Visual Tracking using D2-Clustering and Particle Filter

Ramin Raziperchikolaei and Mansour Jamzad

Department of Computer Engineering, Sharif University of Technology, Tehran, Iran
Email: razi@ce.sharif.edu, jamzad@sharif.edu

Abstract - Since tracking algorithms should be robust with respect
to appearance changes, online algorithms has been investigated
recently instead of offline ones which has shown an acceptable
performance in controlled environments. The most challenging issue
in online algorithms is updating of the model causing tracking
Jailure because of introducing small errors in each update and
disturbing the appearance model (drift). In this paper, we propose
an online generative tracking algorithm in order to overcome the
challenges such as occlusion, object shape changes, and
illumination variations. In each frame, color distribution of target
candidates is obtained and the candidate having the lowest distance
to the object distribution is considered as the object. In addition, in
our work, the particle filter structure is used in which the samples
are weighted proportional to their distance to the model. The model
which is a color distribution is updated using D2-clustring
algorithm. The most distinctive features of our algorithm are: 1)
Updating the model using D2-clustering, 2) Avoiding drifting by
using the color distribution of the target in the first and last frame,
and 3) Detecting of occlusion by considering distance between the
model and the best candidate. Fxperimental results show that our
tracker outperforms other algorithms in videos containing
challenging scenarios.

Keywords - Visual tracking, D2-clustering, Particle (filter,
Adaptive methods, Mallows distance

[. INTRODUCTION

Object tracking is an open problem in machine vision
which has many practical applications such as surveillance,
driver assistance, human computer interaction, etc. Although
previous studies have shown major successes achieved for
object tracking in the case that prior information exits [1],
tracking becomes very challenging if all the information about
the target should be provided in the first frame.

From one point of view, all tracking algorithms can be
divided into two types: generative and discriminative. In the
modeling procedure, if only the object information is used, the
algorithm is known to be generative. On the other hand, if the
background information is used as well as object information
the algorithm is discriminative. From another point of view,
all tracking algorithms can be categorized into either online or
offline approaches. In offline methods, model is created in the
first frame, and there will be no update through all the
subsequent frames. In [2] and [3] offline generative methods
have been presented in which the object model is created from
color or intensity histograms and this model remains constant
until the end of algorithm. An offline discriminative algorithm
for car tracking is presented in [4] which motion coefficients
are computed with maximizing SVM score. Offline methods
fail to track objects in videos that contain variations in object
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or environment such as shape changes or illumination
variations. To avoid failure of object tracking under these
situations, online methods could be suggested as an
alternative, in which the model is updated frame by frame.
Online discriminative methods update their classifiers
incrementally by using new positive and negative samples
obtained from object and background in each frame. In [5], an
online method for distinguishing object from background is
presented selecting the best feature among 49 features in RGB
color space in each frame. In [6], object tracking is performed
by using a strong classifier, which is a combination of 5 weak
classifiers; it replaces the worst weak classifiers with the new
ones in each frame. In [7], an online boosting algorithm is
presented for real time tracking which updates selectors with
Haar-like features extracted from object and background in
each frame.

Online generative algorithms consider a template having
minimum distance to the model as the object, then update the
model with information included in this template. In [8], an
incremental principal component analysis method learns the
eigenbases online during object tracking process. In [9], each
target candidate is represented as a linear combination of the
templates which are updated incrementally. Kwon et al. [10]
integrate multiple basic trackers, constructed from basic
observations and motion models, into one compound tracker
for online tracking.

The most challenging issue in updating of the model is the
drift problem [11]. Tracker finds object in the current frame
and uses information acquired from new location of the object
to update the model. Tracker introduces small errors in its
decisions affecting the model during update phase. Finally,
accumulation of these errors led to failure of tracking. To
overcome this challenge, semi supervised methods are
introduced which take the first frame patches as labeled
samples and all the other frames patches as unlabeled [12]
[13]. In [12], a semi supervised boosting algorithm is
proposed. At first, this algorithm assigns labels to patches with
respect to offline and online classifiers trained separately, then
it updates selectors. Since labeling is too dependent to the
labels of first frame patches, the results of the algorithm are
very similar to offline methods. In MILBoost Tracker [14],
positive and negative samples are placed in positive and
negative bags. Then the weak classifiers are trained online to
learn a discriminative model. In multiple instance learning
problems, positive bags can contain negative samples, so this
method is relatively robust to drift. It should be mentioned that
MILBoost assumes that all the samples in positive bags are
positive during model updating which this assumption can
cause drift.
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In this paper, we propose an online generative method for
real time object tracking in videos in which appearance
changes, illumination variations, and occlusion exist. In our
work, in the first frame, object’s hue distribution is computed
and considered as the appearance model. In subsequent
frames, candidate target with the smallest distance to the
model is selected as the object which is used for updating the
model. To compute the distance between distributions, the
Mallows distance measure is used [15]. The update phase of
proposed method is based on D2-clustering algorithm which
takes some discrete distributions and returns the best
prototypes for input distributions [16]. To update the model,
object distribution in the first frame is also given to D2-
clustering algorithm as well as appearance model (represented
as a distribution) and current frame object distribution. Then,
D2-clustering returns one prototype which is the updated
model and is used in tracking of the object in the next frame.
Using the first frame distribution in each update reduces the
effect of small errors and makes the algorithm robust to drift.
Under the condition that we don’t use D2-clustering, tracker
fails in videos containing appearance changes since it would
be offline and the model is assumed to be constant. In
addition, in each update, if we don’t use the color distribution
of the target in the first frame, a failure will happen due to the
drift problem. We should mention that if distance between the
model and the best candidate template is higher than a
threshold, we realize that occlusion has occurred and the
model is not updated. Finally, particle filter framework is used
for propagating sample distributions over time.

The rest of the paper is organized as follows. Particle filter
and D2-clustering algorithms are reviewed in sections Il and
I11, respectively. Section IV explains D2-tracking algorithm
proposed in this paper in details. In section V, we present the
experimental results that indicate the robustness of our
algorithm in comparison with other methods. Conclusions are
drawn in section VI.

II. PARTICLE FILTER

The goal of tracking using Bayesian inference system is to
obtain the posterior distribution of object state in time t
denoted by X, given all the measurements up to time t
denoted by Z;.; . Thus, it is supposed that p(X;_,1Z;.;—1) is
available and the posterior distribution p(X.|Z;..) should be
constructed recursively in two steps: prediction and update.
The probability p(X;|Z,.;) regarding Markov prior and Bayes
rule is computed as

p(X¢lZye) < p(Ze]Xe) jp(thxt—l)p(Xt—l|Zl:t—1)dXt—1' @)

In particle filter [17] posterior probability p(X.|Z,..) is
approximated by a set of weighted samples {X¥ mF}¥_,
where X¥ and }f show k* particle’s state and weight at time
t respectively. Weights are computed as

k_ -k p(Zt|Xg‘) P(XﬂXg{—l)
Ty = M k) vk
qQXE X Ze)

2

where q(.) is the importance density that samples are drawn
from it. We choose importance density to be the prior which
yields ¥ = p(Z,|1XF).

In our paper, the state of particles at time t is represented as
a three dimensional vector X, = (X7, X}, X5) where
X%, X}, X$ indicate x,y position and scale of the target
respectively. The motion model p(X,|X;_,) is supposed to be
a Gaussian distribution as follows:

P(XelXe-1) = G(Xi—1,0?) (3)
where X,_jand o2 are the mean and variance of the
distribution. o2 is also a three dimensional vector which
shows the variance of x, y position and scale. The observation
likelihood p(z.|x¥) is set according to distance between
particle distribution and model. If the distance is low the
weight of particle should be high so we use the following
equation for observation likelihood

p(z¢|xF) = exp(—Dist(m, px)) )

where m is the model, p;, is the k" particle and Dist(.)
function calculates distance between two distributions.

III. D2-CLUSTERING

D2-clustering algorithm is proposed in [16] for Image
annotation. Since our method is based on this algorithm, in
this section, we review it briefly. Suppose that there are N
signatures denoted by B;,i = 1, ..., N each contains d discrete
distributions. We show j¢" distribution of i signature as

1 1 (mi) _(mj)
B = {(vi(‘j),pi(lj)),...,(vi‘j / Dy ’)} ®))
(F)
where Vi

distribution B;; takes positive probability pi(";.). Dimension of

k=1,..,m;; are vectors on which the

vector v;; and cardinality of support set m;; are not
necessarily similar in different distributions of a signature.
Distance between two signatures B; and B; which shows their
dissimilarity is computed by summation of squared distances
between individual distributions

da
D(B:B) = ) D?(BiyB;) ©
=1

where d is the number of distributions a signature contains
and D(B;;, B;;) measures dissimilarity of two distributions.
As we will describe in the next section, we use mallows
distance similar to [16]. The aim of D2-clustering algorithm is

to find a set of prototypes A = {an};n:l for a signature set
B = {B;}-, regarding the following optimization function
n
L(B,A") = mAmZ . ggl}lr}ﬁD(Bi.an)- (7
i=
This optimization function selects a prototype set A* which
minimizes the distance between each signature to its nearest

neighbor prototype. Full algorithm for finding this prototype
set is presented in [16].
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(a) Initial frame

(b) Partial occlusion (c) Full occlusion

Fig. 1. Detection of partial and full occlusion using Mallows distance
IV. D2-TRACKING

In this section, we completely illustrate our object tracking
algorithm. As stated before, all templates are represented by a
discrete distribution. In [16] segmentation is used to obtain
regions and probabilities are extracted from each region
separately. In [3], histogram of intensities is considered as a
discrete distribution. In this paper, we first convert the color
space of input frame to HSV. Then, H (hue) histogram of
template is computed by quantizing the hue value into 32 bins.
Each pixel of template lies in a bin and finally histogram is
normalized. This histogram is considered as a discrete
distribution which assigns a probability to each bin. The
average of hues that can lie in a specific bin is taken as the
value of that bin. Instead of using histograms to measure the
similarity of templates, we take into account their distribution
distance by Mallows distance. Using mallows distance has
two advantages:

1) Each bin of histogram is compared with all the bins of the
other histogram and dissimilarity between each pair of bins is
taken into account

2) Each bin takes part in the total distance calculation of
histograms with respect to its probability so that bins with
higher probabilities play greater roles than those with lower
probabilities.

In the first frame, discrete distribution of the object is taken
as the model. In the next frame, discrete distributions of all
target candidates are computed and the template having lowest
distance to current model is selected as the object. Then,
before updating of the model with new template, occurrence
of occlusion is investigated. If the distance between model and
template is greater than a threshold, then we can conclude that
occlusion has occurred and the model is not updated. Fig. 1-a
shows first frame of Face sequence. Fig. 1-b and Fig. 1-c
show partial and full occlusion, respectively. In this example,
the Mallows distance between template and model became 7
for partial occlusion and this distance has increased to 80 in
full occlusion. In frames that no occlusion has occurred, the
distance is between 0 to 5. Under the conditions that the
distance is higher than 5, we are confident that partial or full
occlusion has occurred and the model is not updated. If there
is no occlusion in the current frame, model will be updated.

To have an adaptive model, it should be updated using
object in the current frame. In addition, to avoid drifting it
should use the target information in the first frame.
Distribution of the model as well as object in the first frame
and current frame are given as input to D2-clustering
algorithm. This algorithm returns a distribution which is used

(b) Adaptive model (c) Constant model

Fig. 2. Effect of updating on results

() Drift problem
Fig. 3. Effect of first frame on updating

(b) Proposed method

(a) Initial frame

as the appearance model for finding object in the next frame.
Fig. 2 represents the difference between a constant model and
an adaptive model. Fig. 2-a shows the first frame form Girl
sequence. Fig. 2-b shows the result of our proposed method on
frame number 37 and Fig. 2-c shows the result of our method
without updating of the model (offline). As depicted, by
changing the appearance or size of the object, offline method
fails to track while online case continues to tracking.

Fig. 3 depicts the importance of first frame in updating of
the model in our proposed method. Fig. 3-a shows the first
frame of Basketball sequence and Fig. 3-b shows the result of
our method which uses the first frame in each update. In Fig.
3-c only the current frame is used for updating of model and
the drift problem causes failure on frame number 133. In
experimental results, we show that our method can handle
both situations using the first frame and current frame
distributions in each update. In the other word, the model is
updated frame by frame by considering the fact that it doesn’t
forget the first frame distribution. Algorithm 1 illustrates the
whole process of our tracker.

V. EXPERIMENTAL RESULTS

In this paper, we modeled the object using a signature with
one distribution. As described in [16], a signature can contain
more than one distribution and all its distributions can be
updated using D2-clustering algorithm separately. As a result,
we could use hue, intensity, edge, and other distributions
simultaneously. In our implementation each hue histogram
contains 32 bins.

In Algorithm 1, the Occlusion_Threshold represents the
occurrence of occlusion. In our implementation, this threshold
is set to 5 for all experiments. The number of particles and the
variance of state variable are also the parameters that should
be determined. Our experiments represents that 100 particles
are enough for robust tracking. Increasing the number of
particles can lead to better results with the expense of
decreasing in speed of tracker. Variances of x and y showing
position of the target, are set to 3 for all experiments Face
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Algorithm 1 Online D2-Tracking
Inputs: Number of particles, Target location in the first frame
Initializations:
distribution[0] = hue distribution of the target in the first frame.
Set all particles state in the first frame {xX}¥_, to state of the target in the
first frame
{(miYe=1 = 1/K
Transmit() updates particle states as described in section 2.
Dist() returns Mallows distance between 2 distributions
D2-clustering() returns a distribution with respect to input distributions
as described in sextion 3.
l:fort =1toT do
2: fork =1toK do
xf = Transmit(xk ;)
distribution[k] = hue distribution of particle x}
distance[k] = Dist(model, distribution[k])
¥ = exp(—distance[k])
end for
index = Argmaxmf

k
If distance[index] < occlusion_Threshold
0:  model =
D2clustering(model, distribution[0], distribution[index])
11: Endif
12: Output x{™?* as object state in i*® frame
13: end for

=9 RN RWw

sequence in which it is set to 1. Although variance of scale is
set to 0.1 in all experiments, maximum and minimum scale of
particles height and width are restricted. In videos that target
scales too much, the size of particles is allowed to change
more than the videos in which the size of target remains
constant. D2-clustering algorithm needs an initial distribution
to start its optimization. We consider the model that we want
to update as the initial distribution of D2-clustering in each
update. In order to compute Mallows distance, we used the
code developed by Rubner [18].

We compared our algorithm with different types of

trackers. We selected the offline fragment-based tracker
(FragT) [3] and the online incremental visual tracker (IVT) [8]
as generative algorithms. Among online discriminative
algorithms, the online boosting tracker (BoostT) [7], semi-
supervised tracker (SemiT) [12] and multiple instance learning
tracker (MIL) [14] were selected. The codes of authors were
used to compare these methods with our method. Videos
which contain challenging scenarios such as appearance
variations, illumination changes, occlusion, etc. were also
selected to determine the robustness of algorithms.
Table 1 illustrates the speed of our tracker in comparison with
other methods. In all videos, the speed of our tracker is in the
second rank after MIL tracker. The average speed of D2-
tracker is 23.6 frames per second so we can consider it as a
real time tracker.

Table 2 shows the quantitative evaluation of our method
which depicts the average center error of different trackers.
Our algorithm outperformed the other trackers in 4 videos. In
2 videos, our tracker acquired the second rank with 7 and 9
pixel errors to the best algorithms. The most important point
in this table is the average error in the last row in which our
algorithm has the best performance. Some algorithms perform
well on one or two videos but the average error determines the

TABLE 1. SPEED OF TRACKERS (FRAMES PER SECOND)

Video FragT | IVT BoostT SemiT | MIL D2-
Tracker
Average | 30 | ¢ 108 69 | 669 | 236
Time
TABLE 2. AVERAGE PIXEL ERRORS OF TRACKERS
. . D2-
Video FragT | IVT | BoostT | SemiT | MIL
Tracker
Basketball 78 24 156 149 139 13
Trellis 41 59 96 73 65 14
Face 17 21 17 28 16 15
Girl 20 49 29 19 16 16
Redteam 43 38 24 11 38 20
Singerl 25 9 120 40 194 16
Average 37.3 33.3 73 53.3 78 15.6

most robust algorithm having an acceptable performance on
all challenging videos. For example, IVT and SemiT show
best results on Singerl and Redteam respectively but the
average error distances of these methods are 2 times greater
than ours. In qualitative evaluation, we selected three
algorithms with best performances from Table 1 and
compared our tracker with them. Below, we mention detailed
discussion of the video sequences.

Fig. 4 represents the results on Basketball sequence
presented in [10] which contains challenges like partial
occlusion, cluttered background, and fast motion. Our method
tracks the object better than other algorithms with the average
of 13 pixel errors to the ground truth. As illustrated in the
second row of Fig. 4, FragT and MIL track other players
because their shirt color is very similar to the target
(background clutter). IVT Performs better than FragT and
MIL but it fails to track the object in some frames of the
sequence.

Trellis or David-outdoor video [8] is one of the most
challenging videos in which object undergoes appearance
variations and pose changes. Although, in general, online
algorithms perform better than offline ones in videos with
appearance changes, FragT which is an offline generative
algorithm outperformed all online algorithms except D2-
Tracker. The main reason is the drift problem in update
procedure of online algorithms which makes failure. As
depicted in Fig. 5, our tracker performs well in this video
because of avoiding drift problem when updates the model.

Both of Face and Girl sequences contain partial and full
occlusion challenges. In Face sequence [3], target remains
constant and all the tracking algorithms have acceptable
results as shown in Fig. 6. We conclude from the first row of
the Fig. 6 that our tracker (D2-tracker) can detect the un-
occluded parts of the target in partial occlusion situations. The
other trackers specify some parts of the book as the object in
each frame. In Girl sequence [19], in addition to challenges
such as partial and full occlusion the object moves fast. In Fig.
7, frames 115 and 251 show the target after two full
occlusions. In both frames, our tracker found the object
immediately. Consequently it is more accurate than other
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CHSI3IVT #696 IVT " #513 FragT

e o

#696 FragT #513 MIL #696 MIL

Fig. 4. The tracking results of the Basketball sequence: Our proposed method (rowl) in comparison with IVT, FragT, and MIL (row2).

#361 FragT #416 FragT #361 IVT

#416 IVT #31 MIL #416 MIL

Fig. 5. The tracking results of the Trellis sequence: Our proposed method (rowl) in comparison with FragT, IVT, and MIL (row2).

#287

#1

#287 MIL

#4386 MIL #287 BoostT

Fig. 6. The tracking results of the Face sequence: Our proposed method (row1) in comparison with MIL, BoostT, and FragT (row2).

methods.

The main challenge in Redteam and Singerl sequences is
the variation of object size. In Redteam [20] the goal is to
track a car which its size changes through the sequence. We
ignored the first 399 frames and considered frame 400 as the
first frame of the sequence. Fig. 8 shows our tracker results in
comparison with other methods. In our method particles use
scale parameter in their state. Therefore, tracker can find the
best size of the object in each frame. Singer1 sequence [10] is
another example showing that our algorithm is robust with
respect to object size changes. Fig. 9 represents the tracker
results on this sequence which contains illumination variations
and object size changes. Results show the robustness of our
tracker in handling these challenges.

#486

#486 BoostT #287 FragT #486 FragT

VI. CONCLUSION

In this paper, we presented an online generative tracking
algorithm called D2-tracker. The appearance model is
template color distribution which is updated in each frame.
Our update procedure is based on D2-clustering algorithm. In
updating, we avoid drifting by using the target distribution in
the first frame and keep the algorithm adaptive by using the
target distribution in the last processed frame. These two
distributions as well as the current model are the inputs to D2-
clustering algorithm. As a result, the output will be the
updated model. Using real time D2 tracker can significantly
improve tracking an object under the conditions involving
challenging scenarios such as illumination variations,
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#115
(a) Our proposed method

#251

#251 MIL #251 SemiT

(b) Comparison with other methods

#251 FragT

Fig. 7. The tracking results of the Girl sequence: Our proposed method in comparison with MIL, Semi, and FragT.

#400 #1088 41684

(a) Our proposed method

#1088 SemiT

#1088 BoostT
(b) Comparison with other methods

#1088 MIL

Fig. 8. The tracking results of the Redteam sequence: Our proposed method in comparison with SemiT, BoostT, and MIL.

#145
(a) Our proposed method

#250

(b) Comparison with other methods

FragT

i = l
i J—

#145 SemiT

#145 IV"l; #145

Fig. 9. The tracking results of the Singerl sequence: Our proposed method in comparison with IVT,FragT, and SemiT .

appearance changes, partial and full occlusion etc. in
comparison with the existing algorithms.
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