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Robust and Consistent Human Tracking Within Caraeich
Across Multiple Cameras

Chun-Te Chu

Chairperson of the Supervisory Committee:
Professor Jeng-Neng Hwang
Department of Electrical Engineering
This dissertation strives to develop a robust amgksistent tracking system that tracks
humans within a single camera and across multgheecas. We present three main parts
of our research: single camera tracking, multigeiera tracking with overlapping views
and multiple-camera tracking with nonoverlappingws.

In single camera tracking, we focus on solving tleelusion problem in order to
perform reliable tracking within a camera’s view.eVgresent an innovative method,
which uses projected gradient to facilitate mudtiphter-related kernels, in finding the
best match during tracking under predefined coimdtia The adaptive weights are
applied to the kernels in order to compensate fier adverse effect introduced by
occlusion. An effective scheme is also incorpordtedeal with the scale change issue
during the tracking. We construct the single canteaeking system by embedding the
multiple-kernel tracking into a Kalman filtering$ed tracking module. Several
simulation results have been done to show the tobss of the proposed multiple-kernel
tracking and also demonstrate that the overallesystan successfully track the targets
under occlusion.

For multiple-camera tracking, we aim to reduce aschmof the manual work as
possible while providing the consistent trackingoas multiple cameras. We first

introduce our approach for tracking human acros#iphel cameras with overlapping



views. The camera link model, including homograpimatrix, brightness transfer
function and tangent transfer function, are estuiautomatically given the cameras’
views. Vicinity cue, color cue and edge cue aresmered while matching the people
across cameras. When the cameras have nonovedafpgich of views, we propose an
unsupervised learning scheme to build the camakartiodel, including transition time
distribution, brightness transfer function, regiomapping matrix, region matching
weights, and feature fusion weights. Our unsupedvisarning scheme tolerates well the
presence of outliers in the training data. Theeysttic integration of multiple features
enables us to perform an effective re-identifica@ross cameras. The pairwise learning
and tracking manner also enhances the scalabilityeosystem. Several experiments and
comparative studies demonstrate the effectivenéssuo proposed method, and the

complete system has been tested in a real-worl@é@anmetwork scenario.
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Chapter 1 — Introduction

1.1 Introduction

Recently, the development of intelligent surveilansystems has attracted much of
people’s attention. Human tracking is one of thegomaasks of video surveillance
systems. In order to analyze the behavior of aipgerson, the target’'s position needs
to be correctly located in consecutive frames. Bd\approaches have been proposed to
deal with the tracking problems [80]. While applyitracking to the real world scenarios,
there are several sub-problems, such as occlusiotiering, fast motion, etc [24].
Among these sub-problems, occlusion is one of tlstnchallenging and common
problems in the real world scenarios. When theusioh occurs, the relevant information
of the target in the frame may be insufficientdodte the target, thus the tracker tends to
lose the target. A surveillance system will neveréliable without having the ability to
deal with occlusion.

Due to the limited field of view (FOV) of a camegatarget’s information is no longer
available once the target leaves the view of theera. Hence, a surveillance system is
required to have multiple networked cameras cogesinange of areas, such as in airport,
train station, and shopping mall, and the systepdsdo track humans across multiple
cameras; that is, it is necessary to know whileesgn appears in one view, whether it
has already shown up in another view or not. Thanate goal is to solve the
correspondence problem between the observed humahferent cameras. Normally,
two different scenarios are considered separatdlgnwinvestigating multiple-camera
tracking:

(1) Tracking across cameras with overlapping views: this scenario, there is
overlapping area between two cameras, like camenadicamera 2 in Fig. 1.1. Assume

the cameras are synchronized, the person locatékeiroverlapping area will appear
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Figure 1.1: The topology of multiple cameras

simultaneously in two cameras. The calibration nmfation is usually adopted for

identifying the correspondence between the pedperved in two cameras.

(2) Tracking across cameras with nonoverlappiregvgi When there is no overlapping
area between two cameras, i.e., the views ardytalisjointed like camera 2 and camera
3 in Fig. 1.1, the same person shows up at diffetieme and locations. The variant
lighting conditions, human poses, and viewing asigierease the difficulty of the re-

identification.

This dissertation strives to construct a consistetking system that tracks humans
within a single camera and across multiple caménasingle camera tracking, the focus
Is on solving the occlusion problem in order tofpen continuous tracking within the
field of view of each camera. For the multiple-camé&acking, we aim to reduce as
much of the manual work as possible while providingsistent tracking across multiple
cameras. Specifically, unsupervised learning arghtipg schemes are applied to model
the relationship, referred aamera link modeih our work, between cameras without any
human intervention. The pairwise learning and tiragkmanner enhances the scalability
of the system. Several experiments and comparatugies based on public datasets and

real-world scenarios demonstrate the effectivenéssir proposed system.



1.2 Contributions

The contributions of this dissertation are listedhe following:

We propose an innovative method that uses projegadient to facilitate multiple-
kernel tracking in finding the best match under defened constraints. Our
formulation can be applicable to any cost function.

Each kernel in our multiple-kernel tracking hasaaaptive weight which enables the
system to obtain better movement during optimunncéeaspecially under occlusion
situation. The by-product in tracking can be uéitizto deal with the scale change of
the target.

The multiple-kernel tracking is combined with a Kain filter to form a complete
automatic tracking system.

We utilize image registration technique to identtie overlapping area and the FOV
lines automatically given the views of two cameras.

We propose the tangent transfer function to deéh wWie change of edge direction
due to variant perspectives.

We formulate the camera link model estimation asnéeger optimization problem
and present an unsupervised approach to solvedhéem.

We consider the outlier issue in the training datisich has not been clearly
investigated in the previous works.

We propose region matching method in order to nmakee detailed comparison
between people.

Our estimation can be generalized easily by addinge features or components in

the camera link model.

1.3 Dissertation Roadmap

The dissertation is organized as followed:



Chapter 2. we review the recent works on previously proposeatking systems
including single camera tracking and multiple-caanacking and briefly describe how
our proposed methods improve in dealing with thebjams on which we focus.

Chapter 3. our single camera tracking system is describethis chapter. First, we
introduce the multiple-kernel tracking scheme tinatks a specific person in the crowd.
This method, as our main contribution in single eeartracking, deals with the occlusion
problem by applying multiple kernels to differentrhan body parts. The constraints and
adaptive weights are introduced to obtain bettéimapm solution. Afterward, we embed
the multiple-kernel tracking into a Kalman filtegiibased tracking system to enable fully
automatic tracking. Extensive experiments and amalgf the proposed method are also
provided.

Chapter 4: we present our approach for tracking human acnuséiple cameras with
overlapping views. The camera link model, includimgmography matrix, brightness
transfer function and tangent transfer functiore astimated automatically given the
cameras’ views. Vicinity cue, color cue and edge ate considered while matching the
people across cameras.

Chapter 5. we present our system for tracking human acroskipte cameras with
nonoverlapping views. We formulate the camera limlodel estimation as an
optimization problem and apply a deterministic alimg algorithm to obtain the optimal
solution. The reliable model is built based on timsupervised scheme even under the
presence of the outliers in the training data. Westruct the complete system to track
humans across the cameras deployed in the reatl vvaded on camera link models,
which can be continuously updated in the testiagesin order to refine the model and to
adapt the changes of the environment.

Chapter 6. we conclude this dissertation by summarizing main contributions and

also discussing the extension work which leadsotential research topics in the future.



Chapter 2 — Backgrounds and Related Works

In this chapter, we introduce several previous wadated to the three major topics in
this dissertation and briefly describe how our jmsga methods improve in dealing with

the problems we focus on.

2.1 Single Camera Tracking

Among the existing tracking algorithms, kernel-lthedbject tracking [26] has recently
gained more popularity for more robust trackingf@enance due to its fast convergence
speed and relatively low computation. In our wonke focus on using kernel-based
tracking to solve the occlusion problem. Since ardhgh discussion on the general
visual tracking is not within the major scope astHissertation, here we only review the
most relevant ones focusing on kernel-based trgckin

The mean-shift method, one of the most popularétdsased tracking methods, was
applied to the tracking problems to find the mostilar location around the local
neighborhood area in Comaniciu’s works [25][26].l{ds et al. [27] used the difference
of Gaussian and Lindeberg’s theory to track theedtfsj through the scale space. A
sample-based similarity measurement combined wittasa Gaussian transform was
proposed by Yang et al. [79] to fulfill the meanifsiprocedure during tracking. In
Yilmaz's approach [81], they employed the asymmekérnels that can adaptively
change the scale and orientation to track the ta@ber information, such as boundary
cues, was also utilized in the kernel-based trarkystems [53][82].

All the above works only used a single kernel dgiiracking, and it would fail under
occlusion because of the ill-observation of theeobjIn order to better represent the
tracked target, multiple kernels have also beeptadithese years. A different similarity
measure was exploited in Hager’s work [40], whéeytused Newton-style iterations to

minimize the sum of squared difference (SSD) meashr Martinez’'s work [58], the



human represented by multiple kernels, which dehetgious body parts, were tracked
by using a two-step approach. The global movemert Bbcal movement were
alternatively applied to locate the target. Poridial. [65] used the multiple kernels
centered at the high motion areas to enhance ttierpance when the tracked targets
have fast motion. In [32], Fang et al. presentedragments-based multiple-kernel
tracking scheme. They divided the target into seviegagments, and each fragment was
tracked by a kernel. However, none of the abovkzeti the inter-relationship among
kernels, which can provide useful information faacking. In [63], Parameswaran et al.
proposed a feature representation which considendtple kernel centers. It implicitly
embedded the geometrical information into the featwepresentation, but the
relationships between the kernels were not explictinstrained. Moreover, the adaptive
weights for different kernels could not be imposEdn et al. [31] linked the multiple
collaborative kernels by using predefined constsailm their approach, the tracking was
formulated as solving a least square problem. Iy mark under normal conditions in
which there is little occlusion or none, but theulk tends to deviate from the optimum
easily under occlusion since the minimum cost vakieno longer a small value.
Moreover, the reliability weightings for differekernels were not considered, resulting
in an unstable system when kernels are in greaflicionAdditionally, their Gauss-
Newton style iteration is limited to a least-sqapeoblem formulation and may not be
easily generalized for other kinds of cost functisuch as K-L distance. Hence, we
propose a projected gradient based multiple-ketreelking to overcome the above
problems [19][20].

2.2 Multiple-Camera Tracking

2.2.a Camera Link Model

There may be severahtry/exit zonesdefined as the areas that people tend to entar in

leave from within a camera’s view, in a camera’swi and a path between a pair of



cameras actually connects one zone each in theseameras. Given an identified pair of
directly connected camera zones, the temporal/appea relationships between a pair of
entry/exit zones in two cameras correspondingpath can be characterized bgamera
link model The model enables us to utilize particular fesgurwhich may not be
invariant under different cameras, for person enidication purposes. It consists of
transfer functions or look-up-tables which needbtw applied before comparing the
features extracted from the humans in two caméatshay or may not have overlapping
views. For instance, due to different lighting ciimshs and camera color responses, the
same object may appear with different colors undiffierent views. The brightness
transfer function (BTF) [30][66], which stands fille mapping of color models between
two cameras, can be applied to compensate fordloe difference between two cameras
before we compute the distance between the cosbodriams of two observations under
two cameras. In our work, several components arkided in the camera link model,

which enables the system to match the humans \aibws features.
2.2.b Tracking Across Cameras with Overlapping Views

The field of view (FOV) line, as proposed by Khanae [50], represents how the view
limits of one camera are seen in the others. Javetl [44] presented a system using the
distance to FOV line to find the correspondencehef objects. By further exploiting
Javed’'s method, the extracted motion trends andappce of objects were combined in
[45]. In Kang's method [47], the spatial-temporaintography was utilized to register
multiple trajectories to track the objects acrossltiple cameras. Moller et al. [59]
suggested a hierarchical relocation procedure basetthe color information during the
matching stage. In our work, we utilize image rgigon technique to identify the FOV
lines automatically given the views of two cameB8][87]. Identifying the FOV lines
enables us to know the overlapping areas betweerncameras. To compensate for the

color deviation and perspective difference, brigst transfer function and tangent



transfer function are included in the camera lindel and are utilized in the matching

scheme.
2.2.c Tracking Across Cameras with Nonoverlapping Views

Tracking multiple people across uncalibrated camevgh disjoint views is a rather
challenging problem. Some researchers aim to cgmeith distinctive features of the
targets, such as SIFT, SURF, covariance matrix, [61F7][33][35][39]. The re-
identification is done based on the assumption ttede kinds of features are invariant
under different cameras’ views. However, the ideatures for describing humans have
not been discovered yet, since the human appeavanies dramatically due to different
perspectives, poses and illuminations. On the aontinstead of relying on the complex
feature representations, we focus on solving theking problem based on systematically
building the link between cameras [22].

Normally, two components are included in a camen& model: transition time
distribution and brightness transfer function (BTHhe works in [30][45][46][66]
obtained the camera link model with a large amaainnanual work. Their supervised
learning schemes were not feasible when the sdatbeocamera network increased.
There are approaches with unsupervised learningadst Makris et al. [57] proposed an
estimation method to build the transition time wlgttion based on the cross-correlation
between the exit and entry time stamps of the ¢hjédeir assumption on the single-
mode distribution was inadequate, since it coult nepresent most cases in the real
world. In [74], Tieu et al. presented an entropgdzh method to build the distribution
using Markov Chain Monte Carlo (MCMC) to find thetmnal correspondence. It has
been shown in [42] that their minimum-entropy asgtiom may not hold for practical
applications. In Gilbert's work [36], similar to Th they considered all the possible
correspondences within a given time window whichsisted of the mixture of true and
false correspondences, and the number of false wassusually much larger than the

number of true ones; hence, a large amount of n@&®e included in the estimation



process resulting in an unreliable model. Huangl.€42] introduced a method based on
Gibbs sampling, where they used hard decision®terchine the correspondence during
the whole estimation process, which may be easdypped in poor local optima.
Furthermore, they did not take into account théi@ussue in the training data.

People have tried to utilize multiple cues for treeidentification in building a
multiple-camera tracking system. In [15], Chigureteal. built a multi-camera tracking
system based on the camera topology and objectsbmand shape information. The
views of all the cameras were projected to a comgroand plane from the homography.
The manual calibration and the assumption of consjgeed of the objects were required
in their implementation. In Gilbert's work [36], @htracking relied on three cues: color,
size, and transition time. The links were learn@chm incremental scheme. In order to
obtain a dependable link model, large amount ahitng data were needed. Javed [45][46]
presented a multiple-camera tracking system whmmlined the temporal and color
features. In [13], Chen et al. incorporated Markivain Monte Carlo into the training
stage, and the transition time distribution and BA&e employed to perform the re-
identification. Kuo et al. [52] proposed to assteimultiple targets by on-line learning
the discriminative appearance models consistingobdr, texture, and shape features.
They applied the Hungarian algorithm to solve tloerespondence matrix given the
testing data without taking into account the calewiation between cameras. Although
all the above works considered multiple featureanduthe matching, the cues were
integrated either with uniform weights or empirlgatietermined weights. We have
included the feature fusion weights, learned intthaing stage, in the model. Moreover,
since the viewpoints are different in the cameths, holistic appearance of the target
may not be discriminative enough. In [6][33][83het human body was divided into
several regions where the features were extradteavever, the direct comparison
between the features from the corresponding regionsvo objects may cause some

errors, since the corresponding regions may noerctve same area in the real world.
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Therefore, the region mapping matrix and regioncimaty weights are included in our

camera link model, which enables better matching/®en the regions of human bodies.
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Chapter 3 — Single Camera Tracking

3.1 Single Camera Tracking System Overview

By taking the advantage of the efficient Kalmarefiltracking [14] and the robustness of
multiple kernels tracking [19][20], we propose dlyffuautomatic tracking system that
does not need any human intervention (see Fig. Btib) input is the video frame, and the
output is the tracking result for each person mftlame. First, to extract the foreground
objects, the background model constructed from rtfean frame among the several
frames is subtracted from the current frame. We #ygply the Otsu method [62], which
dynamically determines the threshold, to the d#ifee image to build the binary image.
Morphological reconstruction filters [37] are theised to remove the small noise,
connect the broken part, and smooth the shapdsedbteground objects. After that, for
each object that has already been tracked in tkeiqus frames, the Kalman filter
prediction is performed. The next stage is to detdether the object is under occlusion
by checking if the predicted states of the tracbpcts merge with one another. If it is
not, the segmentation result is regarded as reliald the nearest segmentation result is

selected as the corresponding measurement. Otleerwie utilize multiple-kernel

Background Blob

Subtraction "|Extraction Tracking
y Result
N Nearest T
Kalman Occlusion Neighbor Kalman
- .

Prediction Detection
Y

Multiple-Kernel pdate

Tracking

Figure 8.1: Single Camera Tracking System
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tracking to get the measurement. By using the mieasnt either from the result of
segmentation or the result of multiple-kernel tiagk we are able to update the Kalman

filter and display the tracking result.

3.2 Multiple-Kernel Tracking

To achieve the successful tracking, the target :iéedbe located in consecutive frames.
Assume the target model is known, and we can exthac candidate model at each
location in a video frame. If we define the simiameasure between these two models,

the objective is to find the candidate model tret the highest similarity.
3.2.a Single Kernel Tracking

In conventional kernel based tracking [26], a modelepresented as the probability
density function in the feature space, i.e., tigdgram. During the histogram extraction,
the amount of the contribution (weight) of a pixelcontrolled by the value of a kernel

functionk(+), and this value is determined based on the disthetween the pixel and

the kernel center. To achieve successful trackihg, target needs to be located in
consecutive frames by comparing the target modeitia@ model extracted at the current
location. Assume the target model is known, andaadiate model centered at a
particular location in a video frame is extractdte goal is to find the candidate model
that has the highest similarity value, and the @ased center location is the tracking
results. In [26], the tracking problem is expresasanaximizing the predefined similarity

function and can be reformulated as findinthat maximizes the density estimafdix)

zits oik 2

PHR(ET N

f&) = (3.1)

wherex is the center of the kernel, which is normally temtroid of the object; is the
location of the pixel within the predefined rangadN,, is the number of pixels); is the

weight for eachpixel; k() is the kernel function which is usually a monotosly
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ernel 1

<kemel 2

obstacle
obstacle

(@) (b)
Figure 3.2: [llustration of the occlusion and kernels. (a) Single kernel with occlusion.
(b) Two kernels with occlusion. Red ellipses represent kernels.

decreasing function. The mean shift procedure j&5hdopted to efficiently find the

optima.
3.2.b Multiple-Kernel Cost Function

Alternatively, we can reformulate the problem fromaximizing the similarity to
minimizing the cost function, which can be desigt@dbe inversely proportional to the
similarity as shown in (3.2),

J(x) < 1/simi(x), (3.2)
wheresimi(x) is the similarity function at the locationin the state space domain.

If we use a single kernel to track the object, tiean-shift tracking [25][26] can be
adopted. However, when the target is occluded,rar eccurs. This can be avoided by
applying multiple kernels as shown in Fig. 3.2.0kclusion happens, the tracking
performance is severely affected, since kernektrporates a large portion of irrelevant
information (obstacle) to the target in Fig. 3.2 tdowever, once an additional kernel is
added in Fig. 3.2 (b), although kernel 2 is neartn-observable, the well-observed
kernel 1 can still be used to compensate for theers@ effect resulting from the

occlusion after some constraints linking the twonkés are introduced. Hence, fgr
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multiple kernelswe define the total cost functigiix) to be the sum of th¥ individual
cost functiongJ; (x)},
J®) = XL i (). (3.3)

In addition to the cost function, the constraimdtionsC(x) = 0 need to be imposed.
The constraint functions confine the kernels baeedtheir inter-relationships. For
instance, if the object in Fig. 3.2 is a rigid bo#égrnel 1 will be always on top of kernel
2 (see Chapter 3.3 for our design). Hence, thel@nolivould become searching the state
%, such that

X = argminy J(x) subject to C(x) = 0. (3.4)

3.2.c Projected Gradient-based Multiple-Kernel Tracking

Starting from the state in the previous frame,riaheo to efficiently decrease the total cost
function and keep the constraints satisfied dutiregstate search, the movement vector
6x is determined based on the projected gradientaddiB], which is used to iteratively
solve the constrained optimization problem. Theitive idea is to project the gradient
vector onto the space in which the values of thestraint functions remain unchanged.
Moreover, in order to further handle the constigithe second term, which guarantees
the satisfaction of the constraints (i.e., ensu€lfx) = 0), is introduced (see Appendix

Al). Hence 6x consists of two componenéx, anddxg:
6x = a(—I+ Cx(CTC)TICIx + (—Cx(CXC)TIC(X)) (3.5)
= (SXA + GXB y

c1(x)

wherex € R" is the state vecto€(x) = [ consists oin constraint functions, and

Cm (X)
c;(x):R"™ -» R is the i-th constraint functionC, € R™™ is the gradient matrix of
constraint functions with respectxp], is the gradient vector of the total cost function
with respect tx, anda > 0 is the step size.

The iterative projected gradient search formulatias the following characteristics,
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1. xis the final state from the previous frameunter = 0.
2. while counter < T

3. counter = counter + 1.

4, Evaluat€(x) andj(x).

5. if [C(X)| < g¢c and/(x) < ¢ then

6. End of the iteration.

7. else

8. if |Cx)| < g¢c and/(x) = ¢; then
9. ComputeSx,.

10. Applxk = x + 8xy,.

11. else

12. if |CX)| = g¢c and/(x) < g then
13. Compudx .

14. Apply = x + §x;.

15. else

16. Compudx, anddx;.
17. Apply = x + 6x4 + 6X5.
18. end if

19. end if

20. end if

21. end while

Algorithm 3.1.  Projected gradient iteration in each frame for multiple-kernel

tracking. |. | takes entry-wise absolute value.

which are proved in Appendix A2:

i) 6x, anddxy are orthogonal to each other.

i) Moving along theSx, decreases the total cost functjgs) and keeps the values of
the constraint function vect@(x) unchanged.

iii) Moving along thedx can lower the absolute values of the constraimttion vector

C(x).

Based on the above characteristics, starting froeninitial point in each frame, we
evaluatg/ (x) andC(x) and then interchangeably apply, andéxy to decrease the cost
while satisfying the constraints in each iteratigvie stop the iteration if either the cost
and the absolute values of the constraint functamesboth below some given thresholds

g andg¢ or the iteration count exceefs(see Algorithm 3.1). Fig. 3.3 is a typical
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(b)

Intermediate Steps Iteration 1 Iteration 2 Iteration 3 lteration 4
cost function 3.44892 2.25533 1.48434 1.329651
1% constraint function value (Eq. 3.12) 1 1 1 1
2" constraint function value (Eq. 3.13) 0 0 0 0
update vector applied 0Xy 60Xy 0Xy NULL

(e)

Figure 3.3: An example of the intermediate steps. The two ellipses represent two
kernels. (a) Before iteration 1 starts in the current frame (The initial locations of the
two kernels are inherited from the final state in the previous frame.). (b)(c)(d)
Updated results after iteration 1 to 3. Since the cost function is above the threshold
(¢ = 1.4), 6x, is applied until the cost function is below the threshold. (e) The
corresponding values for the cost function and the constraint functions.

example for how the algorithm proceeds within oraemfe. Fig. 3.3 (a) shows the initial
state, which is inherited from the final statehe previous frame, and Fig. 3.3 (b)~(d) are
the subsequent iterations. The two constraint fanst specify the geometrical
relationship between two kernels, as given in (Bdrid (3.13). Based on the values of
the cost function and the constraint functions (Bi§ (e)),6x, is applied and according
to characteristic (ii), the values of the constrdimction remain as 1 and 0 through the
iterations until the termination condition is shéd.

We use the mean shift vector [26] with the opposiiection as oufjy in the
implementation, while maintaining characteristi¢) ((Appendix A3). If there is no
constraint (i.e., botle(x) andC, are0), then the movement in (3.5) becomes

ox = —ajy, (3.6)
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which is just the formulation of each kernel peniorg an independent mean shift

update.
3.2.d Adaptive Cost Function

When there is occlusion, not all the kernels alabke. Thus, we associate each kernel

with an adaptively changeable weight vaigdan the calculation of the total cost function,

Jx) = XL wii (). {3B.
Therefore, the movement vector in (3.5 is modifiedo be
6x = a(—1+ C,(CYC) ' COHW] + (-G (CXC) T C(X)), (3.8)
wi 0
wherew = [ 0 : andw; « simi;(x); I is an% x% identity matrix withn
e wy

being equal to the dimension of the state spaakNas the number of kernels. The value
w;, which corresponds to thdh kernel, is adaptively updated based on the indaiid
similarity simi; and is normalized to make the sum equaV tdhe similarity represents
the degree of match between the color featureeotémdidate and the target model in the
single kernel. The higher similarity will give udet higher weight value, which
corresponds to more confidence in this kernel. Waald enable the system to produce a

better movement toward the optimum when the keima® conflicts.

3.2.e Scale Change Issue

The scale (size) of the video object will probabhange if the object is moving toward
or away from the camera. Unlike the other scaleatgpanethods [26][27][81], which
need additional processes for dealing with scaleabies, such as using additional
kernels, we propose a simple while effective soluto overcome the scale change issue,
as evidenced by the experimental results in Ch&pgec.

The extracted histogram used for similarity measidréhe object is highly dependent
on the kernel bandwidth. If the object size is changing, it is better t@aptively change

the kernel bandwidth in order to obtain a histogthat matches the original one. If all
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Figure 8.4: (a) Original size. (b) Smaller size. The grey rectangle is the object. The
blue ellipse represents the kernel with bandwidth h and h" which is equal to

VhE + h% and \/h}? + h}?, respectively. The red dots, whose distances to the center

are d and d’, are the corresponding locations on the objects with two different sizes.

the corresponding pixels have similar weights, titograms would be similar. For
instance, Fig. 3.4 shows the same object with miffe sizes. The two corresponding

fdd

pixels (red dots) have the same weights for theogiam calculation i Hence, the

object size and the kernel bandwidth are positiwelgrelated. Thus, the change of the
kernel bandwidthh for maximizing the similarity (or minimizing theost function) is
utilized to infer the change of the object scalee Vdke the derivative of the density

estimator in (3.1) with respect g

af(h) ZZi(g(vi)vl) 2 Y i(wig()v;)
Vf(h) - f( ) [ h¥ik;) h¥iwik(v;) ] (39)

X—Zj 2

h
We can see that all the terms in (3.9), includingv;, g(v;), k(v;), andh, can be

whereg(v;) = —k'(v;) andy; =

directly inherited from the tracking steps suchhes mean shift vector and cost function
computing. Thus, based on these by-products, thle shange factor can be efficiently

estimated as,

i)
As = D = nr(h), @)1

wheren is the scalar factor which takes into account kb sensitivity of the scale

change and the smoothing factds.is proportional to the gradieRif (h) normalized by
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the current kernel bandwidthand density estimation valy€h) enabling the system to
control the step size adaptively. The scalat timet can be updated according to (3.11),
S¢ = S¢_1(1 + As) . XB)
If the average of all kernels’ similarity values above a certain threshold, the scale
update takes place after the iteration in AlgoritBrh finishes. The scale change method
is developed based on the assumption that theizatiah is done, i.e., the center of the
kernel in the current frame and the center of theél in the previous frame are at the
same point or two close points on the target, tbesehe scale update should take place
after the tracking iteration is completed. In thignner, the scale can be adaptively

updated to reflect th@ppropriate size.

3.3 Experimental Results

In this section, we start with introducing our implentation details. Next, the
experiments are divided into three parts: firsg #tenarios are mainly in tracking a
particular person in the crowd. We compared ouppsed multiple-kernel tracking with

two kernel-based tracking methods: multiple collatiwe kernels [31] and single kernel
mean shift [26], and two state-of-the-art trackers:line boosting [38] and superpixel
tracking [76], by using several databases. Secardwill show the effectiveness of our
approach for dealing with the scale changes of ttheked objects. Finally, robust

tracking of multiple people simultaneously undeclosion is demonstrated.
3.3.a Implementation Setup

In the multiple-kernel tracking module, each objectrepresented by multiple inter-
related kernels, and the overall state vertee composed of the centroids of all the
kernels[x; y; ...xy yn]7, WhereN is the number of kernels, afg, y;) is the centroid of

the i-th kernel. Theoretically, more kernels will givettee results, since it can handle

occlusion from various directions, especially inrawded scene environment. However,
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Figure 8.5: Layout for the multiple kernels. (a) 2 kernels. (b) 4 kernels. Kernels are
represented as red ellipses. Note that the object is not necessarily viewed from the
front. The figure here is just for the demonstration purpose.

due to the different sizes of the targets, the remdd kernels should be limited. For
example, if the size of the target is small, eaem& may cover only a small portion of
the body. The extracted histograms may not be nmétive enough due to insufficient
pixels. In this work, based on the symmetry andatteristics of the human body, we
use two kernels or four kernels to represent apabpand the layouts are shown in Fig.
3.5. These kernels are generated systematicallyaamomatically once the multiple-
kernel tracking is activated. The layout and thestints can be designed to reflect the
target's physical characteristics. For instancethea two-kernel setting, whether the
viewing angle is from front or side, the systemoandtically generates the first kernel to
represent the upper 55% of the object, while tlerobne covers the lower 55% of the
object, so there is some overlapping between ti&nte the upper and lower body parts
of a human normally have rigid geometrical relasiap, it is reasonable to formulate the
constraints as (3.12) and (3.13):

1 (%) = (3 — xj)z — Ly ij2)/(Lyi* + 1), (3.12)

c2(viyy) = (i - }’j)z —Lyii)/(Lyii* + 1), (3.13)

whereL,;; andL, ;; are the distances which remain constant afterirhglization,
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unless the object size changes; éngly;) and(xj,yj) are the centroids of kernelandj,
respectively. At the first frame, each kernel adities its own target model based on its
covering area, and tlg ;; andL, ;; values are automatically determined by settingB.
and (3.13) to zero; that is, the constraint funticare satisfied in the beginning:
cp (xf M) = 0 and ¢,y yMH) = 0. The Ly,;; and Ly,;; values are
adjusted in proportional to the scale change orilgmthe size of the object changes. As
shown in Fig. 3.5, the extremes of the kernels,., Xmax: Ymin, @Ndymqy, form the

bounding box. The centroid of the tracking ressibbtained based on (3.14),

x, = (xmm+2 xmax)’ y, = (Ymin‘; ymax) ' (3.14)

Thea in (3.8) is set to 1 since the mean shift vechaaaly provides adaptive step size.
In Algorithm 3.1, the values cfc actually depend on the size of the object, and we
assign the values in the range of 0.05 to 9 to eatty ofec; ¢; is given by the value of
0.7 X N, whereN is the number of kernels. The max number of itenat (") is equal to
5.7 in (3.10) is set t® x 103 empirically to reflect the appropriate amount loé tscale
change. The target's model and the scale will drdyupdated if the average of all
kernels’ similarity values is above 0.6. We use Klistance [9] for all the similarity-
related and cost computations through the impleatiemt. To construct the histogram of
the object, the HSV color space and roof kernekanployed.

3.3.b Experiments on Multiple-Kernel Tracking

First of all, in order to emphasize the robustregssur proposed multiple-kernel tracking
method, we focus on tracking a specific person whoccluded, with potential scale
change, in the crowd within the video. The commarsswith two other kernel-based
methods, as presented in [31] and [26], and twie-sththe-art trackers, on-line boosting
[38] and superpixel tracking [76], show the robessand improvement of our proposed
method. In this experiment, all the targets ofriese and kernels are selected manually in

the beginning.
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Figure 8.6: Tracking a person under occlusion. (a) CAVIAR Database:
OneStopMoveEnterIcor sequence. Frame #1, #28, #73, #132, #164. (b) PETS2010
Database: §2.L.2.View_001 sequence. Frame #344, #368, #381, #406, #429. (c) i-
LIDS Database: MCTTEO0102 sequence. Frame #1, #71, #189, #322, #361. (d)
Crowd Analysis Dataset. Frame #1, #61, #82, #93, #181. (e) Our own recorded
video. Frame #1, #39, # 102, #444,, #485.
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Fig. 3.6 shows some of our test results. We hawduated our approach using the
CAVIAR Database [11], with the frame size of 384828Ve select some clips that have
at least 5 people in the scene and pick the taingétis continuously occluded during the
movement. The target is marked by the boundingfboxeaders to see clearly. Fig. 3.6
(a) shows 5 representative frames out of the trackesults based on using our proposed
method with two kernels and the competing methdd® corresponding trackers are
shown in different colors. In frames #28 and #1882 target is occluded. Our method can
effectively track the target (marked as red bougdiox), while it results in larger errors
by applying the methods in [31][38] or even losthg tracking of the target by using the
methods in [26][76].

In addition to the CAVIAR database, we use the @ifflem PETS 2010 Benchmark
Database [64]. One of the objectives of creating database is to track the individuals
within the crowd, so it is perfect for our usagetove the effectiveness of our approach.
The frame size is 768x576, and it is taken undigames per second. Fig. 3.6 (b) shows
that our method with two kernels produces promisragking and scale updating results.
Moreover, the iLIDS database [75] is utilized toakwate the tracking accuracy. It
captures the scene in a busy airport. The franeeisiZ20x576. Our algorithm using four
kernels clearly outperforms the others (Fig. 3.5.(8ome video clips for the crowd
analysis [68], with the frame size of 480x360, al® used for the experiments in this
work. In Fig. 3.6 (d), our tracker with two kerndlacks the target moving across the
central area. The trackers we compared to losttiet, and some of them even drift out
of the visible area.

We also use our own captured videos to do the expats. These videos, with the
frame size of 640x480, contain the tracked targanging the direction while walking in
the crowd scene. In Fig. 3.6 (e), frames #39, #14&] #444 show the target is
continuously occluded in the crowd. The proposedhot using two kernels steadily

tracks the specific person effectively.
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Figure 8.7: Errors (pixels) of the object center against the ground truth in Fig. 3.6
(a)~(e). Our proposed method (red) outperforms other methods.

Table 8.1: Average error (pixels) in Fig. 3.6 (a)~(e)

Avg. Error (pixels)

Method CAVIAR PETS2010 i-Lips  Ccrowd — Ourown
Analysis video
proposed method 5.62 5.73 11.43 10.81 8.75
multiple collaborative 13.27 50.51 192.19 55.60 177.21
kernels (MCK) [31]
mean shift (MS) [26] 94.95 81.40 231.59 205.55 199.18
on-line boosting (OB) [38] 6.53 17.86 200.74 84.17 208.34
superpixel (SP) [76] 77.62 90.55 192.13 15.02 16.70

To further evaluate the performance quantitativede, absolute errors for each frame
in the above scenarios are computed and showngin3. The error is defined as the
pixel distance between the target’'s centroid ofdineulation result and the ground truth
as provided by the CAVIAR database [11] for thense® in Fig. 3.6 (a). For the PETS
database, iLIDS database, crowd analysis dataset,oar own captured video, the
ground truth is produced by using the Video Pertoroe Evaluation Resource (VIPER)
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tool [29]. The deviations remain in the lowest by using our method among all the
scenarios, while the other trackers lose the tardating occlusion, resulting in large

deviations in some or all of the cases. Note tlmhetimes small error does not
necessarily mean an accurate tracking. For instandég. 3.6 (c), the on-line boosting

tracker drifts away after the occlusion in the begig and is trapped at the upper left
corner. The target happens to move from right f tesulting in the decrease of the
error of the on-line boosting tracker (Fig. 3.7)(dut in fact the tracker still loses the
target. In Fig. 3.7 (d), three compared trackeif dway and are out of the visible area,
so their corresponding error curves terminate endhrly stage. Table 3.1 further shows
the average error among all the frames of the vidgos. The quantitative error

measurement in the table demonstrates the sugmitormance of our proposed method

in dealing with occlusion.
3.3.c Experiments on Scale Change

In these experiments, we focus on tracking theetarthat have obvious scale changes in
the videos from different databases [11][64][75miarly, all the targets are selected
manually in the beginning and are tracked by oultipia-kernel tracking with the scale
update. Fig. 3.8 exhibits the robustness of oup@sed method. Since some of the other
methods under comparison did not explicitly consitie scale change in their systems,
we do not provide the comparison here. By effidienising the by-product from the
tracking procedure, i.e., the required terms faleschange factor computation in (3.9)
can be inherited from the tracking stépthe associated optimization iterations, we not
only perform the successful tracking but also déffety update the scale of targets

accordingly.
3.3.d Experiments on Single Camera Tracking System

In order to achieve fully automatic tracking, wether integrate the multiple-kernel
tracking scheme into a Kalman filter based trackaygtem [14], where we use the
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Figure 38.8: Tracking a person under occlusion with obvious scale change by using
proposed method. (a) CAVIAR Database: OneStopMoveEntericor sequence. (b)
PETS2010 Database: 8$2.L1.View_006 sequence. (c) :-LIDS Database: MCTTE0201
sequence.

Kalman prediction as the initial location for theultiple-kernel tracking module and treat
the result from the multiple-kernel tracking as tmeasurement for Kalman update.
Several video clips are used for the performancduation. In order to make people
differentiable, we tag them with numbers and défercolored bounding boxes as well.
Fig. 3.9 shows some of the results. In additiomuo own captured videos, we use the
video from AVSS 2007 Database [43] and PETS 201icBenark Database [64]. From
the background subtraction to the end of trackawgrything is fully automatic, and there
is no need for any manual intervention. Note thatinitialization of the multiple kernels
is automatic as stated in Chapter 3.3.a.

We further compare the performance, in terms ofatrerage error, with two base-line

trackers, mean shift tracking [26] and particléefiing [60], by using the same test video



27

(d)

Figure 3.9: Tracking all individuals in the video simultaneously. Different people
have been labeled with numbers and also with different colors bounding boxes. (a)
Our own captured video. (b) AVSS_AB_EVAL. (c) PETS 2010_82.L1.View_001. (d)
PETS 2010_S2.L1View_008. (e) PETS 2010_82.L1View_008. () PETS
2010_82.L1.View_007.
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Figure 3.10: Some tracking failure examples from mean shift or particle filter. In (c),
the bounding box 3 (red) lost the person at left who has been occluded by the sign
and the person at right. Since the box does not cover the area of the person at left,

we remove this error value from the calculation of average error in Fig. 3.11.
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Figure 3.11: Comparison between our method (blue), single kernel mean shift
(green), and particle filter (brown). The video clips 1~6 correspond to the results in

Fig. 3.9 (a)~(f), respectively.

clips. The average error is obtained based omalpeople in all the frames, and the error
is defined as the pixel distance between the tgrgentroids of the simulation results

and the ground truths which are produced by usiREER tool [29]. Originally, the mean

shift method and particle filtering lose the tasgetcasionally during occlusion, and thus
the trackers tend to drift away easily, resultindarger errors. Some of their failure cases
are shown in Fig. 3.10. In order to show the robess and stability of our method, here
we adopt another way to compute the average efforseach person, we only consider

the frames in which the corresponding bounding boak all three trackers overlap
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Figure 8.12: An example that shows the values of (a) cost function and (b) constraint
function change as the iteration goes. Note that only one constraint function value is
shown here. In this example, we can see it takes 4 iterations to make J(X) < &

(& = 1.4).

with that person in the error computation. For anse, the frame in Fig. 3.10 (c) is

excluded from the average error computation for pleeson labeled as 3, since the
bounding box 3 totally leaves the corresponding@er Fig. 3.11 shows the quantitative
comparison based on the above rule. We can seevbatafter discarding those frames
having huge error values, our proposed methodastdins better performance and higher
stability since the occlusion results in largeridgen when using the other two methods

even if they do not lose the target completely.

3.4 Discussion

3.4.a Projected Gradient Evaluation

The decomposition of the update vecdarensures that the state vector reaches the
optimum efficiently according to the characteristigroved in Appendix A2. Although
some linear approximation has been exploited, themising simulation results
demonstrate that the characteristics still holdractice. Fig. 3.12 shows a typical case of

how the values of the cost function and one ofcihrestraint functions change. Since the



Intermediate Steps lter. 1 lter.2 lter.3 lter.4 lter.5

cost function 9.52 7.61 7.42 7.37 7.37
1* constraint function 0 0 0 0 0
3" constraint function 0 0 0 0 0
(c)
Intermediate Steps Iter.1 lter.2 |lter.3 lter.4 lter.5
cost function 9.52 7.86 9.02 7.80 9.16

1 constraint function 0 -0.681 0.178 -0.637 0.04
3" constraint function 0 -0.883 -0.17 -0.77-0.22

(d)

Figure 3.13: Two examples of the intermediate steps w/ ((a)(c)) and w/o ((b)(d)) the
projected gradient. The four ellipses represent four kernels. The snapshots and the

function values of the methods w/ and w/o the projected gradient are shown. The
one with projected gradient gradually move to the target while the one w/o
projected gradient swings from different states and does not converge. Note that
there are 12 constraints in the four-kernel setting, and we only show two constraint
functions here for illustration purposes.

cost function exceeds the threshald= 1.4) in Algorithm 3.1 and the constraint
function is satisfied, the update takes place byingpalongéx, where one can see that
the cost function drops to the lower level while tdonstraint function remains the same
as the iterations proceed. In this example, theqw® stops at thé"4teration since both
the cost function and constraint function are betlogvthresholds.

The projected gradient in (3.8) plays an importesie in both the accuracy and
computation efficiency. The tracking accuracy corigmn between the methods with and
without projected gradient term is shown in Tabl2.3In the simulation without
projected gradient, we discard the te€p{CZC,)~1CT in (3.8) while computingx,, and
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Table 8.2: Average error (pixels) comparison with and without projected gradient

Avg. Error (pixels)

Method CAVIAR PETS2010 i-Lips  crowd ~ Ourown
Analysis video
proposed method 5.62 5.73 11.43 10.81 8.75
without projected gradient 6.88 10.85 87.52 90.08 43.86

Table 3.3: Efficiency comparison for PETS2010 Database: S2.1.2.View_001 sequence

Computation w/ projected gradient ~ w/o projected gradient
ave. error (pixel) 7.3575 7.4008
T in algorithm 3.1 3 6
frames per second 10.19 5.869

other elements are left unchanged. Since the pgeajéerm is removed, the characteristic
(ii) does not exist, and it is likely that the vatuof the constraint functions change while
moving along théx,. After that, applyinggxz; may increase the cost function. Thus, the
oscillation tends to happen and makes the trackaogiracy worse. The snapshots of the
kernels’ movements and the function values are shiowFig. 3.13, which is a typical
example of how the projected gradient leads to eayence through the iterations while
the one without projected gradient does not apfrdbhe steady state point before the
predefined maximum number of iterations is reacffee- 5). In Fig. 3.13 (l), one can
see clearly the oscillation of either the kernefslvements or the function values when
the projected gradient is not utilized. Projecteadgent enables the decrease of the cost
function while maintaining the satisfaction of tb@nstraints, so in practice our proposed
method usually does not need the computatia¥xgf

In order to decrease the probability of oscillataeturring while not using projected
gradient, one possible way is to reduce the step &) when applying the gradient
vector. However, it takes more iterations for tiagk and it still fails in some cases. One
can compare the computations of two methods,wiéh, and without projected gradient,
by looking into (3.8). In each iteration, the methwith projected gradient needs
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additional computation df,(CIC,)~*CT , and the one without projected gradient usually
needs to computéxy, which includesC,(CIC,)~!. Since the matrix inversion is
normally the dominant computation and both of thieave it in the computation, the
computation cost in each iteration is similar inhboases. However, the required number
of iterations is higher for the one without proggttgradient in order to get a similar
tracking performance. For instance, Table 3.3 shihvesefficiency comparison between
these two schemes using the video clips in the P&it8base. We tried to adjust the
parameters, and the number of maximum allowedtitera (T) in Algorithm 3.1 need to
be set as 3 and 6 for w/ and w/o projected gradi@sipectively, in order to obtain a
similar tracking accuracy for both cases. Hence,dhe with projected gradient attains
higher computation efficiency in terms of procesgathes per second.

Compared to Newton’s method, gradient-based methedally need more iterations
to reach the optimum point. However, it has beavegad by Fashing et di34] that ‘the
mean shift procedure with a piecewise constantilprgf is equivalent to Newton’s
method applied to a density estimate using the @haafg.” If we choose a piecewise
linear profilek(+), such as the roof kernel, as we did in the implaaten, the mean
shift procedure will have a piecewise constantifggf (g(-) = —k'(+)); that is, doing
mean shift update can have the same iterationsagidtewton’s method (i.e., the mean
shift vector equals to the Newton step). Therefosecombining the mean shift vector
into our gradient—-based approach (3.8) enables noethod to attain both robust

performance and efficiency.

3.4.b Similarity Map

The proposed method considers multiple kernels withstraints to make the solution

feasible during the optimization procedure. Take #ame frame in Fig. 3.13 as an
example, Fig. 3.14 (a) is the similarity map comstied under single kernel based on the
negative value of the K-L divergence around thegimeorhood area of the target. One

can see that there is a large flat region withsiha@lar values (dark red) which makes it
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hard to locate the local maximum of the map. Theall@ptimum, marked as a white
cross, is far away from the ground truth, marked ashite dot, which causes the tracking
error. In Fig. 3.14 (b), the same map is built bass the multiple kernels with
constraints (Eqg. (3.7)). The local optimum locateshe smaller region at the lower left
corner, and the variation of the map values areenobrvious which makes it suitable for
gradient-based optimization. During the optimizatiteration, it prevents the divergence
of the tracking. It is not surprising to see tha estimated optimum (white cross) does
not perfectly coincide with the ground truth. Iraptice, due to the appearance variation
of the target, presence of the noise, and espgamathe video with a lot of occlusion, we
do not expect the experimental results can matelgtbund truth perfectly. However, it
shows they are close enough to perform the suadetsatking. In short, although our
proposed method utilizes simple elements, e.g., HSWbgram and K-L divergence, the
multiple constrained kernels effectively build angarity map that enables us to do the
successful tracking.

3.4.c Kernel Design
When we design the configuration of the kernels, dkierlapping between a pair of the
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Figure 3.14: Similarity map of the neighborhood area of Fig. 3.13. White dot is the
ground truth of the target location. White cross is the local optimum of the map. (a)
Compute the map based on single kernel. (b) Compute the map based on the multiple
kernels with constraints.
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(a) (b)

Figure 8.15: Layout for the multiple kernels. (a) 5 kernels. (b) 6 kernels.
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Figure 3.16: Errors (pixels) of the object center against the ground truth. Results of
using different number of kernels are shown in different colors. Red: two kernels;
Green: four kernels; Blue: five kernels; Black: six kernels. (a) i-LIDS Database. (b)
Crowd Analysis Dataset.

kernels is allowed. However, the overlapping areavben any pair of the kernels should
be limited; otherwise, if the occlusion happenswduld be easily for both kernels to
suffer from the ill-observable condition. For humtaacking, it is intuitive to design two
kernels, one for the upper part and one for theetopart, since (i) It is reasonable to
assume that the human remains upright when theymereng, so the geometrical
relationship of upper and lower body parts raréigrges. (ii)) We have observed that for

many cases of the occlusion between humans, tHesome happens from the bottom of
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the human body. When the lower part is occluded, upper part may still be well-
observed which helps track the target correctly.rrore complex scenarios (e.g. Fig. 3.6
(c)) that the occlusion happens from different cliens, four kernels are adopted for
handling the occlusion from various directions. dtetically, with more kernels
representing the target, more information is awéglato enable the better tracking,
especially in the crowded scene environment. We peoe the results from using
different numbers of kernels. The layouts of thes fand six kernels are shown in Fig.
3.15. Fig. 3.16 (a) shows the tracking errorsldDS video (Fig. 3.6 (c)) under different
numbers of kernels. In this scenario, the scemsoie cluttered and the target is usually
occluded from the various directions. The one with kernels loses the target while the
ones with four, five and six kernels successfullgalte the target. However, due to the
different sizes of the targets, the number of kisrebould be bounded. If we assign more
kernels to the target, each kernel will cover oalgmall portion of the target (assume
there are only limited overlapping areas betweanéds). The extracted histograms may
not be informative enough due to insufficient psxedspecially when the target is small,
like the scenario in Fig. 3.6 (d). Fig. 3.16 (bpwis the tracking errors @rowd Analysis
video (Fig. 3.6 (d)). One can see the error offkennel is slightly better than the error of
two-kernel, but when we add more kernels, the perdémce is worse due to the
information deficiency for some kernels. In thisseainstead of using statistical-based

feature, other features may be included with memaéls setting.
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Chapter 4 — Multiple-Camera Tracking with

Overlapping Views

In our work, there are two different scenarios aalthg with tracking across multiple
cameras (Fig. 1.1). This chapter introduces ouraggh for multiple-camera tracking

with overlapping views.

4.1 Overview of the System

Suppose there ané. camerag;, i = 1~N,; for each pair of cameras with overlapping
views (e.gC; andC, in Fig. 4.1), the spatial relationship can be thoyl constructing the
FOV lines. This task can be done automatically mpleying a feature detection and
matching technique [55]. After finding the corresdence points between two views, we
can determine the ground plane homography, whidhascoordinate transform in two
images from different views [1]. In this way, wencabtain the FOV lines between two
views; i.e., where the boundaries of one view i ¢kher view are located. In the mean
time, the overlapping area in both views can thaiglentified automatically (see Fig. 4.1)
[18], and the visibility map’l.j(-,-) between a pair of cameras can be established.tidop

the notation from [50], Iet/ij(x,y) = 1 denote the fact that the location (aty) in

camera(; is also visible in camerg;; otherwise,Vl.j (x,y) = 0. If the n-th person in
cameraC; is located afu, v), the camera subset that also sees riHis person can be

expressed as

) ={G |V wv)=1vj=i}. (4.1)
Moreover, the FOV line along sideof cameraC; showing in camer§; is defined asé’]‘:'s
ands = {left, top, right, bottom}.

For camerd;, when then-th person0}* enters the view from sidg the system decides

if this position is in the overlapping area by diilg the set;(n). If it only appears in
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Figure 4.1: Camera topology and FOV lines

cameraC;, the set;(n) is empty, and the system gives it a new globatllaBtherwise,
the persord]' can be seen by the other cameras in th€;ée}. Then the goal is how to
search and compare all the peopl&;i C;(n) in order to assign the same label to the
person. In our work, three kinds of clues are déffety exploited. As introduced in
Chapter 2.2.a, the camera link model consists véraé components that allow us to
utilized different features to match the humanswo cameras. Here, the camera link
model includes the homography matrix, brightnesagfer function, and tangent transfer

function. In the next section, we describe how thaeyapplied to the associated features.

4.2 Feature Representation and Transfer Function

4.2.a Vicinity Cue

The distance from a person to an FOV line is th& filue that can be used to remove
impossible people ia; € C;(n) [50]. In each cameré; € C;(n), we form the candidate

set in camerd;,

csi™ = {0f | dis,(0f,€7°) < T4, v Of in C;}, (4.2)

wheredis, (0F, ¢;°) is the minimum distance between feet locationhefk-th tracked

object in camerd; and the FOV line along sideof camera; showing in camerd;. Ty
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Figure 4.2: Brightness transfer function (BTF). Three channels are shown

separately.
is a predefined threshold based on the scene séhidiscards those people far away from
the entering FOV line. We keep the distance vabidke ones close to the FOV line for
the matching later. If we use the homography tmdi@rm the feet location to its
corresponding point in the other view, it may notegus the exact location due to the
imperfection of the homography and the scale dffiee of two views. Especially when
there are several candidates, it would be diffitcaltmake the association. Moreover,
since there may be several people whose distaadbs FOV line are similar, we cannot
only count on the vicinity cue. Therefore, besides cues related to spatial location,

more information is necessary.

4.2.b Color Cue

A color histogram can serve as a robust clue wkarncking for the best match among the
candidate seft‘Sji'"'S created from the previous step. However, everséime object may

be seen differently due to the cameras’ color tbfiee. The color deviation can be
modeled as a brightness transfer function (BTF)][83). The BTF is applied to

compensate for the color difference between twoectambefore we compute the distance
between the color histograms of two observations.each two cameras with overlapping

FOVs, we use the cumulative histograms of the appihg area to compute the
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brightness transfer functiofirr(-): R* - R%, whered is the dimension of a histogram
vector. One example of the BTF is shown in Fig, wRere the color correspondences are

displayed for all the three channels. We can im&rhat brightness is darker in camera 2

than in camera 1. For each obj@ﬁtin the candidate sé‘Sji'"'S, we evaluate the distance
between the histograms @f ando/*, denoted b)h]’-‘ andh? € R4, respectively, with the

BTF involved. The distance is denoteddas. (h¥, fzrr(h?)), wherefzrr(h?") means the
histogram of thea-th object in camer@&; after applying the BTF.

4.2.c Edge Cue

Assuming the cameras are synchronized, the edgerdeis an effective feature for re-
identification. However, the edge direction on aspa may also change due to the
difference of perspective. Here we proposed thasfamation between the edge
directions (i.e., the tangent values). We denote ¢hordinates of the views of two
cameras agx;,y;) and(x;,y;); the homography transform obtained in the FOV line

detection stage can be shown as

Ax; a b cyx;
Ayi|=1d e f [}’il- (4.3)
1 g h 1111

We can rewrite (4.3) into an explicit form:

A=gx;+hy;+1, (4.4)
xj = (ax; + by; + ¢)/A = (ax; + by; + ¢)/(gx; + hy; + 1), (4.5)
yi=(dx;+ey;+f)/A=(dx;+ey; + f)/(gx; + hy; + 1), (4.6)

Taking the derivative of (4.5) and (4.6) with resi® x;,

ay; 9y
axj _ (a+ba—xlf>(gxi+hyi+1)—(axi+byi+c)(g+ha—x;) 4.7)
ax; (gxi+hy;+1)2 ’ )

% _ (d+eaxi)(gxl+hyl+1) (dxl+eyl+f)(g+haXi

0x; (gxi+hy;+1)2

(4.8)
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Dividing (4.8) by (4.7), we get

i\ (gxi+hy;+1)—(dx;+ey; 9%i %)_ ( %)
ay; (d+eaxi)(gxl+hyl+1) (dxl+eyl+f)(g+haxi) B (d+eaxi Yj g+haxi (4 9)
0x; B (a+b%)( x-+hy-+1)—(ax-+by-+c)( +hL) B <a+b%)—x-( +h%) . .
axi 9 t t t t 9 axi axl- J 9 axi

; ay; .
Letm; andm; denote the tangent val% andgy" , respectively, and (4.9) becomes
L ]

_ (d+emy)-y;(g+hmy)

(4.10)

m; = .
T (a+bmy)-xj(g+hm;)

Since (4.10) enables us to map the tangent vatue éme camera to the other, we call it
the tangent transfer function (TTF). The tangenueaf a point is obtained from the
gradient vector extracted by the Sobel operatoedbas the fact that the tangent direction
is always perpendicular to the gradient directi@iven a poini(x;, y;) in camera’; and
the corresponding tangent valug, we apply (4.3) and (4.10) to get tangent vaiye
We use the histogram of oriented tangent (HOT)uadeature to express edge directions.
Hence, we can get the tangent value at each paoitie object after transferring to the
other camera, and the HOT can be built. Comparisonade by computing the distance

dis, (tf, t), wheretf € R" is the HOT of objecOf, £} denotes the HOT ai-th object

in cameraC; after applying the TTF, andis the dimension of the histogram.

In our simulation, we assume the cameras are seit upe high elevation places,
which is the normal set up in public places, sodbgct height is much smaller than the
distance between the ground plane and the camereeiithe ground plane homography
can be utilized as the approximation as the glblbahography between two views [86];
that is, all the pairs of corresponding points stthe same homography matrix. However,
the performance can also be enhanced if multipfertaof planar homographies are
employed. In this way, for each point on the obhjee¢ can choose the homography
corresponding to the plane on which the point iresrder to obtain the tangent value
transformation. The multiple layers homographiegehalso been considered in several
works [3] [51].
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4.3 Object Matching and Transfer Function Update

4.3.a Object Matching

Due to the quantization of the histogram and theeirfection of the transfer function, the
histogram after applying transfer function will maatch perfectly to the correct one. To
alleviate this effect, the Earth Mover’s Distan&MD) [70] is chosen to compute the
distance between two histograms since it can tidex@ll some amount of deformations
that shift features in the feature space. Hereadapt the efficient EMD algorithm [54]
in order to have robust comparison and computagficiency as well.

By combining the three cues above, we can writdikelihood function and determine

the best match by selecting the one with maximielihood among aItD}‘ € CSJ‘:’"'S :

. Z —_—
dis,,(oll-‘,t’;-’s)z + disc(h;‘c,fBTF(h?)) + dise(t}‘, t{l)

02 o2 02

N]- (4.11)

Therefore, we assign the label of #ieh object in camerd; to then-th object in camera

K =arg max[exp(—(

C; . The parameters are determined empiricallyogs= 15,0, = 2,0, =2 in our

experiments.
4.3.b Camera Link Model Update

The environment change may lead to the necessityeomodification of the model, e.g.,
change of the lighting condition requires a diffearBTF. Therefore, in the testing stage,
the camera link model needs to be continuously t@odd-or each pair of cameras with
overlapping views, whenever a matched pair is ¢etethe information of this pair can
be utilized to update the camera link model.

An instant brightness transfer functiggitsf®™ is constructed and included in the
updated BTF as (4.12).

B = (1— p)fsts + pfari ™™, (4.12)

where the update rajeis predetermined based on the environment. If ligjeting

condition changes fast, we can set the rate higher.
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The original homography matrix is extracted frone thitial stage described in the
beginning of Chapter 4.1. Since there may be nths¢ affects the accuracy of the
homography matrix computation, the matrix needsetoefined during tracking procedure
in order to build a more reliable TTF. As long asnatching pair with high enough
likelihood value in (4.11) is identified, we usastipositive result to update the matrix,
since they have high probability to be the corremtrespondence objects. Assume the
original transform matrix is obtained from two st corresponding matching feature
points with sizeM in two camera views:

P = {(xi:}’i): [ = 1~M}, Q = {(xl'")/i,)l i = ]-NM}I (413)

where the poinfx;, y;) in camera 1's frame matches the pdint,y;") in camera 2's
frame. Suppose we have a positive result; thathes,object atX;, y,) in camera 1 is
labeled as the same objeci(&t’, y,') in camera 2 with high enough likelihood in (4.11),
we add this pair to the original set. Hence, weehitre a set of matching points with size
M+1. The updated homography can be extracted by ubmdeast square method [1].
Since the positive result is the location that digect really passes by, it is highly
probable that other objects may pass by that pairthe future. By taking this into
account, the homography transform matrix is motebke; therefore, the TTF would

make less deviation around those positions.
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Figure 4.3: Histogram comparison (only one channel is shown here). (a) and (b) show
the same person observed in different cameras. It is the same person as the one with
ID 2 (green box) in the Fig. 4.5 (c)(d). The hist2 (blue curve, corresponding to (a)) is
unchanged. The hist1 (red curve, corresponding to (b)) before and after transfer are
shown in (c) and (d), respectively. The distance is smaller after applying BTF.
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Figure 4.4: Histogram comparison. (a) View of camera 1. (b) View of camera 2. Note
that the same objects are observed from different perspectives. (c)(d) Histogram
comparison. The hist2 (blue curve, corresponding to (a)) is unchanged. The hist1
(red curve, corresponding to (b)) before and after transfer are shown in (c) and (d)
resnectivelv. The distance is smaller after annlvino TTF.

4.4 Experimental Results

In this section, we will first show the effectivesseof our histogram transfer functions
including BTF and TTF. After that, we evaluate thecuracy of our multiple-camera
tracking scheme based on several video clips.ltest videos are captured from two
cameras with overlapping views from the high elevatplaces. The image size is
640x480. Some of the simulation results are shaxdemonstrate the efficacious tracking

across cameras by using the proposed method.

4.4.a Transfer Function Evaluation

The effectiveness of the transfer functions camstmmvn in the Fig. 4.3 and Fig. 4.4. We
can see the distance between the histograms edr&am the same person in different
views is much lower after applying the transferdtions. In our implementation, we use
RGB color space, and each channel has 32 binshiBtegrams from the three channels
are concatenated together into a single vector.etige direction is divided into 30 bins
within the range from 0 to 180 degree. We increasenumber of bins in the figures just

for demonstration purpose.
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Figure 4.5: Two overlapping views from two cameras are shown in the same row. (a)
Three people are going to enter the right view. (b) All people appear in the right
view and are labeled correctly. (c) Three people enter the left view in the same time.
(d) All people appear in the left view and are labeled correctly.

Figure 4.6: Two overlapping views from two cameras are shown in the same row.

The system successfully labels the same person with the same color bounding boxes
in two cameras’ views. (a)-(d) are four representative frames in chronological order.

4.4.b Tracking Across Cameras

The proposed method has been integrated in outesoamera tracking system [20],
which makes the tracking reliable even under ot@mu®r segmentation error. In this
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1: no transfer function
2: apply TTF only
0.95}} 3:--apply-BTF-only

4: apply TTF + BTF

Figure 4.7: Matching accuracy when using three features. 1: Without transfer
function. 2: Apply TTF only. 8: Apply BTF only. 4: Proposed method, apply TTF +
BTF.

Table 4.1: Accuracy comparison

vicinity cue + color cue | vicinity cue + color cue
(w/o BTF) [59] + edge cue

Accuracy 72% 79% 96%

Method vicinity cue only [50]

section, we present the performance during matchihg video size in each camera is
640x480. Fig. 4.5 (a)(b) shows the result of tragk8 people across the cameras, and all
of them are labeled correctly. In order to makeptedlifferentiable, people are labeled
with numbers and different colors of bounding boasswell. In Fig. 4.5 (c)(d), the color
difference between two cameras is even larger.eTpedple walk into the left view nearly
at the same time. Since the geometrical distan¢€>d line is similar, we count on the
color and edge clues which lead us to the coremuilts. There are more people walking
across the cameras views in Fig. 4.6. Some of #nan pass the FOV line nearly at the
same time which makes matching more challenging. 4i7 concludes the accuracy of

the matching. The accuracy is defined as:

# of people correctly labeled

accuracy = (4.14)

# of people walking across the cameras
During the matching procedure, all the three cues @nsidered. We can see the

performance is the best if we apply both transfecfions.
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We also made the comparison between our proposeingcand other two different
approaches. In [50], the vicinity cue is the odgitiire considered during matching, and in
[59], the color information without applying BTF @so utilized in matching stage. Table
4.1 shows the improvement of the accuracy by usurgnethod.

One can see that the accuracy of using “Vicinitg euColor cue (w/o BTF)” in Table
4.1 (0.79) is similar to its of using all the thrages without applying transfer functions in
Fig. 4.7 (0.77). If the perspective difference begw two cameras is large, such as Fig.
4.4, utilizing the edge cue without applying TTFllvdometimes even deteriorate the
accuracy. There are several videos with large pets difference in our test set. It can

explain why the accuracy is nearly the same afidimg one more cue while the transfer

functions are not employed.
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Chapter 5 — Multiple-Camera Tracking with

Nonoverlapping Views

In this chapter we present our approach for tragknumans across cameras with

nonoverlapping views.

5.1 System Overview

The overall system shown in Fig. 5.1 is divideaitite training stage and the testing stage:
5.1.a Training Stage

The system learns camera link models in an unsiggghmanner. We consider several
terms in the model, including transition time dlstition, brightness transfer function,
region mapping matrix, region matching weights, eature fusion weights.

If there exists a path allowing people to travetwsen two cameras without passing
through any other cameras, we call the two canudiirastly-connected. As introduced in
Chapter 2.2.a, a path actually connects two entity/sones in a pair of directly-
connected cameras (see Fig. 5.4). Given the catop@ogy, the directly-connected
camera pairs and the corresponding entry/exit zeaesbe manually identified easily.
Training takes place in a pairwise fashion betwaéthe corresponding entry/exit zones
pairs of directly-connected cameras. For each qgfagntry/exit zones, the training data,
i.e., two observation sets from two zones, is ctdd. Each entry/exit observation
contains temporal, color and texture features pérgon who is entering/leaving the field
of view (FOV) of a particular camera. If people raaly identify the correct
correspondences between the observations in thvessdts, the camera link model can
be straightforwardly estimated in a supervised reanRor example, the transition time
values between pairs of correct correspondencebeaomputed based on the difference
between the entry time stamps and exit time starfips) which the transition time
distribution can be estimated. However, as theesoélthe camera network is getting

larger, supervised learning of camera link modelsat feasible since a large amount of
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Training Stage Testing Stage
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Camera Link Model

Figure 5.1: System overview

human effort is required. Hence, we learn the camlatk model based on an
unsupervised scheme [17] in the training stage. Sys¢em automatically identifies the
correspondences in the training data and estirhateagmera link mode.

DenoteX andY as the exit and entry observations, within a ggetime window,
from a pair of corresponding entry/exit zones ipar of directly-connected cameras,
respectively:

X=[X1 - Xy, Y=[Y1 - ¥Yn], (5.1)

wherex; andy; are exit and entry observations, aidandN, are the numbers of the
observations. Inspired by the concept of featurmtpmatching between two images
[16][56], we formulate the identification of thercespondence as finding &N; + 1) X

(N, + 1) binary matrixP, where each row and column stands for an exit emdy
observation, respectively. The enfly in P is 1 ifx; corresponds tg;; otherwise, it is 0.
The (N; + 1)th row and the(N, + 1)th column represent the outliers, i.e., an entry
observation in one camera is not from the othegroexit observation from one camera
never enters the other. Note tifat. ; y,+1 has no physical meaning, so all the following
discussion will exclude it automatically.

Analogous to the affine transformation in 2D imgm@nts matching [16][56], the
camera link model serves as the transformation dmtwthe observations from two
cameras. The correspondence maRrig estimated based on the distances between the
feature vectors from the observation sets, ancc#éineera link model (transformation) is

required to compensate for the deviation between dameras during the distance
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calculations. Moreover, the camera link mod#l can be estimated given a
correspondence matriX. Hence, it is reasonable to employ an EM-like apph to
iteratively estimate the matri and the camera link modil (Fig. 5.1). In each iteration,
P is obtained by solving a minimization problem givine most recently estimat®fl
After that, modeM is estimated based on the newly upd&eth Chapter 5.2 and 5.3,
we will introduce the formulation of the minimizati problem and the estimation of the
camera link model including transition time distiiion, brightness transfer function,
region mapping matrix, region matching weights, &ature fusion weights. One will
see that our estimation procedure is quite genBedple can always add more features
and the corresponding transformations in the cantieka model. The unsupervised
learning scheme will take care of the estimatiorihef unknown parameters adaptively

and systematically.

5.1.b Testing Stage

In the testing stage, each camé€fai = 1~N, maintains an exit lisL;, for each
entry/exit zonek, within aT,,,,-second interval. It consists of the observatiOps of the

people who have left the FOV from zokevithin thisT,,,,-second interval.

Liy = {0}, 0% .. 01} (5.2)
Whenever a person enters a camera’s view, themsyfstels the best match among the
people in the exit lists corresponding to the Ishkeones of the directly-connected
cameras. Based on the camera link model, the nmatchiistance between two

observation®; and0, can be computed as the weighted sum of distances:

Nfeature

match_dist =Y, a; X feature_dist; (04,0,), (5.3)

whereq; is the weight for the distang@aturey;,.;(-,) corresponding to the featureln
our work, four different featuresV¢.,..- = 4), namely, temporal, holistic color, region

color and region texture features, are utilizeddmpute distances. If the lowest distance
is smaller than a certain threshold, the label b#nd performed; otherwise, we will treat
it as a new person within the camera network. BEaglentification results can be further

used to update the camera link models.
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5.2 Minimization Problem Formulation

Given the most recently estimated camera link mbilethe optimum correspondence

matrix P can be obtained by solving a constrained minirfematnteger programming

problem:
P = argminp / (P) (5.4)
s.t. P;€{01} Vi<N +1,j<N,+1, (5.5)

wherej(-) is the objective function to be minimized. The siaints (5.5) and (5.6)
enforce one-to-one correspondence (except for thiieo row and column). By
incorporating the soft-assign [16] instead of hdetision all the time, the problem is

relaxed by substituting constraint (5.5) with (5.7)
P;j>0 Vi<N +1j<N,+1. (5.7)

In this way, the variable®; are continuous real numbers indicating how likelg that

thei-th exit and thg-th entry observations are a matched pair. Moredber relaxation

reduces the chance of getting trapped in poor lmdaima during the optimization search.
By incorporating the deterministic annealing methite solution eventually converges
at a binary permutation matrix [16]. The objectiuaction/(-) comprises several cost
functions, and each of them stands for a distanoetion between the exit and entry
observations associated with one specific featerg,, time, color, texture. In the
following, we will introduce the cost functions dered in the objective function and

explain how a camera link model associates witfeht features.

5.2.a Temporal Feature

According to our observations, people tend to felEimilar paths in most cases due to
the presence of available pathways, obstructshantest routes. Thus, the transition time

t forms a certain distributiof,..,(t). Given previously estimatell, we can get the

exit exit pentry entry

transition time value¥,, ., = [t§ S oty 7], where
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t¥t = Z P ;= x) Vi< N, (5.8)
£ = Bl Py (yf — xb) V<N, (5.9)
andy; andx; represent the time stamps of the observatprdx;, respectively. The

transition time is always positive if two cameras/é no overlapping area, because the
entry time of a person should be greater than %iitetime of the correct correspondence
from the other camera. Also, the outliers shoudd o zero transition time. For example,

if the k-th exit observation is an outlig?,; should be zero for ajl < N, resulting in

t¢*t = 0 according to (5.8). Hence, the optimal solutionPcfatisfies the constraints
te¥it > 0, tf""y > 0 andP;; = 0 if y; — x{ < 0, which are required to be included in the
problem formulation. A set of valid time valu®g,;;; that excludes the outliers, i.e.,

takes only the nonzero entriesTp.,,, is further established, and the transition time

distributionf,,,, () is built based on the kernel density estimation:

Toatia = {flf #0,t € Teran} = [E1 - Wyaual, (5.10)
Nyali 1 (t=t)?
feran(8) = =X, 20" ——exp(= 57 ), (5.11)

where 63.,,, is the predefined variance of the Gaussian kerkRel. each possible
correspondence, we compute the likelihood vaﬂp@l(yjt —xit) given the model and
consider the maximum likelihood estimation, i.esetﬂl—ftmn(yf—xf)) as the

individual cost. Thus, the total cost can be wnithes:
COSttime = Zivzll ZNil Pi '(1 - ftran(yjt - xlt)) (5-12)

=2?’=11 N2 Pijfeature_dist,(x;y;).

5.2.b Holistic Color Feature

The same object may appear differently under twoeras with nonoverlapping views
due to illumination changes and different camerkrceesponses. The color deviation
can be modeled as a brightness transfer functidiYB30]. One example of the BTF is
shown in Fig. 4.2. The BTF is applied to compendatethe color difference between

two cameras before we compute the distance betthedmolistic color histograms of two
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observations. Thus, the total cost function forhbbstic color feature is:
N N
COStholistic_color = Zizll jil PijD(fBTF (Y}l)l X{l) (5-13)
= Z?’_ll ?’il Pijfeature_dist,(X;,y;),

where y}' € R? and x{' € R? are the holistic color histograms of the obseoraj y;

andx;; D(+) is the distance function between two histografps; (1): R — R? is the

BTF, withd being the total bin number of the color histogram.

5.2.c Region Color and Texture Feature

Since the viewpoints vary in two cameras, somespafrthe human body may only be
seen in either one of the cameras’ views. Hencediwigle the human into multiple
regions for more detailed comparison. However cthreesponding regions do not always
cover the same area of the human due to differiemtpoints (see Fig. 5.2). We observe
that the entering (or exiting) directions of diet people at an entry/exit zone of a fixed
camera are similar, so we use a mapping matrixnkothe regions between two bodies.

The histogram extracted from one region of humanifey from the first camera can be

0.5
0.15
2 1 loss
4 | 3 |ors
6 | 5 o
7 04

(@)

Figure 5.2: (a) Green box is the bounding box of the target. The target is divided
into 7 regions (exclude the head) based on the shown ratios. Each region has
predefined label number. (b) An exit observation in camera C3. (c) An entry
observation of the same person in camera C,. The red line is the principal axis.
Region 3 in (b) and region 3 in (c) do not cover the same areas. The yellow
rectangles cover the same areas on the target. The histogram extracted from region
3 in (b) can be modeled as the linear combination of the histograms extracted from

six regions in (c), and the coefficients are w3 = [w3; ... wg¢]”.
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modeled as the linear combination of the histograrigacted from multiple regions of
human entering into the second camera. The snapftroa person exiting one camera
and entering another are shown in Fig. 5.2 (b)(andespectively.

First, the principal axis of a person is identifieg applying principal component
analysis to the human silhouette which is obtaifredn the single camera tracking
module [20]. After that, the whole body is autoroally divided into head, torso, and leg
regions based on the predefined ratios (Fig. 5.2 discard the head region in the
region matching, since this part usually has lodiscriminability due to its relatively
small area and similar hair/face color informatidime torso is further divided into six
regions, and the mapping matrix will be trainedlfioking two six-regions from a pair of
people. Because the leg region usually changds litider different perspectives, we
compute the distance between the two whole leg@nsgivithout further dividing it. We
denote the region color histograms extracted frioenrégiork of the observations; and
y; asx; e Rd andy; ™k ¢ R4, respectively, wherk = 1~7. As shown in Fig. 5.2, the
regions 1 to 6 are from the torso, and region ffam the leg. We denote the mapping
matrix Wp,,,, € R®*¢ as:

Wiy = [W1 ... We], (5.14)
wherew,, € R® is the weighting for linear combination.

Moreover, since some regions may not be visibleeurmbth cameras’ views, they
should be assigned with smaller weights in theardeature distance computation. The

cost function is the weighted sum of the distarica® all 7 regions:

COStregion_color
= ZIiv=11 pi 1 Pij [Zk 19k X D(Y;mpk; rhk) +q; X D(fBTF(y] ", th7)]
ZNl NZ 1 Pijfeature_dist;(x;,y;), (5.15)

WhereyJ TPk e R? is the linear combination of the torso region cotdstograms

[y!" . rhs] € R*¢ with weightsw,, after applying the BTF,

mapg _

VP = fore ™) o fore () Wi, (5.16)
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andq = [q; ...q;]7 denote the weights for all 7 region distances.eNbat all the seven
regions are included in the distance computatiom; d@nly the torso regions are
considered for the region mapping by using the nmapmatrix W, .

The texture feature is considered in a similar neanmhe local binary pattern (LBP)
[61] is utilized as the texture feature and is esped as-dimensional LBP histograms

rLBPh
X. k

; € R" andy; TLBPMk € RT, wherek = 1~7. Hence, the cost function is:

COStregion_texture

ZN1 N2 Pl} [Zk Qe X D(y]mapLBPk’XTLBPhk) +q, % D( TLBPh; X?jLBPh7)]

L iy

ZNl NZ 1 Pijfeature_dist,(x;,y;), (5.17)

where ymapLBP"e]Rr is the linear combination of torso region LBP bigams

[ rLBPh, rLBPh6

f | € R™*¢ with weightsw,.

y;napLBPk _ [y;'LBPhl ]TLBPh6]Wk (5.18)

Since the LBP is robust to the brightness changjg {be BTF is not applied here.
5.2.d Maxima Entropy Principle

In deterministic annealing, a widely used iteratigeheme to solve optimization
problems, the procedure starts with emphasizindgy Highcertainty”, measured as the
entropy, of the entries iR, i.e., to maximize the entropy. The importance tloé
maximum entropy principle is gradually decreasednayeasing a parametgr[16][69]

through the iterations. Thus, the cost functiowiigten as the negative of the entropy:

COStentropy = ﬁZivllﬂ 7211P logP;;. (5.19)

In the early stage of the training process, théofgg starts with a low value that raises
the importance of this cost function with respecttie overall objective functigh(P),
enabling the valué;; to move freely in the space for searching thenoptn. 5 is then
gradually increased to lower the importance anchiexadly leads to convergence. The
function (5.19) can also be seen as a barrier ifumd¢f0] for the constraint defined in

(5.7). More discussions about the paramgtare in Chapter 5.6.
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5.2.e Outlier Cost

Since the presence of outliers is considered, tlsesn additional term which controls
how large the distance we can tolerate beforeitigad particular observation as an

outlier. The penalty term is:

N
COStoytiier = _92 Z 2 1 Pijs (5.20)
where@ is a control factor. IP is set large, for instance, the estimation prodsss
allowed to tolerate larger distance before treating as an outlier. More discussions

about the parametérare in Chapter 5.6.
5.2.f Estimation of Correspondence Matrix

By incorporating all the cost functions above, @oal problem formulation becomes a

convex optimization problem:

P = argminp J (P) (5.21)
s. t. Pj=20 Vi<N+1j<N+1, (5.22)
YRy =1 Vi< N, X2Py=1 Vi<, (5.23)
Pt =32 Py(yf —x) =0 Vi< N, (5.24)
R 2”1 P;; (y, x)z0 Vj<N, (5.25)

The objective functioi(P) is the combination of the above cost functions:
J(P) = coStiime + COStholistic cotor T COStregion color
+COStregion_texture T COStentropy T COStoytiier- (5.27)

Given the current camera link mod® = {f; an, forr, Winap, 4}, the objective
function is formulated, and® is updated by solving (5.21)~(5.27). Instead of
incorporating the barrier function for constrairf&s24) and (5.25) as is done in our
previous work [17], we use a projection-based carmwatimization method [10] to deal
with the constraints (5.24)~(5.26) since it lead$agier convergence in practice. First of
all, given the current estimated camera link motled, objective functioi(P) is convex

in P, so the optimum can be obtained by equating theate/e to zero,
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(B(6—dist;;)—1) e :
AP _ g P, = {e j if i<N;andj <N, (5.28)

OPyj et ifi=N;+1orj=N,+1’

Nfeature

wheredist;; = ., .7

feature_dist, (x;,y;) is the sum of distances. After that, we
project the solution onto the feasible space inciwhall the constraints are satisfied.
Specifically, (i) Assign the zero values to part&tuelements to satisfy the constraints
(5.24)~(5.26), like
P {o, yf—x{ <0, Vi< N;andj < N,
ij

=1 (5.29)

j» otherwise (include outlier row and column) -
(i) Perform alternately row-column normalizatioaded on Sinkhorn’s theorem [16][71]
for constraints (5.23). (iii) The cost functionX9) (maximum entropy) can be seen as a
barrier function for the constraint (5.22) that reakhe solution exponential as shown in
(5.28), which is always nonnegative, so that thestaint (5.22) always holds. In this
way, P can be updated based on the most recently estincareera link modeé¥l and

the current value of.

5.3 Camera Link Model Estimation

The camera link modé¥l is estimated given the newly updated corresporelaratrixP.
Since eaclP;;, in the range from 0 to 1, indicates how likelg tith exit and thg-th

entry observations are a matched pair, the whalenaon process is based on the

probability concept, i.e., the soft decision is maustead of the hard decision.
5.3.a Estimate Transition Time Distribution

Given the currenP, the set of transition tim®,;;; = [t1 -+ tn,qu4] iS established via
(5.8)~(5.10), and thé,.,,,(*) is estimated based on (5.11).

5.3.b Estimate Brightness Transfer Function

Two histograms built from the corresponding peoplevo cameras are used to estimate
ferr () [30][66]. To find the corresponding cumulative thigrams, which have been

shown to be effective for building the BTF [30][66)e calculate the weighted sum
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among all the histograms from observation XetmdY separately, where the weights are

set as valué;;.

hhotistic = yM1 Nz Puxz ) h;IOliSfiC = Z ZNl PUyJ (5.30)

=1
In addition to the holistic color histograms, thegion color histograms are also

considered.

h;egion = Z?I:ll Zk 1 Qerhk’ (5.31)

hy*?" = 372, T, Py (B 1qk[ Py Wit g )y (5.32)
Note that the region matching weiglatss considered here because not all the regions are
well-observable under two views. Thus, two cumukatihistogramsh, andh, are
obtained:
h, = h;wlistic + h;egion' hy — hi;olistic + h;egion. (5.33)
In this way, the histograms of the outliers willtrio® considered, and the histograms of
the corresponding parts are included in the curedldtistograms, andh,. After

normalizing the histogramh, andh, are used to estimafgr(-) [30][66].
5.3.c Estimate Region Mapping Matrix

To estimateW,,,,,, both the region color and region texture feataresutilized, and BTF
should be applied when dealing with color featulest the region color and texture
histogram vectors of thieth entry and the-th exit observations be concatenated in the

following way:

fBTF(y] Y. fBTF(yrh6) )
Aj = rLBPh,  _TLBPhg = [aj; )] Vj <N, (5.34)
| Y
T'hl rh6
X; X ]
Bi = = [bil '"bi6] Vi < Nl, (535)

rLBPhy rLBPhg
Xi LER] Xi

whereA; € R@+*6andB; € R@**6; 3, € R@* b, € R@* for k = 1~6. The
leg region, denoted as region 7, with the featwgetarsa;; andb;;, is not considered

here because the mapping matrix is mainly for tigat region. We want to minimize the
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weighted sum of the mapping error with the weidi#s}:

. 2
Wigp = argmin X2, 572, Py[| (AW - B)Q|[, (5.36)

\/a e 0

st W=[w,.wg|, weeRS, Q= : - i |
0 .- \/%

w20, [lwf, =1 Vik=1~6,
where||-||r stands for the Frobenius norm, and the currenbmegpatching weightg is
used to formQ. After some manipulations, it is equivalent tovsoleach vectowy

separately by minimizing another objective funct{br87) toward eacw,, k = 1~6:
W, = arg min gw(gk) (5.37)
Wk

st gw(w) = i ?’LPUHAMk—btk”z’

W20, [lw|, =1.
Note that the factog, is omitted since the vectowg, can be solved separately without

involving qy.
5.3.d Estimate Region Matching Weights

The weights for different regions are determinedh®/Matcher Weighting method [72],
where the weights are assigned based on the a@fdhe estimation results. Define the
estimation error of the mapping vectey as

e = gw(wy,)  k=1~6, (5.38)

egmor = £ T Pylay — by, (5.39)

wheregy (w,) is shown in (5.37). Theq = [q; ... q;]" is calculated as

_ 1/£Ie(rror _a
Qe = 57— remror k=1~7. (5.40)
The weightsg,, are inversely proportional to the correspondingnegtion error. If the
error is low, it means the region is well-obsereaiol both views, which results in small

region matching error, so the weight should bedarg
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5.3.e Estimate Feature Fusion Weights

The feature fusion weighta are applied in the testing stage (see eq. (5B®)g
estimation of the feature fusion weights is perfednafterP converges to a binary matrix.
According to the value d, i.e., value 1 and value 0 indicate the estimatedch and
nonmatch, respectively, the matched pairs and dmenatched pairs are obtained. Two
sets are then defined: the positive set includesnibrmalized distances of multiple
features between estimated matched pBigs= {z/},i = 1~N,,, and the negative set
includes those between nonmatched pdks= {z'},i = 1~N,, wherezf € R* and
z!' € R* denote the vectors of the normalized distancdswffeatures feature_dist;):
time, holistic color, region color, and region téne; N, andN,, are the numbers of the
matched pairs and the nonmatched pairs, respectiVeke feature fusion weights are
determined based on the degree of separation betieedistributions of the values in
the positive set and negative sets. Fig. 5.3 staowexample, where for each featiyrave
denote the mean and standard deviation of thehiiitn of the feature distance @5,

u?, of, anda}*, respectively. The separation is measured-pgmemetric [12][72]:

n_,pb
d; = i (5.41)

[P +fy

T
positive set
<ooooo| === pegative set

0 . i
-0.3 0 ' 0.3 <, 06 0.9
u ?  distance H

Figure 5.3: An example of the distributions of the distance values in the positive set
and negative set. Blue solid curve is the pdf of positive set, and green broken line is

the pdf of negative set.
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The weighta; can thus be calculated as:

di

a; = (5.42)

m=1dm
The larger the distance between the distributidnsositive and negative sets, the better

the differentiability of the feature is, resultinga larger weight.

5.4 Unsupervised Learning and Update

In this section, we describe the complete unsupedviearning procedure in the training

stage and the automatic camera link model updatense in the testing stage.
5.4.a Unsupervised Learning Procedure

The deterministic annealing [16][69] is employedour estimation process to obtain the
optimum binary matriX® and the camera link model jointly. The optimizatjmmocess is
performed in a continuous spadg;(= 0) which allows the fuzzy and partial matching
between the observations instead of jumping insgrece of binary permutation matrices
(hard decision). The fuzziness is controlled by tleterministic annealing procedure
which forces the randomness at the early stagenaaias it gradually converge at the
later stage based on the adjustmerg.of

The unsupervised learning scheme is shown in Algori5.1. In the beginning, the

1. InitializeP, cameralink model M, S8 = f3,.
2. While (8 < By)
3 Forl=1toK
4. Formulate the objective functigrbased on the current estimated model.
5 Find the stationary point by solvirﬁ% =0.
ij
6 Project the solution to the space where constrairt4)(55.26) are satisfied.
7 Perform alternately row-column normalization.
8. Sequentially estimal®, .., frr, Winap, andq based orP.
9. End For
10. Updatg =B X B.. B->1)
11. End While
12. Estimatex.

Algorithm 5.1: Iteration of the unsupervised learning module in the training stage



61

matrix P and camera link mod®l are initialized, ang is set ag,, a predefined small
value. The outer iteration continues as long @& smaller thaig,, a predefined large
number. In each inner iteration, the objective fiorc/(-) is formulated based on the
most recently estimated camera link model, and \a Pes updated by solving the
problem (5.21)~(5.27). The newly updatds then used to estimate a new camera link
model. The multiple iterationsK(> 1) in the inner loop enables us to obtain a better
solution under the sanfevalue before proceeding to the ngxvalue. In each outer
iteration, S is increased by multiplying with a constant sc#lac- 1. After the outer
iteration loop is finished, i.e = B¢, P becomes a binary matrix, and the feature fusion

weightsa are further calculated as (5.42).
5.4.b Camera Link Model Update

Due to the presence of the outliers in the trairdatp, the estimation & may contain
some wrong correspondences, so the camera linklmedds to be further refined in the
testing stage. Moreover, the environment change teayg to the necessity of the
modification of the model, e.g., change of the tiigp condition requires a different BTF.
Therefore, in the testing stage, the camera linkehaeeds to be continuously updated.
For each link, whenever a matched pair is detedit¢ie matching distance is lower than
a certain threshold, we believe they are likelyb® a real matched pair, and the
information of this pair can be utilized to upd#éte camera link model. The threshold is
set as 0.4 in our experiments.

To update the transition time distribution, we dldd transition time of the detected
matched pair into the s&},;;4, and thef,,,,(*) can then be further estimated by (5.11).
Denote|T,4i4lmax @S the maximum number of elements thatTsgl,; is allowed to
hold. Whenever the number of elementsTi;;; exceedd T, idlmax, the element
corresponding to the person who has the earliést eme is discarded.

For the BTF, region mapping matrix and region miaghweights, the update takes
place by first getting an instant modgl,;.,: based on the estimation procedure in

Chapter 5.3.b~5.3.d, whePeis an 1-by-1 matrix and is set to 1, followed hg update
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equation (5.43)
Qpew = (1 - p)Qold + 0Qinstant (5-43)

whereQ € {fzrr, Wnan, 9}, @ndp controls the update rate.

ap»
For updating the feature fusion weightsthe feature distancqizaature_distf’ are
obtained from the newly matched pair. If the eistsl include other people besides the
matched one, we can collect the distancegeasure_dist]* for the negative set. The
parameterg? ands; are updated as (5.44) given the available distaakees,

anew =(1- p)ﬂfold + pfeature_dist?, (5.44)

2 2 .
(67 ,.,) =@=p)(d’ ) +p(feature_dist} —ui )2, (5.45)
where S € {p,n} andi = 1~4. Once the mean and variance are updater, then
adjusted by (5.41) and (5.42).

5.5 Experimental Results

This section is divided into three parts: Firsg ttorrectness of our camera link model
estimation and the comparative study with otherhod@$ are presented. Second, the
camera link model is applied in a multiple-camawchking system. The experiments,
conducted based on real-world video scenarios, sheweffectiveness of our proposed
system. Finally, we provide the discussion for sleasitivity of the parameters used in

our unsupervised learning scheme.

5.5.a Camera Link Model Estimation

We set up four camerd@s~C, around the Electrical Engineering building. The\sOof
the cameras are spatially disjointed, and the casndo not need any calibration in
advance. The topology of the cameras, as showigirbH, is the only prior knowledge
which can be easily obtained in real applicatiohergé are four links (four pairs of
connected entry/exit zones), shown as blue lines,eatablished in between the four
cameras. The corresponding entry/exit zones arkaddry red ellipses.

Given the training sets from the four cameras,déi@era link models are estimated.
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Figure 5.4: Camera topology. Four links are denoted as blue broken lines, and the
corresponding entry/exit zones are denoted as red ellipses. Black rectangles are the
other entry/exit zones which do not have any link between them.

The parameters in Algorithm 5.1 are set as follgwpgy = 0.001, g, = 1.2, B = 150,
K = 4. 044, In (5.11) is set as 0.8.in the outlier cost function (5.20) is set witHir2.
Euclidean distance is employed for the distancetfanD(+) in our work. The initial

values ofP and the camera link model are assigned as follows:

0, t_xt<0, Vi=1~N, j=1~N
Pl-j={ VT l tJ 2 (5.46)

e, otherwise (include outlier row and column) -
wheree is set as 0.01 in our simulations, dh& normalized before the process starts;
ftran 1S Initialized based on (5.8)~(5.11) by using tlenmalizedP; fzr is initially set as
an identity function, i.e., assume no color dewiatinitially; an identity matrix is used as
the initial Wy,,,,; q is set as uniform.

Fig. 5.5 (a) shows the estimation result of thexditéon time distribution between
cameraC, and camer&;. There are two 12-minute videos collected from tameras as
training data, including 104 exit observations froameraC, and 40 entry observations
from camera’;, where 33 pairs of people are matched pairstheze are total 78 outliers
(54%). The results of other approaches [36][42][B4] and the ground truth are also
shown in the figure. The ground truth is obtaineg imanually labeling the
correspondences and estimate the transition tinsedban (5.11), namely supervised
learning as in [45] and [66]. Table 5.1 shows thardgitative error report of the above
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simulations. The error is calculated as the digtdretween the estimated distribution and
the ground truth. Our estimation has the smallest ¢o the ground truth.

The estimation result of the transition time disition between camerg and camera
C, is shown in Fig. 5.5 (b). In the same period ofmiRute videos collected as training
data, there are 30 exit observations from carfgiand 52 entry observations in camera
C,. There are 18 pairs of matched pairs, i.e., 46heftotal observations are outliers
(56%). According to the error in Table 5.1, our huet again outperforms the others.

In addition to our self-recorded data, we use tltew clips in a multiple-camera
tracking scenario from an international benchmark|DS dataset [75], where the
cameras are set up in a busy airport area. Figs3t& estimation result of the transition
time distribution between two cameras in the datad®ere are 66 exit observations and
59 entry observations collected from two 6-minutiews of two cameras, where only 41
pairs of matched pairs are present, resulting inodtdiers (34.4%). We can see that
multiple modes present in the distribution sincepde tend to travel with varying speeds
due to different amount of luggage they carry. €sgmation provided by our proposed
method attains the lowest error.

In methods [36] and [57], the correspondences ateerplicitly solved, so large

amount of noise is involved in the estimation reswghowing the rough trend of the

4 6

8 10 12 14 16
transition time (sec)

(a)

20

0.05 0.05 T
: : i | == ground truth
0.045|---- : : : VT I— Correlation [57]
== ground truth == MCMC [74]
004 R Correlation [57] 0.04--- *1"| === Window-+Simlarity [36]
[ === MCMC [74 : -
0.035- . = 0.035 - L GMM+Gibbs [42]
2 i | ===Window-+Simlarity [36] | 2z "0 Fovosed
E 003 GMM+Gibbs [42] E 0.03 : o ;
bt i | —&— proposed =
50-025 S e R fromeee 20.025
2 0.02--- : = 0.02
& f 5
L [ ; = 0.015
0.01 f--oo N - WA R e oo 0.01
0.005 83 0.00.
18

transition time (sec)

(b)

Figure 5.5: Comparison of the distributions of the transition time. (a) between

camera C, and camera C3. (b) between camera C; and camera C,.
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Figure 5.6: Comparison of the distributions of the transition time for iLIDS dataset.

transition time distribution without the clear madélthough the methods in [42] and
[74] try to the estimate the correspondences antatariables, their sampling-based
schemes always make hard decisions and are thilg ®apped in poor local optima.
Moreover, since the outliers are not explicitly éakcare of, the estimation results are
easily deteriorated by the wrong correspondenceseSandom sampling schemes are
involved in these two methods, we report the bestlts from them after several trials in
the above comparison.

Fig. 5.7 gives an example of the estimation resflthe brightness transfer functions.
Four curves correspond to four different links, amdy the BTFs of the blue color
channel of each are shown here for demonstratiopoge. We can see that the color
deviation does exist between different cameras.dé/@ot compare the results with the
ground truth, since it is not easy for human toedatne the ground truth of region

mapping matrixW,,,,, and region matching weighgs which are necessary for obtaining

Table 5.1: Error of the transition time distribution

Error Comparison CameraC, & C3 CameraCq{ & C, i-LIDS Dataset
Correlation [57] 0.1074 0.0787 0.1170
MCMC [74] 0.0824 0.0773 0.1208
Window+Similarity [36] 0.0952 0.0688 0.1229
GMM+Gibbs [42] 0.0738 0.0368 0.0861
Proposed 0.0158 0.0339 0.0586
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Figure 5.7: Brightness transfer function. Note only one channel is shown here for
demonstration purpose.
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Figure 5.8: Histogram comparison. Blue: the histogram from region 3 in Fig. 5.2 (b).
Red: the histogram after applying BTF and region mapping matrix to Fig. 5.2 (c).
Green: the histogram from region 3 in Fig. 5.2 (c). Note only one channel is shown
here for demonstration purpose.

the ground truth BTF (see Chapter 5.3.b.). Hertoe ground truth of BTF is not shown
here. However, we can justify the effectivenesBBiF and region mapping matii, .,

by examining the region histogram matching. Fomeple, the histogram (blue curve in
Fig. 5.8) of region 3 in Fig. 5.2(b) is comparedhathe ones with and without applying
camera link model. The red curve in Fig. 5.8 is dine after applying BTF and region

mapping matrix to the histograms in Fig. 5.2(c)eTdreen curve is the histogram of
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region 3 in Fig. 5.2(c). By applying the correctimsaa link model, BTF and region
mapping matrixW,,,,,, the one with the camera link model applied géis better
matching which gives preferable similarity measusatrbetween the same objects under
two cameras.

The histogram extracted from region 3 in Fig. 5 2fbn be modeled as the linear
combination of the histograms in Fig. 5.2(c) witke tmapping weighta; shown in
Table 5.2. The yellow rectangles cover the samasane Figs. 5.2(b) and (c), which
accounts for nearly 85% of weight falling in regibmo 4. Moreover, since the left part of
the target in cameré&; is not well-observable in camera due to the different
perspectives, and the right part of the targeimeraC; is well-observable in camefg,
it explains the region matching weight valugéTable 5.3) are higher for the regions 1, 3,
and 5 @4, q3, qs; right part of the torso) than the regions 2,4 & @, q.., q¢; left part

of the torso).
5.5.b Tracking Test Over Multiple Cameras

We further implement an automatic multiple-cameagking system that tracks humans
across cameras based on the learned camera linddsndtie method in [20] is utilized to

accomplish the tracking within a single camera. ©awe see in Fig. 5.4, the uncertainty
of the exit and entry events increases the diffycaf the tracking. For example, a person
exiting from camerd&’; can enter into camera or camerd;. In our 20-minute testing

video, there are 336 people appearing in the deplmamera network. When we use
only temporal and holistic color feature similartt@ methods in [13] and [46], the re-

Table 5.2: Vector ws of the region mapping matrix

W3 W31 W3o W33 W3y W3s W3g
Value | 0.295 0.2 0.185 0.15 0.14 0.03

Table 5.3: Region matching weights q

q 4 q3 qs3 qa ds de q7
Value | 0.17 | 0.142 0.16]f 0.099 0.224 0.0p5 O0.11
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Table 5.4: Re-identification accuracy

temporal and holistic | uniform fusion proposed
Method .

color features only weight system
Accuracy 68.9% 72.8% 79.5%

identification accuracy, shown in Table 5.4, is988, which shows that the temporal and
holistic color features are important cues. Thelestification accuracy is defined as the
fraction of the people being correctly labeledw# consider the region features with the
equally-weighted multi-cue integration, i.e., faatuusion weights are uniform, the

accuracy increases to 72.8%, which demonstrateseffieetiveness of the proposed
region features. By further incorporating the adeapfeature fusion weights, our system
achieves 79.5% accuracy. Compared to the existinjipte-camera tracking system

[13][46], our proposed system enhances the perfocenay considering region matching
and feature fusion weights.

In [28][33][39][84], Cumulative Match CharacteristiCMC) curve was used for
evaluating the performance of the re-identificatidine matching is performed across
two sets of humans. For each person in the fitsttlse distances to all the people in the
second set are calculated and ranked. In our wea&h person entering the view will
only be matched against the ones leaving the oibars before, so the number of people
who will be matched are highly dependent on th@ade hence are usually not the same.

Therefore, the CMC curve is not suitable for evatmapurpose here.

5.6 Discussion

5.6.a Visualization of parametet

@ is a control factor for indicating how large thestdnce we can tolerate when we
determine whether a particular observation woukélyi to be an outlier or not. In the
estimation process, the entries of maRiis calculated as (5.28). One can see that the

entries of the outlier row and column are always, while the others are determined by
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Figure 5.9: Example of feature points expressed in 2D space. (a) Three exit
observations and four entry observations, represented by squares and circles,
respectively. (b) The distances between each pair.

the total distanced(st;;) of all the features. For instance, in Fig. 5.9¢(agre are three
exit observations and four entry observations, esgmted by squares and circles,
respectively. Note that we assume the camera liolainhas been applied in order to
map them into the same space, which is express2D apace here only for visualization
purpose. The dotted circles stand for the distatwdse first exit observation. Fig. 5.9(b)
is the distances between each pair of points. 3=itp is the plot for thé;; value as the
function of the distance whgh= 1. We can see §§ is fixed, wherg is getting larger, it
tolerates larger distance before fhebecomes smaller tham*. It means for a particular

observation, it has larger radius to cover moreenladions as the potential matches, so

) : s : N =
2.5 e A SR N 6=15
(B(6-disty)-1) |—=—8=2
2 b e - RJ =e€ Y outlier

Figure 5.10: P;; value as the function of the distance when f = 1 under different 6
values.
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the probability of an observation being recogniasdan outlier is reduced. For example,
the distance between andy; is 1.6, and’; would be greater thaei ! if 6 = 2 and
smaller thare™ 1 if 6 = 1.

The row-column normalization is performed after @@luate the matriR based on
(5.28) and (5.29). GiveA = 1.5 andf =1, the matrixP before and after the row-

column normalization are shown as (5.47) and (548pectively.

[0.3329 0.0334 0.0498 0.0111 0.3679]
p= 0.0369 1.1052 0.055 0.0041 0.3679 (5.47)
~0.0311 0.033 1.1052 0.0166 0.3679 '

[0.3679 0.3679 0.3679 0.3679 X

[0.4751 0.0304 0.0437 0.0319 0.4188]
p= 0.0342 0.6548 0.0313 0.0076 0.272 (5.48)
0.0294 0.02 0.6417 0.0316 0.2774 '

10.4612 0.2948 0.2833 0.9289 X

Note that when the distance between an observatimis greater thaf, it does not
imply they will never be considered as a match,tbay have relatively lower probability
to be a match; that i8,is never a hard threshold. For instance, the ntstdetweex,

andy; is 1.6, which is greater th&) but the corresponding,; = 0.4751 is even larger

_________ B=1
B=15

—— p=2

outlier

PP I S - p _ e(b(e-dis'zu)—n ___________ _——

Z./; H
1 i i i i i i i

dist,;,

Figure 5.11: P;; value as the function of the distance when 6 = 1.5 under different f8
values. If the distances between two pairs of observations are 0.5 and 1, the inter-
variance of corresponding P;; when f = 2 is much larger than the inter-variance of

corresponding P;; when f = 1,ie,1, > 1y.
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than the outlier entries, i.eR;s = 0.4188 andP,; = 0.4612 in (5.48). In this case, this
pair of observations will still be involved in tlkamera link model estimations due to the
nonzero value oP,;. This kind of soft decision allows the system ¢argh the optimum
more effectively, especially during the early stajehe estimation process. During the
early stage, the correct observation pairs maybeotlose enough in the feature space
since the camera link model has not been well-egéchyet. By setting properly, the
system will consider those correct matches in upddahe model which leads to the right
direction during the optimum search.

If 8 is too small, unless the transformation betweenm ¢brrect matches can be
neglected, i.e., they are already close in therlmegg, the estimation tends to recognize
most observations as outliers.flis too large, the system will include too many mgo
pairs (the noise) for the estimation and lead tmesgub-optimal directions during the

optimum search.
5.6.b Visualization of parametef

While 6 controls the determination of outliefsjs a factor for the fuzziness. Fig. 5.11
shows the similar curves as in Fig. 5.10 but Witheing the variable insteafl.is set as
1.5, so all the curves intersect at distance edoall.5. Since the row-column
normalization takes place after solviRgvia (5.28) and (5.29), the fuzziness of the
resulting matrixP is related to the ratio between the original val(l@efore row-column
normalization is applied) of the entries within tt@me row or column. For example,
given two pairs of observations whose distancessamnaller thard, say 0.5 and 1,
respectively, before the normalization is performeke difference between their
corresponding valueg(;) will be larger wherg is 2 than wheig is 1 ¢, > ry); that is,
with the same difference of the distances, theriw&giance is enlarged by the
exponential function, especially with lare On the other hand, when the distance is
larger tharg, the outlier entry, equal @1, will dominate wherg is large. In summary,
in the early stage of the estimatighis small which creates a relatively loose constrai

in searching the optimum. In the later stagef &s larger, either an entry with small
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Figure 5.12: Precision-Recall for two links. Blue: based on the training data from
camera C, and camera C3. Red: based on the training data from camera C; and
camera Cs.

distance or an outlier entry will start to domindle others within the same row or
column while computing the row-column normalizatiwhich results in convergence to
a binary matrix.

5.6.c Accuracy of the Estimation of the Correspondingriat

After Algorithm 5.1 finishes, the matrik converges to a binary matrix. Thus, the final
estimation of the correspondences and the camekaniodel are obtained. If the
correspondences are estimated correctly, the calimdranodel is more reliable. We

define the precision and recall rate of the esionabf the correspondences as the

following:
.. # of correctly identified pairs
precision = f correctly fledp , (5.49)
# of pairs identified as correspondences
# of correctly identified pairs
recall = ! 24 fledp (5.50)

# of nonoutlier pairs in the training set’

Assume observations A and B are identified as ameat pair, i.e.P,z = 1, then wrong
correspondence happens in two cases: (i) A anceBath nonoutliers but they are not
correct matches to each other. (ii) If at least one of A and B is an outlier. If the
precision is high, the noise come from the wrongespondences would be low. The

estimated model is more correct. If the recall rathigh, the estimated model obtained
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from more correct correspondences is more genedalso as to avoid the issue of
overfitting. Hence, these two measurements can edfpwesent the quality of the

estimation results. We do not perform the compasseith other methods as is done in
Chapter 5.5.a in terms of these two performanceicsetince those competing methods
either do not estimate correspondences explica®}[57] or they do not enforce one-to-

one correspondence [42][74]. Therefore, it woultl give useful information to compute

the precision and recall based on their methods.

As discussed in Chapter 5.6éacan be used as a soft threshold to determine the
outliers, so we analyze how it affects the estioraticcuracy in terms of precision and
recall. By adjustin@g values, varying in the range of 0.5 to 2.5, we tiu@ estimation
process for each value, and two precision-recall curves of theneations based on the
training data between camer@s& C; and cameraé; & C, are shown in Fig. 5.12.
Unlike the conventional binary classification inialinthe recall and precision are usually
trade-off, we observe that the recall and precisioth drop wherd is too small 06 is
too large. Whed is small, it poses more strict criterion for mamghthe observations, so
the number of correctly identified pairs is deceshgesulting in an ill-estimated model
which produces the false positive (wrong correspoeds). Hence, the recall and
precision decreases. Whénis too large, the system relaxes the soft threslaold
introduces much more noise during the estimatimtess. The noise results in wrong
correspondences between nonoutliers causing the afroecall rate. Moreover, more
outliers are identified as corresponding pairs, dnese false positives reduce the
precision. Therefore the precision and recall ratesdecreased. By proper selectiod of
value, we can attain 80% of precision and 70%~85%dll rates even though there are

more than 50% of the training data are outliers.
5.6.d Distance Metric Learning Based Human Re-identifarat

Recently, there are several works focusing on lagra distance metric between each
pair of cameras (entry/exit zones) for person esification purpose [28][41][84][85].
The idea is to obtain a linear transformatiomwhich maps the original features to a new

feature space so that the plain Euclidean distaopgutation can be applied in this new
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feature space to effectively differentiate diffargoeople; that is, if we denote two

original feature vectorg; € R™ andv; € R", the goal is to learn a matike R™™ ,
wheren > m, such that the Euclidean distance after projed}ifv; — K"v|| is small

if v; andv; are the same person; otherwise, the value shaultarige. In all of these
works in human re-identification, supervised labhgliof the training data is required.
When the data set is large or the number of theecaipairs increases, the labeling needs
huge amount of manual effort, which makes this aagh infeasible.

In our work, we do not compare our work with thaséng metric learning approaches
because of several reasons. First, those approaaweek supervised learning which is
different from our unsupervised learning scheme.rédwer, they did not propose
complete systems. All those works focused mainlyr@iching without considering the
tracking part. It may not be fair if we do the campon. Since our modeling is more
related to the works [36][46][57][74], we only coarne with these methods.

On the other hand, one can consider incorporahtiaglistance metric learning into our
estimation scheme. If the color information is usksl the features, as is done in
[28][41][84][85], the linear mapping can be analagdo the brightness transformation

between two cameras. If we define the cost funcii®n

IR i-“ilPullKTvi—Kijllﬁ, (5.51)
by including (5.51) in our objective function (5)27%ve can solve the minimization
problem with respect to the new objective functidoreover, given the current
estimatedP, one can include it in whichever optimization fadation is used in
[28][41][84][85] to estimateK. Therefore, distance metric learning can be peréal
through our camera link model estimation proceduitbout any manual labeling. This

part of research will be included in our future wor
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Chapter 6 — Conclusions and Future Work

6.1 Conclusions

In this dissertation, we proposed a robust andistarg human tracking system which
tracks people within single camera and across pleltameras. Three major topics have
been investigated: single camera tracking, trackaongoss cameras with overlapping
views, and tracking across cameras with nonoveihgpgews.

We propose an innovative method that uses projegtadient to facilitate multiple-
kernel tracking in finding the best match underdefened constraints. Since some of the
kernels are not observable, the adaptive weigle®mployed to the kernels to lower the
importance of the ones being occluded while enhanoé the well-observable ones.
Moreover, a simple yet effective approach is pre=seito deal with the scale change issue.
Finally, the multiple-kernel tracking is combinedthva Kalman filter to form a complete
automatic tracking system. Based on the experirhemisults, the multiple-kernel
tracking can successfully track the specific targeder severe occlusion, and the overall
system also demonstrates the promising results tfacking every individual
simultaneously.

We have built a system for tracking humans acrogisipte cameras with overlapping
views. We utilize image registration technique dentify the FOV lines automatically
given the views of two cameras. In order to compendor the color deviation and
perspective difference, the brightness transfectfan and tangent transfer function are
utilized. The camera link model, including homodrapmatrix, brightness transfer
function and tangent transfer function, is appisdten we calculate the distance function
between two people regarding to vicinity cue, caloe, and edge cue. The update stage
yields the camera link model more reliable overetimhe promising results from several
test videos demonstrate the effectiveness of apgqsed method.

Finally, we have built a tracking system that tsat¢lkumans across multiple cameras

with disjointed FOVs based on the application ahega link models. The camera link
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model, including transition time distribution, binimess transfer function, region mapping
matrix, region matching weights, and feature fusiaights, is correctly estimated by an
unsupervised scheme even under the presence oérsuith the training data. Our

estimation procedure can be generalized easilydding more features or components in
the camera link model. Several experiments and eoatipe studies demonstrate the
effectiveness of our proposed method. The proptse#ting system is applied in a self-
deployed camera network in the real world. We slilog use of region matching and
systematically-determined feature fusion weight® darther enhance the tracking
accuracy. The pairwise learning and tracking maremrances the scalability of the

system.

6.2 Future Work

The first future work is to incorporate the distanoetric learning in our camera link
model estimation procedure. Recently, distanceimigarning approaches in human re-
identification [28][41][84][85] have gained somedarity and demonstrated promising
accuracy. However, the supervised learning fasprements it from real application. It is
possible to incorporate this method with our estiomaprocedure by treating the linear
transformation in distance metric as one of themament in the camera link model as we
discussed in Chapter 5.6.d. In this way, we belibeesystem can improve the matching
accuracy while still saving large amount of manpowe

In addition to the above, we want to keep enhanttiegscalability of our system. In
our proposed system, we assume the topology ofcéimeeras, i.e., the geographical
relationship between the cameras, is obtainedeapribr knowledge. This information is
straightforward when the scale of the camera néwsrmoderate. However, as the
number of the cameras increases, getting the tgpa® not a trivial work. Given a
camera network consisting of multiple cameras, pigzes of topology information are
required before the camera link model estimationtw&a performed: (i) The system needs
to identify which pairs of cameras have link modeétween them, i.e., which pairs are

directly connected. Wrong links or redundant limeteriorate the tracking performance
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easily, due to the increased searching range meguilt reduced recall rate and increased
false positives, not to mention the exponentiallgréased computational complexity. (i)
According to our observations, the link actuallyyoconnects two entry/exit zones in a
pair of directly-connected cameras; that is, ifeaspn is traveling between two cameras,
he/she will likely leave from one particular zomalanters into the other. Hence, in order
to avoid too many outliers, the training data usedamera link model estimation (and
the subsequent re-identification tracking) shoultyanclude the observations happening
in these two specific zones instead of includingtlaé observations in the camera.
Therefore, to identify which specific zones arééd together is another critical issue.
Thanks to the development of the online map seswimm®vadays, e.g, Bing Maps and
Google Maps, etc, we present an approach to shé/alhove problems by retrieving the
information from the online map [23]. By providinige GPS locations of uncalibrated
cameras and incorporating with Google Maps and (@o8treet View, the system can
automatically identify the camera links within tb@mera network. In the future, we will
further investigate the stability of this approa@md the visual data should also be
considered to validate the information from onlmaps. We look forward to integrating
this work into our system, so that the system Wwdl self-organized and will scale up

efficiently.
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Appendix A: Projected Gradient-based

Multiple-Kernel Tracking

Al : Decomposition of the movement vector in multife-kernel tracking

The projection matriA which projects the vector onto the space in whighvalues of
the constraint functions remain intact is expresssdI — C,(CIC,)~1CI). After
applying A to —J,, the gradient descent direction, the first tefix, is (—I+
C(Clcy~1ch], [73]. In addition to this, the constraint funct®o@(x) = 0 need to be
satisfied; hence, another moving veadiag enabling the constraints to hold is introduced;
that is, to make the constraint functions appraaio when moving alongxg,

0 = C(x + 6xp) ~ C(x) + CIéxp . (A.1)
Thus,8xg = —C,(CIC)1C(x).

A2: Characteristics of the projected gradient vecto

The characteristics of the projected gradient vetan be proved in the following:

i)

(6x,)T6xp (A.2)
= (a(—T+ C(CFC) ' COI)T (-G (CXC) T C(X))

=a(-Jx +]x C((C{C TN (—C(CXC) T C(X))

= a(Jx' Cx(CEC) ™ C)~Tx" Cx((CC) ™) CRCL(CECO ™1 C(X))

= a(J," C(CXCY () — i € ((CX )™ C(X))

=0.

Hence,0x, andéxg are orthogonal to each other.

ii)

Let 6/, and5C4 denote the changes of functighiix) andC(x) by moving alongdx,,
respectively. Assume the local linear approximation
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8Ja = Jx 6%, = JTa(—1 + C,(CTC)ICD], (A.3)
=—aJ," (1- C,(Cfc)~1CD), .

CXCy Cz]_[cl
c, Il 1rr

definite. Moreover, sinc€lC, is also positive semi-definite, the generalizechuBc

Let matrix M =[ ][CX I] = KTK, which is always positive semi-

complement (I — C,(CIC,)~'Cl) is also positive semi-definite. Thug,’ (I —
c.(cIcy)~1chJ, = 0 andsj, < 0. The cost function always decreases if moving @lon
the directiondx,. Moreover,

85C, ~ CI6x, = Cla(—1+ C (CTCcy)~1CcD], (A.4)
=a(—Cx + Cx G (CXC) ' CD)Ix

=a(-CT +cDJ,=0.

Thus, it will not change the values of the constrdunctions by moving along the
directiondxy,.

iii)

Let 6C; denote the changes of functiob&) by moving along théxz. Assume the
local linear approximation:

8Cp ~ Cx6xp = CE(—C4x(CXC)TC(X)) = —C(X) . (A.5)
Thus, no matter what the current values of condtfainctions are, they will always go

toward the value zero, i.e., make our problem camgs holdC(x) = 0.

A3: Using mean-shift vector as gradient vector

To minimize the cost functiof(x) is equivalent to maximizingJ(x). Similar to the
derivation in [26], we take the linear approximatiof —/(x) aroundx = x, and obtain

the following equation after some manipulations,
] = h(xo) + &1 By ank

= h(xo) + fx (%),

where J(x) = ¥, q;log (%) is K-L distance between two histograms(x) =

X—Zj
h

2) (A.6)

[p1(X) ... prn(X)] is m-bin candidate model angl= [q; ... qm] is the target modeh(x,)
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andc; can be seen as constants (independexi; to; = Zﬁzlpq(—‘;o)cﬂb(zi) — u] andz;

is the pixel location.
Thus, we can ggt, = % = -V (X). (A.7)

According to [25], the mean shift vector correspagdto maximizing the function

fx (x) can be expressed as:

_ Vig(X)
m(x) = c, X o C2 >0, (A.8)

Y o
wheref;(x) =Y, w;g (”%” ) andg(-) = —k'(*). Due to the positivity ofv; and the

monotonous decreasing of the kernel prdf{e (i.e.,k'(*) is negative)f; (x) is always
positive. Hence, from (A.7) and (A.8) we can get
Jx = c3 X (—m(x)), ¢3 > 0; (A.9)
that is,J, and(—m(x)) are aligned. Therefore, for each kernel, it isoea@ble to use the
mean shift vector with the opposite direction asjQu
In the characteristic (ii) in Appendix A2, if weaism(x) in calculatingdx,,
8Ja = Jx' 6%4 = Jx" a(=1+ (€€ CD(-m(x)) (A.10)
a

= —ZJ. T - C(CIC) I CD)), < 0,

C3
which will not affect the non-positivity af/,. Similarly, the values of the constraint
functions will not change.
§Cy ~ CLox, = Cla(—1+ C(Clc) 1) (—m(x)) (A.11)
aé—Cl +CDH(-m®x)) =0
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