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Abstract

This paper presents a method for tracking an object in a sequence of images given its location in the first frame. Recently, a class of
techniques called discriminative methods has shown promising results. These methods are based on training a classifier to distinguish the
object from surrounding background. However, discriminative methods do not explicitly model the object. Therefore, noisy samples are
likely to interfere and cause visual drift. In this paper, 3D joint RGB histograms of the object and surrounding background are used to
develop an object model. An incremental color learning scheme with a forgetting factor is applied to evolve the object model during tracking.
It is shown the proposed method can handle visual drift effectively. Evaluated against five state of the art methods, experiments demonstrate
superior results of the proposed tracking algorithm. Implemented in MATLAB, the algorithm runs at 17.2 frames per second, including

image input/output time.
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1. Introduction

Visual object tracking is one of the most active research
areas in computer vision, with numerous applications,
including automated surveillance, motion-based recognition,
human-computer interaction and robotics. The goal of object
tracking is to estimate the trajectory of an object in an image
sequence given the initialized position in the first frame [1].

There is a rich literature in visual object tracking [1-4].
The object tracking algorithms mainly differ in the way they
use image features and model the motion, appearance and
shape of the object. Here, we focus on the most relevant
online visual object tracking methods that operate directly on
color images and also some state of the art methods.
Generally, online object tracking algorithms can be
categorized as either generative methods or discriminative
methods [3].

The generative method builds a model to describe the
appearance of an object and then finds the object by
searching for the region most similar to the reference model

in each frame. One of the most influential approaches in this
category is the Mean-Shift Tracker [5] which uses a color
histogram regularized by a spatially smooth isotropic kernel
for object representation. Using the Bhattacharyya
coefficient as a similarity metric, the mean-shift procedure is
performed for object localization by finding the basin of
attraction of the local maxima. In [6] it is shown that
background-weighted histogram algorithm in the mean-shift
tracking is not optimal. They assigned new weights to pixels
in the target's candidate region to reduce background's
interference in target localization. It leads to faster
convergence and more accurate localization than the usual
target representation in mean-shift tracking. One of the
limitations of rectangular or ellipsoidal regions for object
representation is that the object model encompasses many
background pixels in addition to the true target pixels.
Consequently, the resulting histogram can be corrupted by
background pixels, and the tracking result degrades
accordingly. To address this problem, a fragment-based
appearance model has been proposed [7]. Multiple local
histograms are used to represent an object. A vote map is
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used to combine the votes from all the regions in the target
frame. However, the computation of multiple local
histograms and the vote map can be time consuming even
with the use of integral histograms. In a similar vein, in [8],
each target object is modeled by a small number of
rectangular blocks, which their positions within the tracking
window are determined adaptively. Recently, [9] proposed a
histogram that takes into account contributions from pixels
adaptively in a multi-region manner along with an
illumination invariant feature. However, parts of the
background may reside inside the object model. Therefore,
the object model encompasses many background pixels in
addition to the true target pixels which can degrade the object
model. The advantage of generative methods is that it does
not require a large dataset for training. However, the
imperfection of the generative model is that it only focuses
on the foreground without considering the background
information.

Discriminative methods pose object tracking as a binary
classification problem in which the task is to determine a
decision boundary that distinguishes the object from the
background without the need to a complex model
characterizing the object. Since the discriminative model
considers both the object and background information, it
usually achieves better performance than the generative
model. In [10] pixel's colors are mapped into 49 one-
dimensional lines in RGB color space to build a set of 1D
color histograms. Next, the log-likelihood ratio of a feature
value is used to select discriminative color features for
tracking. In a similar manner [11] and [12] adopt 13 different
linear combinations of R, G, B pixel values to approximate
3D RGB color space. Approximating RGB color space using
a set of 1D histograms is cheaper. However the major
imperfection is it loses considerable color information that
lies in 3D joint RGB histogram. In [13] a tracking-by-
detection approach, called CSK tracker, is proposed. It is
based on optimal selection of samples in target's
neighborhood. They showed that the process of taking sub-
windows of an image induces circulate structure. They used
Fast Fourier Transform (FFT) to incorporate information
from all sub-windows. Recently, in [14] the CSK tracker has
been extended by incorporating color attributes and defining
a kernel. In [15] a description-discrimination collaborative
frame work has been proposed. The descriptive component
forms a robust object model from all the tracked frames.
Meanwhile, the discriminative component differentiates the
targets from its surrounding background in recent frames. In
[16] a deep learning tracker is proposed that works based on
learning discriminative saliency map. They pre-trained
Convolution al Neural Network (CNN) on a dataset offline.
They employed outputs from the hidden layers of the
network as feature descriptors of an object. The features are
employed to learn discriminative target appearance models
using an online Support Vector Machine (SVM).

The appearance of the object usually changes during the
tracking. Therefore, it is inevitable to update the appearance
of the object model during tracking. It has been shown that
an adaptive appearance model is the key to a good
performance, and much attention has been paid in recent
years to address this issue. The most straightforward method
is to replace the current appearance model (e.g. template,
color) with the visual information from the most-recent
tracking result [17]. However, simple update with recently

obtained tracking result can lead to drift. In [18] Ad a Boost
algorithm is proposed to classify pixels belonging to
foreground and background and update weak classifiers with
new ones to adapt to the changes of the object and
background during the tracking. In [19] the Boosting method
is extended to an online manner. In [20] an incremental
subspace learning method is proposed, which presents an
adaptive probabilistic tracking algorithm that updates the
models using an incremental update of Eigen-basis. In [21]
the object is represented by a set of Hear-like features that
are computed for each image patch. They used Multiple
Instance Learning (MIL) to handle ambiguously labeled
positive and negative data obtained online to reduce visual
drift caused by classifier update.

The discriminative methods generally do not model the
object explicitly and only define the boundary between the
target and background. Here we utilize a discriminative
method to separate the object from surrounding background
in each frame, and an incremental learning scheme is
incorporated to learn and evolve the object color model
during the tracking process'. In addition, the proposed
method attempts to solve the unwanted effect of background
pixels in the object rectangle.

The contributions of this paper are summarized as
follows:

— A discriminative 3D joint RGB histogram based

representation of the object.

— Incremental color tracking with a forgetting factor to

account for appearance variation of the object.

— A scale adaptation scheme to compensate the scale

and ratio variation of the object.

The remaining part of this paper is organized as follows.
Section 2 describes the details of the proposed algorithm that
presents an efficient incremental color object tracking. The
results of the experiments and performance evaluations are
presented in Section 3, and the conclusions and the future
prospects are given in Section 4. The source code and videos
corresponding to this work are available’.

2. Proposed Method

Object tracking starts with selecting an object in the first
frame approximately. A surrounding area is computed
automatically such that the number of background pixels in
the region surrounding the object is approximately the same
as the number of pixels within the object region. Therefore,
the width and height of outer rectangle are defined by
W =+v2xw andH =+v2 xh. Where w and h are the width
and height of the selected object region.

Figure 1. Object and background rectangles. The selected
object region is inside the solid green rectangle and the
surrounding background region is the area between the
dashed red and solid green rectangles



The CSI Journal on Computer Science and Engineering, Vol. 12, No. 2 & 4 (b), 2014 18

Insert first frame

f It
,{ Select object ]—{ Auto background selection j
Ve
1!
E RGB histogram of object J [ RGB histogram of background ]
1!

Does

Compute object centroid ]—l
centroid

Object Modeling

|
|
|
|
|
! )
| Positive log-likelihood ratio of 3D joint RGB histogram (Object modeI)J
|
|
|
|

Compute confldent map using object | Yes
model
change?

No
Insert next frame Update object

Detection and Localization |

Figure 2. Architecture of the proposed object tracking algorithm

The selected object and background rectangles are shown
in figure 1 In object tracking, first, one needs to develop a
model for the object of interest.

The aim of the object model is to identify the object from
the background in subsequent frames accurately. Then, the
object localizer estimates the target location in the
subsequent frames using the object model. Next, an efficient
method that incrementally updates the object model is
employed to learn the appearance of the target while tracking
progresses. Architecture of the proposed tracking algorithm
is shown in the figure 2 Each step is described in the
following sections.

2.1. Object Modeling

The object model is built and evolved based on
discriminative 3D joint RGB histogram of the object and
background. The quantized 3D joint RGB histograms of the
region within the inner rectangle and the region between the
inner and outer rectangles are computed. Positive part of the
log-likelihood ratio of the object region and background
region surrounding the object is used to determine the object
model using (1),

max{Hq(s),e
Ls = max{lnﬁbgsg,o} (1
where H,(s)the histogram is computed within the object
rectangle, and Hy(s) is the histogram for the region
surrounding the object. The object color seeds have higher
values in the computed log-likelihood ratio while
background color seeds have negative values and colors that
are shared by both the object and background tend towards
zero. To model the object individually, negative values are
rejected. Here, 8 bins for each channel are used for histogram
quantization. Therefore, the index s ranges from 1 to 8’ and
8’ is the total number of histogram seeds. £ Is a small
non-zero value to avoid numerical instability that prevents
dividing by zero or taking the logarithm of zero? Here € is set
to 1.

The quantized 3D joint RGB histograms of the object,
background and the computed positive log-likelihood ratio
are shown in figure 3 In this figure, each square represents a
non-empty seed in quantized 3D joint RGB histogram, and
its area is proportional to the value of the corresponding seed
in the histogram.

2.2. Detection and Localization

The positive log-likelihood ratio provided in previous step is
used for object detection, and the mean-shift on the confident
map is used for object localization. Steps are described in the
following subsections.

2.2.1. Detection

The positive log-likelihood ratio Lg is used as a mapping to
provide a confident map, M(x;,y;) from the object region,

I(Xi,yi, C]'), le
Lg: 1(x;, y1, ¢5) = M(x3,y;) &Y

where [x;,y;] is the pixel location in the image coordinate.
Index i ranges from 1 to N and N is the total number of pixels
in the object region. ¢; Is the color channel of image. Index j
ranges from 1 to 3 that stand for R-G-B color channels. The
mapping result is a confident map image, and its pixels with
higher values are more likely to belong to the object. The
procedure is shown in figure 4 for the first frame of Trellis
sequence.

2.2.2. Localization

Object localization for the next frame starts at the centric of
the confident map of the object in the current frame. Since
object movement is not ballistic, the mean-shift object
localization on the confident map of the object provides
satisfactory performance. The displacement of the object is
given by the shift in the centric of the pixel values in the
confident map. In each iteration, the center of the object
rectangle is shifted to the centric of the current confident map
of the object computed at the same iteration. The object
rectangle is iteratively shifted until the object is placed inside
the rectangle completely (mean-shift convergence). Mean-
shift object localization on the confident map for the second
frame is shown in figure 5 At each iteration, the center of the
object rectangle is relocated using Equations (3) and (4),

2N, (M xxy)
Knew = D ®
1
— Z{il(MiXYi) (4)

YHEW - 2{\] 1 Mi
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Figure 4. Generating the confident map of the object

where x; and y; show the location of pixels in the frame
coordinate. M; Is the confidence value, X,e, and y,e, Show
the relocated center of the object rectangle in each iteration
and N is the total number of pixels in the inner rectangle. In
the presented work, the maximum number of mean-shift
iterations is limited to 3 and the centric movement less than 2
pixels are considered as a complete convergence.

2.3. Model Update

To account for appearance variation of the object, it is
inevitable to adapt the object model to the recent
observations. Here, once the object location at the current
frame is provided by the mean-shift, the positive
log-likelihood ratio, LY, is computed and used to update the
previous object model, L, by (5),

Lt « (I—y) x Lyt + yx Ly %)

where t+ 1, t and t — 1 are indexes for the next, current and
previous frames respectively. p Indicates the randomly o
percent selection of the positive log-likelihood ratio seedss.
Here a is set to 5%. y Is a forgetting factor to moderate the
balance between the old and new observations? Although the
forgetting factor depends on the amount of changes in object
appearance, here we set it to 0.1 for all video sequences. Li*
Is the updated object model which will be used for the object
detection in the next frame.

Figure 6 shows the effectiveness of the proposed model
update procedure for the trellis sequence. Columns with left
to right flow, show frames number 90, 250 and 355 in order.
First and second rows show the object and its model
respectively with no updating on the object model. The
remaining rows show the object and corresponding model

when the incremental learning is applied. Confident maps are
shown in the upper left corner of each frame. As it is shown
in the first raw when there is no update in the object model,
the provided confident map degrades gradually; however, the
proposed method incrementally learns the new colors of the
object and provides a more precise confident map of the
object.

Figure 5. Mean-shift localization on the confident map

3. Experimental Results

In order to evaluate the performance of the proposed tracking
algorithm, experiments were carried out using a core 2 Duo 2
GHz processor with 1 GB RAM under MATLAB R2011a on
the Windows XP platform. The tracker has been tested on a
variety of challenging sequences, and the most representative
sequences are reported in this paper.

3.1. Data Sets

We have used the sequences which are publicly available.
The sequences are Basketball, Crossing, David outdoor, Girl,
Face occlusion, Tiger and Trellis available at Tracker
Benchmark v1.0° [23, 24], Sunshade and Torus available at
VOT2013* [25], Caviarl and Caviar2 from Caviar dataset’
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Figure 6. Effect of the model update procedure on the object model and corresponding confident map

and Board from Prost Dataset®. Seven of the sequences
(Basketball, Board, David, Girl, Face, Sunshade, Trellis)
were taken by non-stationary cameras and five of them
(Caviarl, Caviar2, Crossing, Tiger and Torus) were taken by
a stationary camera. The information and challenging factors
for each sequence are described in table 1.

3.2. Evaluated Methods and Speed Comparison

The proposed method (Incremental Discriminative Color
Tracking, called IDCT) is evaluated against five methods
which their codes are publicly available, Mean Shift tracker
(MS) [5], mean-shift tracker with Corrected Background
Weighted Histogram (CBWH)’ [6], Variance Ratio tracker
(VR)® [10], Fragment based Tracker (Frog)’ [7] and Locality
Sensitive Histogram Tracker (LSHT)' [9]. We compared the
proposed method with the most relevant visual object
tracking methods that operate directly on histogram or color
images. MS uses a color histogram regularized by a kernel to
describe the appearance of an object. CBWH uses a color
histogram with new weights to pixels in the target candidate
region to reduce background's interference in object
localization. VR uses 49 candidates of 1D line color features
in RGB color space as a feature pool and chooses the best N
features at each frame. Frog uses multiple local histograms
for a fragment-based object representation, and a vote map is
used to combine the votes from all the regions in the target
frame. LSHT works based on a locality sensitive histogram
that was computed at each pixel location along with a
floating-point value corresponds with each bin to save the
occurrence of an intensity value.

Object model is one of the essential components for
visual tracking. Generally, tracking algorithms use generative
or discriminative methods to model the object appearance.
Generative methods build a reference model of an object and
use this model to search for the object in the next frames. On
the other hand, discriminative methods distinguish an object
from surrounding background in every frame without using a
definitive model of the object. As explained, each of the
compared method is generative (Ms, CBWH, Frog, and
LSHT) or discriminative (VR). In this paper, a combination
of generative and discriminative methods is used to model
the object appearance. It is used to provide a right balance
between being adaptive and ability to re-track the object after
losing the object due to occlusion. The quantized 3D joint
RGB histograms of the region within the inner rectangle and
the region between the inner and outer rectangles are used as
a discriminative component. Generative component is

composed of the positive part of the log-likelihood ratio of
the computed 3D joint RGB histograms along with an
incremental color learning scheme. In every frame, after
localization, discriminative component differentiates the
object from its surrounding background and adds the
detected object colors to the generative model. The
generative model is evolved during tracking and is used to
detect the object in the next frame.

The parameters of the proposed algorithm are set as
follows: in the object detection and localization parts, we use
8 bins for histogram quantization and the maximum number
of mean-shift iterations is limited to 3 as empirical values. In
the model update part, a, which is the percentage of
randomly selected non-empty seeds is set to 5% and the
forgetting factor, y , is set to 0.1. For all other algorithms, we
use the parameters provided by the corresponding authors
and run them with the adjusted parameters. When it was
possible, we run evaluated algorithms in different modes and
report them. For example, MS and CBWH are run with 8 and
16 bins, and LSHT is run in intensity and illumination
modes. Parameters of the algorithms were fixed for all the
experiments. All trackers were run on a single scale. All
algorithms assume the knowledge of the object position only
in the first frame. The object position is estimated in the next
frames using the corresponding algorithm. The average
speeds of the evaluated algorithms are computed for Trellis
(as a typical video with object size of 101X 68 pixels) and
together with the detailed information of each algorithm are
reported in table 2.

Our tracker (IDCT) works at 17.2 frames per second and
runs faster than the other algorithms except Variance Ratio
(VR) method. It should be noted VR method is implemented
in C++, which is intrinsically more efficient than MATLAB.

3.3. Results Comparison

Tracking algorithm evaluation is itself a challenging task.
Therefore, in this section extensive quantitative and
qualitative evaluations with different criterions are performed
to compare the proposed method against other evaluated
methods.

3.3.1. Quantitative Evaluation

For evaluating the performance of trackers, three criterions
are used. The average center location error, the average
overlap rate and the success rate (tracking percentage) which
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Table 1. The detailed information of each sequence

Challenge

Sequence name  No.of  Resolution  Background  Rotationand  Illumination  Occlusion

frames clutter deformation variation
Basketball 725 576X432 v v 4 4
Board 698 640480 v
Caviarl 382 384288 4
Caviar2 500 385289 v 4
Crossing 120 360240 4
David outdoor 252 640480 v v 4
Face occlusion 892 352288 4
Girl 500 128 X96 v v
Sunshade 172 352288 v v
Tiger 354 641Xx481 v 4 4
Torus 264 320240 v v
Trellis 569 320X240 v v v

Table 2. A comparison of tracking speed (including image I/O time) and specification of each algorithm. The best result is
shown by the underline. The best three results are printed in bold faced letters

Algorithm Feature description Approach Code style Speed (fps)
MS 8 bin Color histogram Generative MATLAB code 8.6
MS 16 bin 8.3
CBWH 8 bin Color histogram Generative MATLAB code 8.9
CBWH 16 bin 8.6
VR Line color feature Discriminative ~ C++ code with OpenCV 174
Frog Local gray histogram  Generative C++ code with OpenCV 1.7
LSHT intensity Local gray histogram  Generative C++ code with OpenCV 12.5
LSHT illumination 11.1
IDCT (proposed) Color histogram Hybrid MATLAB code 17.2

are common criterions. The average center location error
(CLE) [21] is defined by,

CLE = txn, 06— X8 + (v - v (©)
where [X;Y;] shows the center location of the object
determined by an algorithm. The center of the object is
defined by the central point of the object window. [X£,YE]
Denotes the center of the ground truth rectangle. i Ranges
from 1 ton and n is the total number of frames. The total
average center location error for all sequences is defined by,

ka=1 error(k) X number of frames (k)

Total average = (7)

YL, number of frames (k)

where k ranging from 1 to m denotes each of the sequences.
m Is the total number of sequences, which are 12 The
average overlap rate (score) [26, 27] is defined by,

area(GNT)

Overlap rate = 2rea(GUT)

®)

where GNT denotes the intersection of the tracked and
ground truth rectangles and GUT is their union. This
criterion takes into account the different size of the objects in
different scenarios. The third criterion which is success rate
(tracking percentage) [26, 27] is extracted by exploiting the
average overlap rate criterion. The range of the overlap rate
is from 0 to 1. To be considered a success, the overlap ratio
must exceed 0.5. The percentage of correctly tracked frames
is the success rate. Therefore, the success rate is defined by,

n success
success rate = Lizy success

®
where i ranges from 1 to n and n is the total number of
frames. The success is defined by,

1 ifoverlap rate > 0.5
0 ifoverlap rate < 0.5

(10)

success = {

Table 3 demonstrates the tracking results in terms of
average center location errors (AC), average overlap rate
(AO), and success score (SR). It can be seen that the
proposed method provides superior results in most individual
scenarios and the best total result in comparison with
evaluated methods. The details of center location errors and
overlap rates for the sequences are shown in figure 7 and 8
respectively.

3.3.2. Qualitative Evaluation

In this section, the qualitative comparison on video
sequences is presented. Figure 9 shows sample screenshots
of the tracking results for the video sequences where each
row corresponds to one video sequence.

In the Basketball sequence, our method and LSHT-
illumination track the object successfully. The object
trajectories provided by MS 8 and 16, CBWH 8 and 16 and
LSHT-intensity methods were hijacked by the other cluttered
basketball players (e.g. frames #600 and #700). The Frog and
Variance Ratio methods lost the object. For the Board
sequence, only the Variance Ratio method loses the object in
some middle frames (e.g. frame #575) and the other methods
perform well.
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Table 3. The average center location errors (AC), average overlap rate (AO), and success score (SR) of the evaluated methods
on the sequences. The best result is shown by the underline. The best three results are printed in bold-faced letters. The entry
‘-> for Frog indicates that the value is not available as the algorithm loses track of the object and provides error

Seq. \ Algorithm Basketball Board Caviarl Caviar2 Crossing David Face Girl Sunshade Tiger Torus Trellis Total

AC] 570 347 127 116 140 686 171 185 726 254 82 _ 541 _ 321

MS8 - AQ 05707065 U055 056 1048 040 073043027 052 066 028 054
SR : 071 0.84 0.59 0.62 0.37 0.48 0.31 0.55 0.81 0.23 0.64

[AC T 584 305 135 138 126 556 184 190 712 260 362 383 313

MS16 AO 055 068 053 055 05l 045 075 043 031 051 047 033 054
SR : 0.69 0.88 0.58 0.60 0.48 0.54 0.39 0.54 0.54 0.30 0.66

LAC; 183 210 162 67 < 67 252 239 269 98 273 42 236 194

CBWHS = AO ° 074 077 055 054 066 __ 061 069 034 060 049 078 046 061
- SR 0.87 0.92 0.55 0.50 0.83 0.41 0.85 0.51 0.95 0.51 0.73

ACT 181 198 147 68 58 266 112 _ 276 94 258 34 185 174 _

CBWH 16 A0 074 0797057 0S8 067 0507075 035" 061 051 081 051 064
. SR 0.86 0.91 0.56 0.64 0.85 0.46 0.93 0.53 0.95 0.57 0.77

pAC L6l 743 519 49 | 65 818 597 624 139 272 76 600 575

VRt AO: 051 057 025 053 0.66 045 043 009 048 047 070 029 043
SR - 0.65 0.77 0.29 0.50 0.89 0.12 0.40 0.51 0.82 0.37 0.52

TACT - 667 55 59 476 - 105 | 66 295 1053 259 716 359

Fog A0 - - 049 067 06l 034 - 082 063 034 012 049 027 053
SR - 0.48 0.93 0.65 0.41 0.75 0.35 0.10 0.50 0.35 0.62

AC| 185 234 72 51 275 102 118 114 818 1094 38 199 267

LSHTint. ' AO ' 066 076 069 058 039 031 081 055 014 013 079 055 060
SR 0.86 0.73 0.95 0.61 0.51 0.60 0.12 0.15 0.94 0.73 0.71

AC[ 90 196 33 75 289 56 126 36l _ 615 709 370 502 _ 246 _

LSHTillus. - AO - 066 079 071 058 038 073 080 0.7 026 019 048 040 057
SR . 094 0.89 0.98 0.61 0.44 0.17 0.23 0.13 0.51 0.59 0.70

ACT 84 28 71 48 51 231 204 128 125 197 42 _ 152 138

IDCT  "AG™TTTU82 076707 7055 0.0 06l 0.2 049 056 058 0.787 056 0.66

i SR 0.99 0.96 0.98 0.55 0.84 0.45 0.85 0.63 0.94 0.73 0.83

For the Board sequence, only the Variance Ratio method
loses the object in some middle frames (e.g. frame #575) and
the other methods perform well. For the Caviarl sequence,
all methods except the Variance Ratio have a good
performance and track the object reasonably. In the Caviar2
sequence, MS 8 and 16 and CBWH 16 lose the object when
another person gets into the object background region as
shown in the frame #470, while other methods have a better
tracking result. For the Crossing sequence, when a car passes
in front of the object, the Frog and LSHT-intensity and
illumination methods lose the object. Almost the other
methods perform well. In the David outdoor sequence our
method and CBWH 8 and 16 have a good performance. MS
8 and 16 lose the object from frame #100 to #180. Variance
Ratio, Frog and LSHT-intensity drifts when the target object
is occluded by a tree (it can be seen in frames #125 and
#230). In the Face occlusion sequence, all methods except
the Variance Ratio have a reasonable result and track the
object to the end of the sequence. For the Girl sequence,
since our object model evolves during tracking, our method
successfully tracked the object. The LSHT-intensity and Frog
methods have a good performance too, while the other
methods lose the object (as shown in frames #100 and #425).
In the Sunshade sequence MS 8 and 16 and LSHT-
illumination and intensity did not perform well due to
illumination variation. However, almost the other methods
have reasonable results. Although the LSHT-illumination
method is for the environments with illumination variation, it
fails in some frames as shown in frames #70 and #140. For
the Tiger sequence which has occlusion, LSHT-illumination
and intensity and Frog did not have a good performance
while other methods tracked the object reasonably. In the
Torus sequence, MS 16, Frog and LSHT-illumination drift to
background clutter. Almost other methods track the object to

the end of the sequence. In this sequence, there is no
illumination variation, so the LSHT-illumination method is
not supposed to have a good performance. For the Trellis
sequence the object appearance changes drastically due to the
changes in the illumination, only the proposed method
achieves good performance and is able to adapt to the
illumination variation well. After our method, CBWH 16
performed better than the other methods. It is shown that in
frames #420 and #490, the LSHT-illumination failed to track
the object, although this type of LSHT is for the sequences
which have illumination variation.

3.4. Scale Handling

The aspect ratio of an object change over time. The proposed
method allows tracking of objects with changing aspect ratio
and scale. For an object's bounding box, the aspect ratio
denotes the ratio of longer side to shorter side of the
rectangle. Here, the scale change and aspect ratio change of
the object is addressed by the resulting confident map of the
object. The confident map within the object window at first
frame is used as a reference model to compute a map ratio.
The map ratio is defined as an average of the confident map
pixel values within the tracked rectangle,

Map Ratio = Yty confic:]ent map(i) (1 1)
where i ranges from 1 to n and n is the total number of pixels
in the tracked rectangle. To compensate all the possible
changes in the aspect ratio of the object, five candidate scales
are considered: (w — Aw,h — 2 x Ah), (w — 2 X Aw,h — Ah),

(w,h), (w+ Aw,h+ 2 x Ah) and (w + 2 X Aw,h + Ah) where

w and h indicate the width and height of the object window
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in the previous frame respectively, Ah = 1.25% h andAw =
1.25% w. The five candidate scales are shown in figure 10. It
covers the possible changes in width and height of the
object's rectangle. For the next incoming frame after object
localization, the map ratio for five candidate scales is
computed. If the computed map ratio does not experience
much change, the previous scale will be applied for the next
frame. If the computed map ratio is reduced, it is assumed
the object size is reduced, therefore, rectangle of the object
must become smaller and the choices for object scale will be
limited to red rectangles and the one which best fits is
selected as an object new scale. A similar strategy is used
when the map ratio is increased where the choice will be
limited to blue rectangles. The details of the process of
selecting the appropriate scale for the incoming frames are
shown in figure 11 In the depicted algorithm in figure 11,
Map Ratio (w, h) is computed using (11). w And h are denote
the current scale and ratio of the object. wy And h, are the
width and height of the object in the first frame. wye,, And
hpew are the new scales of the object that will be used to
determine the rectangle of the object for the next frame. The
fault is computed by,

fault(Weang, heang) = abs(Map Ratio(Weang, heand) —
Map Ratio(wyg, hy)) (12)

where weang and he,ng are the candidate scale. Minimum
fault shows the scale that better fits the object. The candidate
scale with minimum fault is used to determine the new height
and width of the object.

Figure 12 shows an example of applying the proposed
method to an object in PETS 2000'" with changing scale and
ratio. It presents a comparison between computed width and
height using proposed method against ground truth. The
result shows the proposed method closely follows the actual
changes in width and height of the object's bounding box.
Screenshots of the result is shown in figure 13 Proposed
method is shown by solid green rectangle. Confident map
obtained by the proposed method is shown in the upper left
corner of the images.

3.5. Multiple-Object Tracking

With some minor modifications, proposed tracker
successfully applied to track multiple objects with different
appearances. The test sequence is 50 frames of Subway
sequence [23] where the objects are two walking passengers.
The result is presented in figure 14. The first row of figure 14
shows the result provided by the proposed method. Second
row shows the confident map corresponding to the selected
frame. Third and Forth rows show the models of red and
white passengers respectively.

3.6. Failure Case Analysis

Figure 15 shows a failure case on Stone sequence [23]. It can
be seen in frame #140 the tracker drifts gradually to the
neighborhood background. The reason is the color of the
target stone is similar to the neighborhood stones. Therefore
the proposed method may fail when the neighborhood area
near the target contains a region larger than the object with
the similar color to the object.

4. Concluding Remarks and Future
Work

In this paper, we proposed a fast effective object tracking
algorithm with incremental discriminative object color
modeling. The algorithm efficiently addresses tracking of an
object which undergoes variation in illumination and color.
We propose two ways for the future work. First, the motion
and object model we used here are fairly simple, in future,
prediction-based methods such as a Kaman filter [28] can be
used. Second, inherent in the use of histograms is the
complete lack of spatial information which is undesirable and
cause the failure case demonstrated in this paper. Template
patches can be incorporated in the object model to preserve
spatial information which will be our future work.

Figure 10. Candidate scales. The original scale is shown by
green. The candidate scales with decrease in size are shown
by red and the candidate scales with increase in size are
shown by blue

Scale Handling Algorithm Outline
if Map Ratio(w,h) < 0.9 x Map Ratio(wy, hy)
(Whew, hpew) = min(fault(w — 2 X Aw, h — Ah), fault(w —
Aw,h — 2 x Ah))
elseif Map Ratio(w,h) > 1.1 x Map Ratio(w, hy)
(Wnew, hpew) = min(fault(w + 2 X Aw, h + Ah), fault(w +
Aw,h + 2 x Ah))

else

(Wnew hnew) = (w,h)
end

Figure 11. Scale handling algorithm
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