observations. Bayesian Itering or smoothg is trying to
minimize the information decrease during tracking [80], wbh in e ect is similar
to using the time-reversibility constraint.

Many of the current tracking algorithms maximize a likelih@d function or
minimize a cost function. Since the likelihood functions uslig have multiple
local minima, especially for high dimensional data like image the tracker may
get stuck in some local minima in practice. In the approach usinthe time-
reversibility constraint, the chance to nd the global minimais higher because
more constraints are incorporated into the optimization proess. In the next
section, we apply this bidirectional tracking strategy to thewidely used KLT

feature tracker.

4.2 The New KLT with the Time-Reversibility Constraint

In Chapter 2, we have introduced the KLT feature tracker. We aotice that the

nal solution in (2.11) seems to smooth the forward and backwarttacking results
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by simply averaging them. In general the forward KLT results wi di er from the

backward KLT results due to asymmetry in image information. Tle symmetric
expression in (2.8) may be confused with the time-reversibilitgonstraint pro-
posed in this dissertation. However, we can see from (2.8) that aftswitching
to symmetric expression, the objective function tries to mininze the di erence
betweenl (p ) and J(p + ) while the KLT method attempts to nd the best
match for the feature centering atl (p). We will further explain this point in the

next.

4.2.1 The New KLT using the Time-Reversibility Constraint

Following the original de nitions in KLT, we propose a new obgctive function for

KLT using the time-reversibility constraint.

Z Z
(8;8°) = argmin B(p+d) 1(p)*w(p)dp
27w
+ [[(p+d+d°) J(p+ d)°w(p)dp
w
+ (d+d°)T(d+ d°) (4.1)

whered® is the backward displacement vector when tracking frorhto t 1,
is a regularization parameter. Assumingl and d° are small, we can perform

the following approximations using the rst order Taylor expansion:

| (p+d+ dP) | (p)+ r 1(d+ dP)

J(p + d) J(p)+ r Jd (4.2)

By setting the derivatives with respect tod and d” to zero respectively, we
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have the following constraints which are given in their discte forms:

XX
0 = [Hor H r DT+(r H r 1)d"]
XX
+ [(rJTr J+r HTr HYd]+ (d+ d?)
xx v
0 = [Hr 1T +(r 1Tr H)d]
x X
+ (r1Tr Dd®+ (d + d?) (4.3)
w
whereH =1 J. Solving the above equation group, we nally get:
ud = "
— 1 1 1
U = AD C+ D C éB
"= (A+ 1)D YV W)+ %(s R) (4.4)

where the de nitions of A;B; C;D; V;W;S; R are given below:

X X X X
A = (r)'r1;B= (r)'r J;
xx W xxW
C = (r)'rJ;D= (r DHrl;
xx W xx W
R = I(r)T;S= Jr T
xx W xx"
V = I(r HT;W = Jr T (4.5)
W W

If we re-write the original KLT equation using the above de nel variables, we

get:

1
Z= 5(A+B+C+D),

e::—ZL(R S+V W) (4.6)
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4.2.2 Comparison to the Original KLT

By comparing the new KLT and the original KLT, we nd that alth ough all the
variables appear in both the original and the new KLT equatios, the interactions
between these variables are dierent. The original KLT just Inearly combines
the forward-only and backward-only mappings while in the ne KLT process,
the forward and backward are performed simultaneously, actlg improving the
performances of each other.

Also, we notice that the new KLT has almost the same computationalost as
the original one. Actually in practice, the new KLT even requies less computa-
tions than the original one because the required number of regions is lower to
achieve the same performance.

An interesting observation is that even when = 0, the new KLT still has a

completely di erent expression from the original KLT. When =0, U and" are:

1
AD 'C =B
2

" AD (Vv W)+%(S R) 4.7)

U

This is due to the second term in (4.1). In our experiments, we dod that the
new KLT outperforms the original KLT even when equals to 0. The reason
is that the rst two terms in (4.1) still involve the interactio n between forward
and backward processing, implicitly enforcing the time-revsibility constraint. In
fact, the second and third terms in (4.1) both improve the traking performance.

We will further study their contributions in section 4.3.
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4.2 The New KLT with the Time-Reversibility Constraint

4.2.3 Good Features to Track

Shi and Tomasi [85] presented a method to select good featuresttack. The
method is based on the rationale that if both the eigenvaluesf the matrix R
as de ned above are larger than some threshold, which impliebat the KLT
eqguation can be robustly solved, then the feature in general lexhibit complex
textures and be good for tracking.

Since the new KLT has the same form as the original one, we cars@ljudge
if a feature is good for tracking or not. Actually in both symmetic KLT and
the proposed new KLT, the corresponding matrix contains infonation from two
images, so the explicit physical interpretation of the eigenlaes is hard to see.
Both the original KLT matrix and the new KLT matrix show good properties in
terms of their stability in solving the equations. We studied thecondition number
of the both matrices, which is in general an indication of goodtability if the
value is close to 1. The experimental result shows that the comidin number of
the new KLT matrix is on the average more closer to 1 than the aginal KLT.
This provides an explanation for the improvement due to the ew constraint.

As di erent tracking algorithms lead to di erent matrices, evaluating if a fea-
ture is good or not for tracking is not completely determinedby the characteristic
of the feature itself. A bad feature in one algorithm can be galoin the other. In
the experiments, we nd that the proposed new KLT can track someshtures well

when the original KLT fails to track them.
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4.3 Experimental Results and Discussions

We implemented the new KLT algorithm based on the latest C codd the original
KLT algorithm which is widely used and can be downloaded fromhe website:

http://www.ces.clemson.edu/ stb/klt/.

4.3.1 Performance Evaluation on Clean Sequences

4.3.1.1 On Real Sequence With No Ground Truth

First, we compare the results on the sequence contained in the Kcode package,
which we call "the Table sequence'. In the Table sequence therema exhibits a
rotation from left to right. To fairly evaluate the performance, we used the same
set of parameters for both algorithms. We also disabled some thredls for
removing bad features during the tracking procedure unlesfidy are out of the
image region.

We selected 200 feature points for both algorithms using the sammethod
contained in the package which is based on [85], so the startingafure points
are the same for both algorithms. The iteration number is set toQ which is
su cient for both algorithms to converge. Figure 4.2 shows theesults for both
algorithms at the starting and ending frames together with somenlarged details.
The feature points are colored as red dots. We circled the ptsnwhere the two
algorithms di er signi cantly, say, by more than 3 pixels. By visual inspection,
we found that the new KLT kept tracking well on those points whie the original

KLT lost track of them.
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O

Figure 4.2: Tracking results of the original KLT (left colum n) and the proposed KLT
(right column) using the time-reversibility constraint at t he starting and ending frames.
The green circled points on the left side di er signi cantly with the yellow circled points
on the right side. It is easy to see that the new KLT keeps tracking those points well
while the original KLT fails to track them.
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error = 0 0.05 0.2 2 20

n 1427 1427 1427 1427 1426

mean original KLT 0.2351 | 0.2351 | 0.2351 | 0.2351 | 0.2353

new KLT 0.1429 | 0.1424 | 0.1435 | 0.1487 | 0.1429

variance | original KLT 1.7419 | 1.7419 | 1.7419 | 1.7419 | 1.7431

new KLT 0.7935 | 0.7936 | 0.7928 | 0.7983 | 0.7898

Table 4.1: The generated random translation is uniform betvween 0 and 12 pixels in both
directions, where we can see the best performance is achievethen = 0:05. The value
of is normalized by the size of the feature window.n is the number of points involved
in the experiment. The value of error is in pixel unit.

4.3.1.2 On Synthesized Sequence With Generated Ground Truth

To further quantitatively evaluate the performance, we uselhte rst frame of the
Table sequence to generate a new sequence with random transias in both
x and y directions. Therefore all the features points have theame motion as
the generated random translations. Two-level image pyramidsre used in both
algorithms. The results of the algorithms are then compared th the ground
truth. The e ect of dierent  has been studied on two synthetic sequences with
di erent motions. We summarize the quantitative results in Tabe 4.1 and 4.2.
For the sequence with translation distributed between 0 to 12,he mean error
curves with respect to are plotted in Figure 4.3 with red and blue lines for the
original and new KLT respectively. As we can see, the new KLT usintpe time-
reversibility constraint consistently outperforms the origiral KLT in di erent

values. The average improvement is more than 35%.
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Figure 4.3: The mean errors of the original KLT and the new KLT. The red and blue
lines are the results for the sequence with translation unibrmly distributed from 0 to
12; the yellow and green lines are the results for the sequeaavith translation uniformly
distributed from O to 20.

In this sequence, the change due to is quite small between = [0;20].
Comparing the error at = 0 and others, there is not a signi cant change while
the performance is still much better than the original KLT. This result shows
that the second term in (4.1) does contribute to improving theesults. Both the
average errors of the original and new KLT methods on this segnce are quite
small, primarily due to the motion being small translation. Fran these results,
we probably can say that the improvement on good sequences nigioomes from
the second term.

We also generated another sequence with increased translatioagnitude. We
can see the improvement due to the third term in Table 4.2. We d the value

of to achieve the best performance increased in the new sequencth warger
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Figure 4.4: Tracking results of the original KLT (left colum n) and the proposed improved
KLT (right column) at the ending frame on the generated sequence with known ground
truth. The green and yellow cross signs provide the ground tath positions of the feature
points. The up-left corner of the small red block should overdy on the center of the
cross if tracking were perfect.

motion. The mean errors of both algorithms are shown in yelloand green curves
respectively in Figure 4.3. This result tells us that the thirdterm helps more
when the original KLT has more di culties in tracking than in situations where
it is easier to track. Figure 4.4 shows the tracking results of Ilo algorithms at

the ending frame, where used in the new KLT equals to 0.2.
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error = 0 0.05 0.2 2 20
n 1235 1232 1231 1233 1237
mean original KLT 1.0973 | 1.1001 | 1.1009 | 1.0974 | 1.0659
new KLT 0.5019 | 0.5405 | 0.4777 | 0.5066 | 0.6181
variance | original KLT | 40.2333| 40.3281| 40.3601| 40.2967 | 39.2340
new KLT 9.9528 | 13.7966| 9.2691 | 9.4448 | 11.3291

Table 4.2: The generated random translation is uniform betvween 0 and 20 pixels in both
directions, where we can see the best performance is achievat = 0:2. The value of

is normalized by the size of the feature window.n is the number of points involved
in the experiment.The value of error is in pixel unit.

4.3.2 Performance Comparison on Noisy Sequences

We add Gaussian noise to the sequence with random translations fommly dis-
tributed between 0 and 12. The variance of the zero-mean noige0.005 which
is normalized by the range of the image intensity. Table 4.3 stvs the results of
both algorithms for di erent ; and the mean errors are plotted in Figure 4.5. It
is seen that the best performance is achieved at= 40, which con rms the above

conclusion that larger value of should be used for more di cult sequences. This
is because the values of the rst two intensity evaluation terméncrease for more
di cult sequences; thus to make the third term comparable to the rst two terms,

a larger

is needed. Figure 4.6 provides the tracking results for botHgmrithms,

where equals to 40 in the proposed new KLT.
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error = 0 2 20 40 60
n 1311 1310 1282 1269 1264
mean original KLT 1.3192 | 1.3158 | 1.3395 | 1.3331 | 1.3210
new KLT 0.9666 | 0.9278 | 0.9180 | 0.9165 | 0.9306
variance | original KLT | 11.9968| 12.0254| 12.3895| 12.1590| 11.7519
new KLT 2.4290 | 2.3080 | 3.3098 | 3.4253 | 3.5468

Table 4.3: Results on the noisy sequence with random transteon uniformly distributed
from 0 and 12 pixels in both directions, where we see the bestgsformance is achieved
at = 40. The value of is normalized by the size of the feature window. n is the
number of points involved in the experiment. The value of eror is in pixel unit.

-o- the original KLT
- © -the new KLT

Mean error in pixels
=
B
o

0.0 2 20 40 60
lamda value

Figure 4.5: The mean error of the original KLT and the new KLT. Gaussian noise is
added in the sequence with translations uniformly distributed from 0 to 12.
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Figure 4.6: The tracking results of the original KLT (left column) and the improved

KLT (right column) on a noisy sequence at the ending frame. The green and yellow
cross points provide the ground truth positions of the featue points. The up-left corner
of the small red block should overlay on the center of the crasif tracking were perfect.
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Figure 4.7: The mean error of the original KLT and the new KLT for di erent iteration
numbers from 1 to 10.

4.3.3 Speed Comparison

The new KLT using the time-reversibility constraint is a real-ime algorithm,
which does not add noticeable increase in computational costpmpared to the
original KLT. This can be expected from the similar linear eqgations solved in
both the original and new KLT. We plot the mean error of both afjorithms under
di erent iteration numbers in Figure 4.7. It can be seen that he new KLT even

converges a little bit faster than the original KLT.

4.3.4 Good Features to Track

We studied the condition number in the original KLT matrix Z and the new KLT
matrix U. The condition number here is de ned as the absolute ratio ofhe

maximal eigenvalue to the minimal eigenvalue of a matrix. \m solving a linear
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Figure 4.8: The average condition number of the matrices fo200 points at each frame
during tracking.

equation like M x = | if the condition number of M is large, even a small error
in  may cause a large error irx. In the original Table sequence, the average
condition number of the original KLT matrix is about 8.9171 while the condition
number of the new KLT matrix is about 2.6621. This is based on thevaluations of
200 points across 10 frames. And from Figure 4.8, we also nd thaté condition
number increases in the original KLT while it remains nearly @nstant in the new
KLT based on the time-reversibility constraint. We believe thathis explains the
performance improvement due to the new constraint, from theiew of numerical

computation stability.
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4.3.5 Additional Results on Large Object Tracking

To test the improvement of the new tracking strategy using the the-reversibility
constraint on tracking large objects, we performed an exhaugé search based
tracking on a generated very noisy sequence. The objective @ions used are
the same as the original KLT and the new KLT. The di erence is inthat in KLT,

a gradient decent like search method is used while an exhaustsearch method
is used here. The results are shown in Figure 4.9. We can see thatngsthe
time-reversibility constraint, the block can be tracked wellwhile it can not be
tracked without such a constraint. Thus we believe that by comhbing the time-
reversibility constraint with some large-object tracking algrithms could improve

the tracking performance too.

4.4 Conclusions

In this chapter, we exploited the time-reversibility constrant in designing visual
tracking algorithms, which has not been studied before. We afped this idea to the
popular KLT feature tracking algorithm and developed a new KT algorithm using
the time-reversibility constraint. Extensive experimental esults were presented
comparing the performance between the original KLT and theew KLT. The
results show that the performance of the new KLT algorithm hasden signi cantly
improved. A simple experiment on tracking large object is alsgiven, which shows
that the proposed strategy is very promising for tracking largebjects. The work

on improving other tracking algorithms, such as mean shift tragng, and optical
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Figure 4.9: Tracking the black block by searching in a neighlorhood around the ob-
ject using a xed appearance model. The top row shows the redtuwithout the time-
reversibility constraint at the starting and ending frames, which fails to track the block.
The bottom row shows the result using the time-reversibility constraint at the corre-
sponding frames, which obtained good tracking of the block.
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ow methods will be studied in the future.
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Chapter 5

Boosted Ranking Model for Model Alignment

Model alignment has been an active research topic in computeision for over
two decades. The task of model alignment is to adjust a shape model tem-
plate to be in accordance with the shape of an object in images. ollel align-
ment has broad interactions with many other vision tasks, such aspject detec-
tion/tracking/recognition, activity analysis, human expression recognition, etc.
The performance of model alignment is very important for subgeent applica-
tions; however, the accuracy and robustness of present algonth are still not

su cient for practical applications on large data sets.

5.1 Model Alignment Problem

Model alignment can be viewed as a special registration probie In general, from
the perspective of data to be processed, the registration probiecan be divided
into three categories: image to image, graphics to graphicedagraphics to image.
Usually the registration procedures are converted to minimize distance metric or
maximize a similarity measure which is de ned to indicate howapd the current
registration is.

Model alignment task belongs to the third category, which tes to overlay a
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deformable shape template on an image to indicate the locati® of object com-
ponents or features. Unlike the other two categories where tliistance metric
or similarity measure can be straightforwardly de ned, in the nodel alignment
problem, it is rather tricky when one has to evaluate the distace or similarity

between two di erent types of data: images and graphical shamodels. This
intrinsic di culty makes model alignment and other similar registration problems
very challenging yet attractive to many researchers. Therefe, how to avoid or
solve this problem actually characterizes various algoriths developed. Intuitively,

there are two ways to handle this problem: either convert inges to graphical fea-
tures or build image instance from the shape model. The rst metid extracts

graphical features from the image, like edge, corners, struces, etc., and mea-
sures the distance between graphical features and the shape mlothowever, due
to the diculty in extracting enough clean and meaningful graphical features
from images, this method has not been successful in practice. Téecond method
compares the object image and some \standard" image instanceilbbdrom the

training data to measure the distance in image domain. Algoritins based on
this strategy have dominated the deformable model based aligent/registration

area. The well-known ASM [19], AAM [5] [18] and the most recentlyeleloped
BAM [62] algorithms belong to this category. In the following we will intro-

duce these algorithms for solving the face alignment problemhich is useful for

developing recognition algorithms for non-frontal face iages.
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5.2 Prior Work

Cootes et al. proposed successful ASM and AAM algorithms in 1992 [¥9]d
2001 [18] respectively. The majority of the prior work in facalignment is based

on ASM, AAM or their variations [20] [21] [22] [24] [52] [81] [96]

5.2.1 Active Shape Model and its extensions

We rst look into the ASM algorithm proposed by Cootes et al [19].In ASM, an
object shape is represented by a set of landmark points. The comrates of the
2D shape landmarks, Xi; y;);i 2 [1;v], are concatenated in some prede ned order
to form a vector denoted bys, wheres = (X1;Y1; X2, Y2, 5 Xy, Yv) . Then the
statistical shape model, which is also called the point distribitn model (PDM),

is built using principal component analysis (PCA):
S=So+ LS (5.1)

wheres, is called the mean shape and is the i!" shape basis, the coe cient
pi is the shape parameter computed by projecting onto the ith shape basis.

Di ering from non-statistical active models like Kass's Active @ntour Models
(ACM or 'snakes') [53] which only aim at imposing smoothness on thaurves, sta-
tistical shape models learnt from a training set using PCA analysirepresent the
shape model in a parametric way. It gives a compact representat of allowable
variations while prohibiting arbitrary deviations. The active shape model uses a
local appearance model. By sampling along the pro le normabtthe boundary

in the training set, it builds a statistical model of grey-levelstructure for each
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landmark. When aligning the shape model to a new face image etASM tting
procedure alternates between searching local landmark, atige projections of the
statistical shape model.

The ASM-based algorithms often suer from local minima problemwhile
searching for local landmarks because the 1-D pro le appea@ model is in-
su cient to distinguish feature points from their neighbors. Many algorithms
have been presented to improve the performance, including reosophisticated
representative and discriminative local appearance models. ns® examples are
Gabor wavelet presented by Jiao et al. [47], nonlinear kNN-classi by Ginneken,
et al. [91], and boosted local appearance classi ers like Harr vedet [30], Fisher-
Boost [90], and real-adaboost [107].

Except for the convergence problem caused by local appearamsodels, inade-
guate interaction between search steps over shape parametend écal landmarks
also makes the two alternative tting procedures less e cientand prone to con-

verge to a wrong solution in some circumstances.

5.2.2 Active Appearance Model and its extensions

In the original AAM algorithm proposed by Cootes et al. [18], bdt the statistic
shape and texture models are built using a manually labeled irang set and the
principal component analysis.

At the same time, they also try to learn how to adjust the model paameters
for tting an image after both the texture and shape models hag been built. The

shape model is the same as in the ASM algorithm. In a similar way, efstatistical
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texture model can be constructed from the shape normalized treng images:

0=0o+ (2110 (5.2)

The purpose of AAM is to nd the optimal shape and texture parametes, p and
r, by minimizing the residual error between the synthesized modimstance and

the given imagel :
E=kgo+ [2irigi (W(x;p)k (5.3)

wherex is the pixel coordinates inside the image patch de ned by theucrent
shape model parameterp, and W ( ) warps this image patch to the normalized
shape.

This is a di cult high-dimensional optimization problem as there are usually
dozens of shape and texture parameters to be optimized. Theretit gradient
descent algorithms could be very slow and often get stuck in I[daainima. Ob-
serving that the residual image contains useful information tadjust the model
parameters towards a better t, the authors used linear regssion to establish the

relationship between the residual image and the model paranees:

p = AS Il
r = Ag I (5.4)
where
=g+ yrig;  1(W(x;p?) (5.5)
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and

popt po

©
|

roet 0 (5.6)

q
|

r% p° are initial model parameters.

Notice that As; Ay are constants. However this constant linear relationship is
incorrect in general as pointed out by other researchers [S[he authors have also
noted that this linear relationship only exists in a small neighorhood around the
true solutions [18].

Besides the statistical shape model, AAM algorithms also constructgener-
ative global statistical texture model to generate a synthetiemage that can be
directly compared to the given face image. AAM learns a locallynear relation-
ship between model parameter displacements and the residualoces between the
synthetic image and the image from the training data. The assated search al-
gorithm then uses this linear model to predict changes to theuoent parameters
to get a better t. AAM algorithms are expected to achieve more eient tting
and better convergence than ASM, as more information is used training and
tting processes.

The AAM-based approaches perform well on small data sets. Howevezain-
ing the linear prediction models based on texture di erenceectors demands sig-
ni cant resources when the training data set gets larger. Theaeinand on memory
makes AAM training very di cult even with a moderate number of images.

Furthermore, the constant locally linear relationship betwen the error image
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and the model parameters is in general incorrect, which a & both the con-
vergence rate and tting accuracy. Hence, Baker and Matthewpresented the
Inverse Compositional(IC) and Simultaneously Inverse Compoginal(SIC) algo-
rithms for AAM tting to avoid inaccurate modeling of this rela tionship [65]. The
authors use this e cient analytical gradient descent algoribm to minimize the
squared error between the given image and the synthetic imagélowever, like
other gradient descent algorithms, IC/SIC needs extra measig¢o avoid the local
minima problem. The authors also point out in [37] that if AAM fais to t, the
main reason is due to the di culty of the tting process rather than the inability
of the AAM to model the image.

It has been reported that the AAM alignment performance degrags quickly
when processing an image that is not in the training set [62]. Alsaccording to
Gross, et al. [37], person speci c AAMs are easier to build than gemnerAAMS.
The global eigenspace-based appearance model is asserted tchibentain reason
to cause these problems.

Most of the AAM body of work is based on the generative model of [3}hich
greatly improves the e ciency of the AAM-based face alignment. Some AAM
variations include discriminative tting methods [24] [81] Other representative
works include [60] [111]. There are also many other improvente to AAM, for
handling occlusion, illumination change and other problemis alignment [38] [36]

[50] [51], but the generalization and convergence problerae seldom addressed.
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5.2.3 Bossted Appearance Model

Lately, motivated by some learning based-tracking and detdoin algorithms [4]
[41] [97], Liu presented [62] a boosted appearance model-baseg alignment ap-
proach to alleviate the generalization problem of converthal AAM algorithms.

Instead of training a generative eigenspace-based appearanmmedel, BAM tries to

train a two-class classi er which is able to distinguish correctrad incorrect align-
ments using the GentleBoost algorithm and Haar wavelet featuse Fitting a shape
model into an image is an optimization process of maximizindhé¢ classi cation

Sscore.

Figure 5.1: Shape Model and Warping Function. (a) Represerdtion of the mean shape.
(b) The face image with a superimposed shape. (c) The face inge warped to the mean
shape domain.

computed over the shape-normalized face imad¢€W (x;p)) as shown in Figure
5.1. The popular rectangular Haar-like features [74] [95] @rchosen here, mainly
because of their computational e ciency, which exploits thantegral image repre-

sentation [95], and because of their success in face-related laggpions [62] [95].
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Figure 5.2: Appearance Features. (a) Warped face image witlfieature parametrization.
(b) Representation of the ve feature types used by the appeaance model. (c) Notional
template A.

As shown in Figure 5.2, a rectangular feature can be parametezd as follows
" SATIH(W(X;p) (5.7)

which is intended as the inner product between the vectorideversion of an
image template A, and the vectorized version of the warped fageage. The inner
product between the template and the warped image is equieat to computing
the rectangular feature using the integral image. The imagesinplate A can in
turn be parameterized by (; ; ; ; ) , as shown in Figure 5.2(a), where { )
is the top-left corner, and are the width and height, and is the feature type.
Figure 5.2(b) shows the feature types used in this model.

By using discriminative texture features, the BAM algorithms ae more robust
to texture variations than AAM-based algorithms. And the boostingmethod is
capable of learning from a large dataset and generalizing Wil new data.

While the idea of using trained classiers to nd the best matchess also
used in some ASM-based algorithms to search for the best local laraiks [30]

[90] [107], BAM diers from these algorithms in its tting procedure. Owing
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to the continuous output of the GentleBoost classi er, BAM uses aranalytical
gradient accent algorithm, which is very similar to IC/SIC mehods, except BAM
maximizes the classi cation score instead of the residual error.

In essence, BAM only learns how to distinguish good and bad alignnis.
Without learning the relationship between the texture chang and the shape pa-
rameters change, the BAM tting procedure is also prone to get stk in local
maxima. Another potential problem of BAM is that the classi cation perfor-
mance may drop as the size of the dataset increases, which will féso poor

alignment accuracy.

5.3 Boosted Ranking Model(BRM)

From the analysis given above, we observe that most alignmentgakithms focus
on how to build more sophisticated texture/shape models and theptimization
criterion without considering the tting procedure at the same time. However,
the tting procedure usually involves the optimization proass in very high di-
mensional image and shape spaces. Insu cient or incorrect infoation(like the
constant linear relationship) of the tting process will lead b ine cient or bad
alignment.

In this section, we propose a novel and e cient strategy to learmow to im-
prove the score function to simplify the tting procedure. On the one hand, our
method is di erent from the rigid constant linear models useda establish the re-

lationship between an image and its synthesized model instanaehich has been
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proved to be incorrect in general and an obstacle to improvinthe alignment
performance; on the other hand, unlike IC/SIC and BAM algoribms which do
not exploit global knowledge about the optimization space,us method provides
su cient guidance in modifying the shape parameters all the watoward optimal

solutions. This is achieved by learning through a continues beted ranking al-
gorithm on the deformed face manifold built from a training se The proposed
method enables the optimization process carried on a locatteema-free surface
from a random start location to the optimal solution. This gredly improves the

tting performance and accuracy.

5.3.1 The Intuition Behind BRM

In fact, from the above AAM formulation, it is easy to see that giva the initial
model parameters, the synthesized model instangg + M, r°g; will be xed for
di erent images, then according to 5.4, the optimal solutions actually determined
by I (W(x;p%). This means that from a partially overlayed image patch, ne can
infer the whole image information, which is obviously infealsie.

Matthews and Baker [5] proposed IC/SIC algorithms to e cienly minimize
the residual error directly. They use gradient information toguide the tting
direction; the Gauss-Newton gradient decent algorithms are &m alternatively
applied to modify the shape and texture model parameters; hower, without
a global view of the optimization space, using only local inforation leads to
converge to local minima easily, especially in such high dimeosal image/shape

joint spaces.
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How to correctly utilize the information of an object which ispartially con-
tained in the initialization and intermediate image patche? To record all the
(initialization, optimal solution ) pairs is impossible and ire cient. Even if we
can do that, there is still ambiguity when tting a new image beause of the one
to many mapping between the initial image patch and optimal dations. Re-
lying only on the local image gradient is unreliable in some rcumstances and
insu cient in general.

In this chapter, we propose a novel strategy to learn how to uide the image
information to guide the tting process. To illustrate this idea, let us rst take a
look at the data manifold consisting of image patches de ned bthe correct and
incorrect shape models. Given an imageand the hand labeled shape modeaf,
by perturbing s° to get distorted shape models denoted bs', we can get as many
image patches as possible which are de ned by the correct andripebed shape
models. Now we can warp all these image patches into the normalizshape and
denote the normalized patches as(W (x;s)). These patches lay on a manifold
in a high-dimensional image space. Using classic nonlinear dimemsreduction
methods like Isomap [88] or LLE [79], etc, we can unfold this m#old and com-
pute their geodesic distances to the patch warped fros!. This geodesic distance
is a global indication of how far it is to a speci c reference piot. In our case, the
dimension of this manifold is determined by the number of shapggen-bases. For
example, if we usal = s+ 1, pls;, then the vector (0}; pb; :::; pl,) identi es each

patch in this manifold and hencekp® p’ K is a good approximation of geodesic
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distance. If we treatp! as variables to minimize this distance using gradient de-
scent like methods, the optimal direction can always be giverylp® p’ and this
process contains no local minima. Therefore, instead of miniging the residual

error of texture images in (5.3), we aim at directly minimiang the shape distance:
D = kp® pk? (5.8)

However, when tting a new image without knowingp?®, we can not minimize
(5.8) directly. Also, like in minimizing (5.3), we have analyed that prediction of
p° using imperfectp, if it is possible, is unreliable and likely to converge to lo¢a
minima.

5.3.2 Learn a Score Function without Local Extrema

Noticing that the useful information about how to get closer to lhe true solution is
actually contained in the image patch de ned by the shape motleve can de ne
a function F on | (W(x; p)) to extract the useful image information and have the

following property:
KF(I(W(x;p%)  F(I(W(x;p))k?/k p° pk (5.9)
then we can minimize the following distance instead of (5.8):
D = kKF(L(W(x;p%)  F(I(W(x;p)k® (5.10)

In the original AAM and IC/SIC algorithms, they actually use F (1) = |. Here

we propose to use machine learning methods to learn how to builte function F.
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Di erent from boosted regression methods used in [21] and BAM wiids a two
class regression method, usually requiring(l) = (p), where () has countable
discrete scalar outputs, we emphasize that it is not proper to foe a rigid equality
sign, especially wherF is a continues function which is desired in many cases,

based on the following considerations:

First, for di erent images, it is unreasonable to requireF(I) = F(G) when

P =psor (p;)= (Pc)

Second, even for the same images, it is still unreasonable to requ

FAWX;p) = F(HW(X;p,) (5.11)

when  (p;) = (po)

In our method, as shown in Figure 5.3, we only expect the funom F to
preserve the ranking order along the steepest descending direstbetween any

given start point p and p°, namely:

FAW(x; p))>or<F (I(W(x; p)) (5.12)

where p=p p%and;0< < < 1

By doing this, on the one hand, ifF can perfectly satisfy the above requirement,
then there will be no local extrema during tting process, othewise it will contra-
dict (5.12); on the other hand, comparing to the regression ragement, (5.12) is
more reasonable and exible for learning-. To learn such a function, we need a

rank learning algorithm instead of regression or classi cationWe also claim here
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that this ranking idea ts the essence of tting process most. Mcg details of the

proposed training and tting algorithms are given in the nextsection.

Figure 5.3: Performance evaluation on a PETS sequence indling ground truth. (Top

three rows) Tracking results at frame numbers 1, 30, 60, 90, 20 and 160. (bottom
three rows) Evaluation results using proposed statistics ad its fast approximations and
the ground truth. Tracking performance remains fairly congant as shown by both the
ground truth and the proposed evaluation strategy.

5.4 The Detailed BRM Algorithm

From the above analysis, we have concluded that we want to leaan function
F that can preserve the ranking order along the vectop p° for any given
start point p. In practice, we should keep in mind that itkp  p°k is too large,
say the overlapping between (p) and I (p°) is too small or even no overlapping,
there is no way that we can learn this ranking information to Blp tting since
there is insu cient or no information about the tting direct ion contained in the
initialization. Hence, the perturbation of the shape paramedrs should remain in

a reasonable range.
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5.4.1 Balanced Positive and Negative Sample Sets

Given a training set with hand labeled shape modefg| ;st); (12;s?); = (1N ; sV)g,
the statistical shape moded = 5o+ L, piS; can be trained in the same way as
in ASM/AAM. Now we start to learn function F as required by (5.12). However,
it is infeasible to exploit all the possible initializationp and ; . We solve this
problem by sampling on the data manifold and learning a contues function F
which behaves like (5.12) in the neighborhood around each saler therefore, as
long as the sampling is dense enough, we can still get an approaie but good
enough solution as required.

Considering a face dataset consistiny labeled face images, by perturbing
the shape parameterg in di erent directions, we can get a series of perturbed
shape models for each training sample, then we sample alomg p° to get a
vector of discrete samples in ranking order. Suppose for eachiting samples, we
randomly perturb U times to get K starting points, and for each starting point
we takeV samples along the steepest descent directiod; V can be di erent for

di erent images. The perturbed shape parameters can be dendtéy:
fpi Vv pugi=1;:::;N u=l;:nUsv=1 ;v (5-13)

Using pertubed shape parameters, we can generate the perturbedining

imagesf | “*)g, such that
1 2 (WG + v py) (5.14)

Figure 5.4 shows some examples of the generated training imag&ince our
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Figure 5.4: Training Samples. Top two rows and bottom two rows are training samples
generated from the same face imagel{ and | respectively). Samples from each row
have been generated from the original shape-normalized fadenage on the left, and
with shape-perturbation parameters ul, u2, u3, u4. From leftto right the parameter v
increases, and the shape parameter is varying according todtation (5.13)

goal is to learn a function that can maintain the order of the gnerated traning
samples, the training task can be handled by ranking algorithmd$8efore learning
the rank function, we need to break the long ordering sequena&o pairwise
data, in which a positive sample can be de ned as the consecutieordered
pair Xsu = (1D ;14Y) and will be labeled withy, ,, = +1 in our training
algorithm. Similarly, a negative training sample is de ned a the inverse ordered
pair x o = (11" D) and will be labeled withy o, = 1. Therefore, the

training sets of positive and negative samples in our BRM algahim are given by:

Negative Set =fx i, Oi=1:::Nu=1mUv=1mv 1 (5.15)
It is noticable that the positive and negative sets have the sameardinality,
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which means the they are totally balanced. Therefore, our @ning algorithm
will not su er from unbalanced training sets as in the BAM algorthm. To learn
a function F(I) which can preserve the ranking order for each training sample

rank learning methods are needed.

5.4.2 Rank Learning Algorithm:

Rank learning, together with ordinal regression and preferer learning, refer to
inductive learning methods from ordered data in the area of pervised learning.
Tailored to solve problems between classi cation and metric geession, they have
many applications in information retrieval, econometric rodels, classical statistics
and other social research areas. In contrast to using statistical mels, machine
learning-based rank learning/ordinal regression methods hendrawn a lot of at-
tentions in recent years. Herbrich et al. [40] proposed a supporéector learning
method for ordinal regression which models the ranks as intatg on a real line
and optimizes the loss function based on the true ranks and feaés. This method
was followed and extended by many other researchers [56] [[A2] [1]. However,
the absolute numerical ranks used in ordinal regression formtitan restricts its
applications where the relative ranking preferences arealable between pairs of
training data. Later, by converting paired data ranking into binary classi cation
problems, Joachims proposed a ranking SVM method which has besrccessfully
used to improve search engines [48]; Freund et al. designed thanRBoost al-
gorithm in the setting of collaborative Itering [31]. These dgorithms and their

derivatives have found abundant applications mostly in the r@a of information
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retrieval.

In the Computer Vision community, [3] [32] have utilized rankag algorithms
for shape and image retrieval. Some researchers introduced tRankBoost [66]
algorithm into shape localization and detection. Yan et al. 03] proposed the
Constrained RankBoost approach to model the likelihood of latfeatures associ-
ated with the landmarks of an object in their RPBF shape locatiation framework.
In RPBF, the shape inferring process is conducted through mamwizing the pos-
terior probability composed of likelihood of local featureand prior probability of
shape; however, the assumption that the local features aroundetent key points
are independent is obviously inaccurate, which reduces thbamce that the true
shape can be found from solving the posterior probability eversing sophisticated
optimization techniques. Zheng et al. [109] also used RankBoasttheir exam-
ple based shape detection work. By creating a sorted image list ngiprede ned
warping templates for each image in the training set, the autirs use RankBoost
to learn a relative similarity function. When detecting the slape in a new image,
an exhaustive testing with all the warping templates appliedd this image will be
conducted and the topk candidates with the largest responses will be selected to
build the detected shape using the kernel-weighted average.hi$ method lacks
sound shape reconstruction theory from a set of un-orthogonal $®shapes.

In order to compare with BAM method, we developed a GentleBoast ranking
algorithm to learn the rank function in our experiments. We &ao tested the

RankBoost algorithm and observed that the performances of bo@algorithms are

115



Chapter 5. Boosted Ranking Model for Model Alignment

To learn a strong rank functionF (1) from paired training samples

1. Build training samples according to 5.15: I¢.; l\41), i 2 [LNL k2 [ K ];1 2
[L;L]. Initialize weights wy, =1=M, M = N K L.

2. for t=1;2;::;T do

(a) Find the optimal weak rank function h(l) to minimize the weighted least-
squares mis-ranking error:

X
ht(l):af%min W[l (h(Im) (s )]? (5.16)

m=1
(b) Update F(1)= F(1)+ hy(l).

(c) Update the weights byw,, = w,e "{m) and normalize the weights such that

PM
m:le=1

P
3. Output the rank function F(1)= " [ h(l).

Table 5.1: Outline of the proposed training algorithm.

similar.

We generated the positive and negative samples as described\aboln our
settings, each positive sample pair has its corresponding negatsample pair and
their contributions to the ranking cost function are exactlythe same; therefore,
in our training algorithm, we actually only consider the positve sample pairs as
the input. As a side bene t, our algorithm will not su er from the unbalanced
positive/negative samples as classi cation based methods. Thetning algorithm
is summarized as Algorithm 5.1.

Figure 5.5 shows the selected Harr features by our training algghm. We
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see that most features are well aligned with the boundaries dfi¢ natural facial

features, hence containing abundant image information.

Figure 5.5: Selected Appearance Features. (a) Represeniah of the top 5 Haar features
selected by Algorithm 1. (b) Representation of the top 6-15 Har features. (c) Spatial
density map of the top 50 Haar features. Most features are welaligned with the
boundaries of natural facial features.

5.4.3 Fitting On a Ranked Surface

The weak function used in our experiments is the monotonic aen function,
which can be substituted by other continuous sigmod functions. Usj the Harr

wavelet features, the analytical expression of the weak funeti is constructed as:
2
hi(p) = —arctan(gA« (W (X;p) W) (5.17)

Therefore, the learned rank function can be written as:
X 2
F(p) = —arctan(gAd (W (X;p) W) (5.18)
t=1
As the objective of our training algorithm, this function is designed to preserve

the ranking order along the steepest descending direction froamy given start

point p to the true solution p°. This guarantees that the optimal solution can be
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found by even using the basic gradient ascent method. The derivae of function
F with respect to p is:

daF_ 2X Gnlr 1 G 1TA,
dp o LHIGAd (W (Xp) W]

(5.19)

Like IC/SIC and BAM algorithms, by triangulating the landmark sets and
de ning a piecewise ane warping function, we can pre-compug the Jacobian
%. More details can be found from IC/SIC and BAM algorithms [5]62]. Since
the rank function has exactly the same form as BAM's classi catio function, our
tting procedure is straight forward.

Figure 5.6 shows a few face images with green initial shape masks well

aligned by the red shape masks resulting from our tting algortim.

Figure 5.6: Alignment Examples. Face images with superimpsed initial face model
(green), and aligned face model (red).

5.4.4 Comparison with Other Models

The BRM belongs to the same class of models as the BAM model [62h€eTFefore,
compared to AAM [18] [65], it enjoys the same bene ts, such as robustss to par-
tial occlusions, improved alignment speed, and ability to ineporate knowledge
about both good and bad alignments, while being substantially are parsimo-

nious. In comparison with BAM, our model is the outcome of a veryicrent
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problem formulation. More precisely, the BAM is produced by Erning a strong
classi er that is able to distinguish between correct and incogact alignment, and
the results in [62] empirically show that face alignment can bachieved via gra-
dient ascent on the corresponding classi er score function. Howey there is no
guarantee that the gradient will be aimed at improving the agnment (because
the strong classi er can distinguish only between right or wrongttings). On the
other hand, we consider this fundamental issue at the outset, apdopose to solve
the alignment problem by looking for a score function that isancave, hence opti-
mizable via gradient ascent. This leads to learning a strongadsi er that is able
to say whether by switching from one alignment to another one ware actually
making an improvement, as opposed to saying whether or not théignment is
correct. Another advantage (as opposed to BAM), is also the fachat positive
and negative training sets naturally have the same cardinajit which makes the
training problem balanced. These advantages lead to a super@ignment per-

formance of the BRM over the BAM, as we will show in the experimérsection.

5.5 Experimental Results

5.5.1 Face Dataset

We start by describing the dataset used for training and testing awapproach. Itis
composed of a total of 964 images constituted from the aggreigat of three pub-

licly available datasets: ND1 [12] (534 images of 200 subjectspaaring in frontal
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Figure 5.7: Face Dataset Samples. ND1 database [12] (left)rfERET database [75]
(center), and BiolD database [86] (right).

view), FERET [75] (200 images of 200 subjects appearing in @rent pose), and
BiolD [86] (230 images of 23 subjects appearing under di erebackground and
lighting conditions). Figure 5.7 shows some typical face imagéom the datasets.
Each image has 33 manually labeled landmarks. To speed up thaiting process,
we down-sample each image so that the face width is roughly 4&els. We divide
the 964 images in three parts, namely Set 1, Set 2, and Set 3. $atontains the
200 images from FERET, and 200 images from ND1 (one image per gdb). Set
2 contains the remaining 334 images from ND1. Set 3 is the Bioliataset. Set 1
is used as training dataset. All the three sets are used in the aligwent tests. In
particular, Set 2 allows for testing the performance over unee data of seen sub-
jects (because di erent images of them have been used for traig), whereas Set
3 allows for testing the performance over unseen data of unseetjgats (never
used for training). Note that Set 3 is particularly challengig because the subjects

are captured under di erent cluttered background, and illumination.
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5.5.2 Training

Throughout the section we compare three models: the proposed BRBAM,
and an adaptation of Rank- Boost [31] that uses the same weak rangs, and
training pairs of the BRM. We do not compare our model against AAMbased
methods [5] [18], as it has been shown in [62] that the BAM outpglerms them. We
train the three models with Set 1, which originates the traimg samples | i(u; V)Q,
wherei = 1; ;40Qu =1; ;10 andv =0; ;6, corresponding to 24000
positive (and also negative) training pairs. In contrast, the BAMuses 400 positive
and 4000 negative samples, since each image generates 10 negatimples. The
resulting appearance models are such that the BRM and RankBodsdave 50 weak
rankings, whereas the BAM has 50 weak classi ers. The shape mode$ 38 shape

bases and it is the same for all the models.

5.5.3 Convergence Properties

Figure 5.8 plots the false alarm rate (FAR) of the strong feedb&cfunctions of
both BRM and RankBoost, as a function of the number of weak ramkgs, when
the miss-detection rate on the training set is set to 0%. This shoviisat the BRM

converges faster than RankBoost. In particular, for 50 weak m&ings the FARs

of BRM and RankBoost are 1.44%, and 6.58%, respectively.
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Figure 5.8: Feedback Function Performance. False alarm ra of the strong feedback
function when the miss-detection rate on the training set is &t to 0%.

5.5.4 Score Function Concavity

Figure 5.9(a) presents the learned score (ranking) function for 3 images, per-
turbed along 10 di erent shape-perturbation parameters. Figre 5.9(b) presents
the score function for 100 images of Set 1, each of which is pelted along one
shape-perturbation parameter. Both cases highlight the coacity properties of
F.

Another way to show the score function is by using grayscale valuess in
Figure 5.10, where each column represenits computed for one image, and each
image has been produced by varying the intensity of only two spa bases. The
range of perturbation is 1.6 times the eigenvalue of the corresponding bases.
For both seen data in Figure 5.10(a), and unseen data in Figurel®(b), F shows
concave properties, as required by construction, with the lghtest pixel in the

center, and intensity fading towards the borders.
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Figure 5.9: Alignment Score Function Prole. (a) Score fundions of 3 images, cor-
responding to 10 shape-perturbation parameters. (b) Scoreuihctions of 100 training
images, each of which corresponding to one shape-perturbatn parameter.
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Figure 5.10: Alignment Score Function Surface. Score fun@n F of 5 images randomly
selected from Set 1 (a), and 5 images from Set 2 (b), one per eohn. Each image is
produced by varying the shape parameter corresponding to tw shape bases at a time.
From the top to the bottom rows we vary: (p1; p2), (p3; p4), (p5; p6), and (p7; p8). F
is concave in both seen and unseen data, and this ensures hiflequency of convergence
of the alignment.
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5.5.5 Ranking Performance

Using the same methodology for building the training sets of pay we build two
testing sets of pairs, one from Set 1, and one from Set 3, and tesethanking
performances of BRM, BAM, and RankBoost. The correct rankingates are
reported in Figure 5.11(a), which shows the superiority of th&RM versus the
BAM, especially for Set 3, highlighting the stronger general@ion capabilities of
the BRM to unseen data. Also, the BRM performs slightly better tha RankBoost
on both sets, and therefore it is expected to achieve better gfiment performance
as well. Figure 5.11(b) shows that BRM outperforms the BAMalsoni a much
harder scenario, where testing pairs are built from Set 3, butith half, and

one quarter of the perturbation used to produce Figure 5.11(aThe reader may
notice the slight drop in ranking performance of both methodas the perturbation

becomes smaller, because it makes the ranking task more di cult

5.5.6 Alignment Performance

In order to evaluate the alignment quality of the modeling famework, we ran-
domly perturb the ground truth landmarks of a face image, andise them as
initial conditions to align the model. The procedure is repsed multiple times
on each image of the testing set in order to perform a statisticava&luation of
the result. The initial positions of the landmarks are generad by perturbing
the componentsf p,g of the shape parameter with independent Gaussian noise

with variances that are multiples of the eigenvalues of theocresponding shape
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Figure 5.11: Ranking Performance. (a) Correct ranking rates of the BRM, BAM, and

RankBoost on test pairs from Set 1 and Set 3. (b) Correct rankng rates of the BRM
and BAM on test pairs sampled from Set 3, but with half (12 samgdes) and one quarter
(24 samples) of the perturbation used in (a).
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bases. An alignment is said to have converged if the Root Mean Sgeid&rror

(RMSE) between the aligned landmarks and the ground truth idess than one
pixel. Finally, we assess the alignment robustness and accuracy domputing:

(a) the Average Frequency of Convergence (AFC), given by the mber of trials

where the alignment converges divided by the total number afials; and (b) the

histogram of the RMSE (HRMSE) of the converged trials, which meares how
close the aligned landmarks are to the ground truth.

We test BRM and BAM under the same conditions. For example, both gb-
rithms are initialized with the same set of randomly perturbedandmarks. Both
algorithms have the same constant in equation (5.13), and also the same termina-
tion condition. That is, if the number of iterations is largerthan 55 or the RMSE
between consecutive iterations is less than 0.025 pixels. Figs 5.12(a)(c)(e) plot
the AFC of the BRM and BAM against the amount of the initial landmarks per-
turbation, computed over Set 1, Set 2, and Set 3, respectivelin particular, for
each perturbation value, each image of each set is randomlyrppgbed 5, 6, or 9
times depending on whether it belongs to Set 1, Set 2, or Setrgdspectively.

The AFC plots in Figure 5.12 show that BRM-based alignment is subanh-
tially more robust than BAM-based alignment for both seen and unga data. In
contrast, the accuracy improvement of the BRM over the BAM, demnstrated by
HRMSE, is not as large as the AFC melioration. For example, on S&the average
(  the standard deviation) BRM-RMSE is 05745 0:1725, whereas the average

BAM-RMSE is 0:6533 0:1594. This means that, when approaching convergence,
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Figure 5.12: Alignment Performance. From top to bottom, AFC and HRMSE of both
BAM and BRM computed on Set 1, Set 2, and Set 3, respectively. fie HRMSE is
computed on the trials where both algorithms converge.

BAM and BRM have comparable ability to rank pairs. This aspect iscon rmed
also by the left-most plot of Figure 5.11(b). Speed. When compng Figure
5.12(c) on a low-end PC, we recorded the time and number of iggions taken by
our MatlabTM implementation of the BAM, and of the BRM, to converge. When
both algorithms converge, the BAM takes an average of 8.06 itgions, and 0.122
seconds, whereas the BRM takes an average of 7.4 iterations, @n#l12 seconds.
We attribute this improvement to the superior property of the ranking function

of the BRM, compared to the classi er function of the BAM.
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5.6 Conclusion

5.6 Conclusion

We have introduced the Boosted Ranking Model (BRM), a new disicninative
face model suitable to perform face alignment. The BRM is assatad to a score
function learned from data, which is meant to be local extrem free to ensure
that tting can be achieved via gradient ascent. Learning a BRI corresponds to
training a boosted classi er with a particular structure, that makes it equivalent
to learning a boosted ranking function. This is done by exterdg GentleBoost
to rank-learning, which we found to work better than other méhods. The BRM
outperforms the BAM for both seen and unseen subjects, especiallyterms of
alignment robustness (due to the concave properties of the sedunction), while
slightly improving the accuracy and computational speed. Tliis a parsimonious
model (especially if compared with the AAM), with enhanced gemalization prop-
erties, that holds the promise of tting multiple face models ® new subjects in
real-time. Our approach is not bounded to work with faces, and could be ex-
tended to work with other objects of interest. Moreover, thedea of building a
local extrema free function through rank-learning could bapplied to other vision
problems, such as discriminative object tracking, which coulgreatly bene t from

a smooth and local extrema free tracking score function.
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Chapter 6

Future Research Directions

In this dissertation, we have exploited the notion of time-reersibility in visual
tracking. We developed an online performance evaluation thed for visual track-
ing systems and presented a bi-directional visual tracking fragmork. In addition,
we proposed a boosted ranking algorithm to reduce the local exina in the score
function learned from training samples. In this chapter, we dcuss some future

directions and summarize the dissertation.

6.1 Future Directions

We applied the time-reversibility constraint to the well-knavn KLT tracker and
developed a new KLT algorithm. Extensive experimental residtwere given com-
paring the performances between the traditional KLT and thenew KLT. The
results show the new KLT using the time-reversibility constraintsigni cantly out-
performs the traditional one. We are working toward applyig this strategy to
other tracking algorithms, like mean-shift tracker and CONDEN3TION/particle
ltering-based trackers. Also, the time-reversibility constrant can be combined
with optical ow to get more accurate motion estimates.

As we know, the model alignment problem can be viewed as a morecarate
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6.2 Closing Summary

tracking problem. In fact the face alignment algorithm we deeloped can be
directly used as a face tracking algorithm. This motivates us extend this work
to develop a visual tracking algorithm with similar motivation, that is, to avoid
being stuck in local extrema during tracking. However, gendrabject tracking
presents its own di culties: In face alignment, the human facehas a relatively
stable structure and the same topology, so we can learn a statisticshape and
appearance models to help alignment. In the general objeatatking problem,
di erent objects have di erent appearances and shapes, so wentet use the same
strategy to learn the shape and appearance model. This is the joaobstacle for
developing similar tracking algorithms. We will further expbre the possibility

developing a novel rank learning algorithm for visual trackig.

6.2 Closing Summary

In this dissertation, we have looked into a seldom noticed but we intrinsic prop-
erty of object motion, time-reversibility, in visual tracking systems. We also
exploited a new learning algorithm for optimization problens. We sucessfully
applied these new algorithms to solve visual tracking and modalignment prob-
lems. In the future, we will continue to explore the applicatins of these ideas to

di erent problems.
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