Technical Report 2008-003

A Sequential Monte-Carlo and DSmT Based Approach
for Conflict Handling in case of Multiple target Tracking

Yi Sun, Layachi Bentabet
Department of Computer Science
Bishop's University
(ysun053, Ibentabe@ubishops.ca)

Abstract. In this paper, we propose an efficient and robust multiple target
tracking method based on particles filtering and Dezert-Smarandache theory. A
model of cue combination is designed with plausible and paradoxical reasoning.
The proposed model can resolve the conflict and paradoxes that arise between
measured cues due to the partial or total occlusion. Experimental results
demonstrate the efficiency and accuracy of the model in case of tracking with
multiple cue.
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1 Introduction

Visual tracking of moving targets has become one of the primary research issues in
computer science, due to the increasing demand for reliable activity monitoring and
surveillance systems. In order to achieve accurate tracking, several cues have been
explored in the literature. These cues include color histogram, edges, motion, camera
geometry (field of view), or velocity. As pointed out by [1], individual cue can
potentially fail or provide paradoxical interpretations due to the occlusion problem in
cluttered scenes and the changes in the illumination which are unavoidable in the real
world. Numerous methods suggest the use of multiple cue to increase visual
robustness in cases of complex scenes. The integration of the extracted cues into an
object representation has been performed using probabilistic methods [1][2] as well as
non-probabilistic methods [3]. With a knowledge of a priori distributions and
conditional probabilities, the probabilistic methods, and especially the Bayesian
inference, offer the most complete, scalable and theoretically justifiable approach for
data fusion. However, in real complex scenes such complete knowledge is difficult to
obtain due to high occlusion, background clutter, illumination and camera calibration
problems. In [4], an alternative approach is proposed for data fusion; namely the
Dempster-Shafer (DST) theory. DST theory does not require the knowledge of prior



probabilities. The uncertainty and imprecision of a body of knowledge are represented
via the notion of confidence values that are committed to a single or a union of
hypotheses. The orthogonal sum rule of DST theory allows the integration of
information from different sources into a single and overall representation.
Unfortunately, Bayesian inference and Dempster-Shafer theories lack to provide an
interesting manner of modeling conflicts and paradoxical interpretation arising
between the difference information sources. The Bayesian inference assumes that all
sources provide bodies of evidences using the same objective and universal
interpretation of the phenomena under consideration; therefore, it cannot handle
conflicts [5]. In most practical fusion applications based on DST theory, ad-hoc or
heuristic techniques must always be added to the fusion process to manage or reduce
the possibility of high degree conflict between the sources. Otherwise, the fusion
leads to inaccuracies or cannot provide a reliable result at all. To overcome these
limitations, a recent theory of plausible and paradoxical reasoning has been developed
in [5]. The Dezert-Smarandache Theory (DSmT) can be considered as a
generalization of the DST theory. In this paper, we propose a sequential particles filter
approach for multiple target tracking using multiple cue. The different cues are
combined using the DSmT theory. If the targets are partially or completely occluded,
the conflicts and paradoxes that arise between the measured cues are assessed and
used in the tracking process. The proposed scheme is simple and provides an effective
tracking in cluttered scenes.

2 The Dezert-Smarandache Theory

The Dezert-Smarandache Theory (DSmT) of plausible and paradoxical reasoning [5]
is a generalization of the classical Dempster-Shafer theory (DST), which allows
formal combining of rational, uncertain and paradoxical sources. The DSmT is able
to solve complex fusion problems where the DST usually fails, especially when
conflicts between sources become large. In this section, we will first review the
principle of the DST before discussing the fundamental aspects of the DSmT.

2.1 Principle of Dempster-Shafer Theory

The DST makes inferences from incomplete and uncertain knowledge by combining
additional sources of confidence, even in the process of partially contradictory
sensors. The DST contains the Bayesian theory of partial belief as a special case. In
the DST, there is a fixed set of mutually exclusive and exhaustive elements, called the
frame of discernment, which is symbolized by ® = {6, &,..., 6\}. The frame of
discernment @ defines the propositions for which the sources can provide confidence.
Information sources can distribute mass values on subsets of the frame of
discernment, A; € 2°. If an information source can not distinguish between two
propositions A; and A;, it assigns a mass value to the set including both hypotheses
(AjuAy). The mass distribution for all hypotheses has to fulfill the following
conditions



0<m(A)<1
m(¢) =0

D m(A) =1

Ae2°

(1)

Mass distributions m,, m,,..., myq from d different sources are combined with
Dempster’s orthogonal rule. The result is new distribution, m=m; @ m, @ ... & mq,
which carries the joint information provided by the d sources.

d
m(A) =(-K)* {Hmi(m} )

AN.NA=AL =l

where

K= > [ﬁmi(Ai)}.

ANNA=pL i=l

K is a measure of conflict between the sources and is introduced as a normalization
factor. The larger K is, the more the sources are conflicting and the less the
combination has sense. Two functions can be evaluated to characterize the uncertainty
about the hypotheses A. The belief function, Bel, measures the minimum uncertainty
value about A, whereas, the plausibility function, Pls, reflects the maximum
uncertainty value. Belief and plausibility functions are defined from 2° to [0, 1]

Bel(A)= > m(A), Pls(A)= > m(A) @3)

AcA A NA=p

2.2 The Dezert-Smarandache Theory (DSmT)

While the DST considers @ as a set of exclusive elements, the DSmT relaxes this
condition and allows for overlapping and intersecting hypotheses. This allows for
quantifying the conflict that might arise between the different sources throughout the
assignment of non-null confidence values to the intersection of distinct hypotheses.
Let @ = {4, &,..., 6}be a set of N elements which can potentially overlap. The
hyper-power set D® is defined as the set of all composite hypotheses obtained from @
with U and M operators such that
1. 46,6, .., 6D,
2. IfA, B e D® then (AuB)e D® and (AnB) e D°.
3. No other elements belong to D, except those defined in 1) and 2).
As in the DST, the DSmT defines a map m(.): D® - [0,1]. This map defines the
confidence level that each sensor associates with the element of D®. This map

supports paradoxical information, and Zm(A) =1.
AcD®



The belief and plausibility functions are defined in the same way as for the DST.
The DSmT rule of combination of conflicting and on uncertain sources is given by

> m(A) =1 4)
AeD®
and
D
mA)= > []m (A)
A A, .., AjeD® =1 (5)
ANAN.NAg=A

3 Sequential Monte Carlo

Sequential Monte Carlo techniques, also known as particles filtering, were introduced
to track multiple objects in cluttered scenes [6]. In the following, let’s consider X; =
(X1, X2,...,%;) as the state vector (location, size, etc.) describing the target and Z; = (z;,
Zy,..-,Zy) as the vector of measurements (color, texture, etc.) up to time t. The tracking
is based on the estimation of the posterior state distribution p(x{Z;) at each time step.
The estimation is performed using a two step Bayesian recursion. The first step is
prediction,

PO 1 Zes) o [ POX X)Xy 1203 )K, (6)

and the second step is filtering
PO 1Zy) < p(zy [ %) P(X; [ Z,4) ()

This recursion requires the specification of the state evolution p(x|x.1) and a
measurement model linking the state and the current measurement p(zx;). The basic
idea behind the particles filtering is very simple. Starting with a weighted set of
samples

Sy =072 | Zﬂ(”) 6)

which describe target candidates and distributed according to p(X.1|z.1), new samples
are obtained by propagating each sample according to the target’s state model,
p(x{X1). In the filtering step, each sample is weighted given the observation and N
samples are drawn with replacement according to =z = p(z|x). The value given

by E[S,]= Zﬁ(”)s(”) will represent the best estimation of the target. Particles

filtering has proven to be very successful for non-linear and non-Gaussian estimation
problems. The tracking iteration using particles filtering can be summarized as
follows.



Step 1: Select N samples_
Suy ={s. 7} Iimﬁ”ﬁ =1 )
Step 2: Propagate each sample according to
st = A-s +w) (10)

where A is a square matrix defining the determistic component of the target’s motion
model and w") is the random component of the target’s motion model.

Step 3: Observe the samples and calculate 7" .

Step 4: Estimate the mean state of S;

N
E[S,]=Y 7{"s™ (11)
n=1

4 DSmT-Based Tracking

In this section, we describe a general framework for multiple target tracking using
multiple cue. This approach uses the DSmT combinational rule to refer the
information provided by the cues into a single representation. This latter takes into
account the conflicts between the cues that might arise due to occlusion. Let’s assume
that the number of targets,z, and the number of cues, c, are known. Up to time t-1,
each target is associated with a track{#,;};_, . At time t, an image frame is extracted
from the video sequence and a number of measurements are obtained for each target
candidate. Thus, the objective is to combine these measurements in order to determine
the best track for each candidate. It is important to notice that a target candidate, in
this paper, refers to a particle sample. The hyper-power set D® defines the set of the
hypotheses for which the different cues can provide confidence values. These
hypotheses can correspond to: 1) individual tracks &, 2) union of tracks gu...ué,
which symbolizes ignorance, 3) intersection of tracks gn...n@, which symbolizes
conflict or 4) any tracks combination obtained by w and m operators. The confidence

level is expressed in terms of mass function {mf,T) ()}, that is committed to each

hypothesis and which satisfies the condition in (4). Given this framework, mt(vT’(A)

expresses the confidence with which cue | associates particle n to hypothesis A at time
t. According to DSmT combinational rule in (6), a single map function m{™ () can be
derived as follows

m®”(A)=mPOemY()®--em?() (12)



where m{™ (A) is the overall confidence level with which all cues associate particle n

to hypothesis A at time t. Since the target candidates must be associated to individual
tracks, the information contained in compound hypotheses is transferred into single
hypotheses (i.e. single tracks) through the notions of the belief or plausibility
functions

Bel(”(6,)= > m{ (A),PIs”(6;)= > m{(A)
0.cA 0,nA=gp (13)
AeD® AeD®

Where Bel(™ (6,) (resp. PIs{” (6,)) quantifies the confidence with which particle n

is associated to & at time t using the notion of belief (resp. plausibility). The
confidence levels in (13) are not used to determine whether a given candidate is the
best estimate or not of the target, they are rather used to quantify the weight of the
candidate (or particle) as a sample of the state posterior distribution p(x{Z;). The
DSmT-based particles filtering algorithm implemented in this paper is given below.
Step 1: Initialization

- generate N samples S | :{st(‘]’, 7"}y, foreachtargetj=1,...,7
independently, with 7" :ﬁ' Sett=1.
Step 2: Propagation
st = A +wT,
Step 3: Observation (for each particle)_
- Compute {m{{) (A)},for A e D°
- Compute m{’(A) for Ae D® according to (5)
Calculate the particle weight 7" = Bel{”(¢,) (orz{", =PIs{ (6;))

70

R

Normalize the weight: 7" =

Step 4: Estimation
- Targetj=1,...,risgiven by E[S. 1= Z;’r'ri”}s},[". :

Step 5: Resampling (for each target)
- Generate S,; ={s7, 7z}, by resampling N times from S,.; where
p(s® =5 ) =7
Step 6: Incrementing
- t=t+1, gotostep2.

5 Tracking Two Targets Using Location and Color

For two targets, we can define ® as follows



0={0,,6,6 06,} (14)

In (14), 6 refers the first target, & refers the second target and 6, u @, refers

the rest of the scene. Actually, hypothesis 8, U@, can refer the background
information. However, since this latter can change during the tracking, we will refer
to 6, v, as the false alarm hypothesis. Beside, 6, "8, = ¢ due to the possible

occlusion, and 6, mngzﬁforj:l,z.

5.1 The Location Cue

The targets locations at time t-1 are known and given by (X, Y,,,) and
(X412 Yi12) - At time t the probability that a particle s located at
(x{™, y{") belongs to target j=1,2 according to the location information is defined

from a Gaussian pdf as follows

(Xl(,nj) X1, )2 +(y((.nj) “VYi1j )Z

e 20°? (15)

1

Py =
' '\/ZG

where o is a bandwidth parameter. Similarly, the probability that a given particle
does not belong to &, and & is inversely proportional to the distance between the
particle and both targets. Since © is exhaustive, a particle that does not belong to 6,
and 6 do belong to @, U@, . This leads us to the definition of a new pdf, p%,,

which measures the membership of a particle n = 1,...,N to the false alarm
hypothesis

1 I
n) _ 207
Prra = e (16)
\2ro

where o is the bandwidth parameter, dy iS the radius of a circle centered on the
mid-point of targets 1 and 2, and which contains all the particles used for tracking

atthe time t-1, d") is the distance separating particle n and the mid-point.

X - X -
dr, - \/ iy - TRty g o Jozy: )

The mass function of particle n according to its location is given by

(n)

Py
™ a L am
pt,l + pt,z + pt,FA

m{ (6;) = ji=1,2 (18)



(n)

—_— p
(n) _ t,FA
my (6,9 6,) =— . p (19)
pt(,l) + pt(,Z) + pt(,F)A

5.2 The Color Cue

Let’s assume that both target models are known and given by normalized color
histograms{qj(u)}ﬂ‘:l, where u is a discrete color index and m is the number of
histogram bins. At time t, the normalized color histogram of particle st('”j) is given
by{h? (u)}i., . The probability that particle s belongs to target j=1,2 according to
the color histogram is derived from the following Gaussian pdf.

@y

e ¥ =12 (20)

Py =——
' x/ga

where ois a color bandwidth parameter, d7 is the Bhattacharyya distance between
h®(u) and q,(u)attimet

4 = 1- X" h% a, W (21)
Let’s define {qg,(u)}i, as the histogram of the scene from which we subtract
the histogram of targets 1 and 2.
Ura (U) = max{qscene (U) -0 (U) -0, (U),O} (22)

The probability that s belongs to the false alarm hypothesis will be given by

t]

1 (d{)?
pt(,nF)A :\/2— e (23)
o
where
050 = 1= Y (U)ea (W) (24)

The mass functions of particle n according to color can be evaluated as follows

P =12 25
w = (25)

(n)

m;, (ej) =
: (n) (n)

Pii + Pz + Pika



(n)

— Pt Fa
m (6,0 6,) = ——— (26)
b ptl) + pt(Z) + pt(F)A

5.3 The Cue Combination

The combination rule leads to the mass functions m{” () that are defined in table-1

Table 1. Combination rule for color and location

Color Cue
m(n) (@) m(n) (67) mt(,r;_) (v 6,)
° m'? (6,) m™ (6,) m" (6, N6,) ¢
3]
S m (6,) m™ (6, " 6,) m®™ (6,) ¢
5
o JE— -
- mY (6, v é,) ¢ ¢ m{" (6, U6,)
where
m"® (@) =m0 - m{3 (@) @)
m{"(6,) =m{ (6,) - m{3 (6,) (29)
m®" (6, " 6,) =m?(6,)-m? (6,) +m? (6,) - m? (6,) (29)
m®™ (6, U 6,) =m® (6, U a,)-m™ (6, V,) (30)
m™ (¢) = mm@U%XWW%Hmw@»+
(31)

m{3 (6, L 6)(mP (@) + m{P (6,))
Equation (27) is the confldence level with which both cues associate s(") to target
1. Equation (28) is the confidence level with which both cues associate s(”’ to target

2. Equation (29) is the conflict value between the cues for the membership of s(”’ to

target 1 or target 2. Equation (30) expresses the confidence value with which both
cues agree that the particle corresponds to a false alarm. Equation (31) quantifies the
conflict between the targets and the false alarm hypothesis.

The weight of particle s(”) within the posterior p(X{|Z,) distribution, for target j, is
calculated using belief (or the plausibility) function, so that




”t(,nj) — Be|t(n) (9]) — mt(n) (e]) + rnt(n) (91 A 02) , j:1,2 (32)

The generalization of the tracking scheme described in this section to z targets
can be carried out by defining a frame of discernment® ={6,,---,6,,6, v---U 6.},

where ¢, are individual targets and 6, U---w @, is the false alarm hypothesis.

6 Experimental Results

The tracking approach is tested on a cluttered scene with intersecting targets. Two
targets are selected from frame 1 as shown in figure 1. Since the purpose of this paper
is tracking and not the target detection, both targets are selected manually. Each target
is tracked using 20 particles only. An increased number of particles will result in a
smoother tracking, while increasing the processing time. For the sake of clarity, the

person on the right in the first image is denoted target 1 and the person on the left is
denoted target 2.

. T e

Fig. 1. First row: Tracking during the pre-occlusion phase. Second row: Tracking during
the occlusion phase. Third row: Tracking during the post-occlusion phase.

The tracking sequence is divided into three phases. Phase 1 is the pre-occlusion
sequence, phase 2 corresponds to the occlusion sequence, and phase 3 is the
post-occlusion sequence. Tracking in phase 2 is challenging due to the closeness of
the targets, which perturbs the measured cues and might lead to a false identification.



The location cue loses gradually its ability to separate targets 1 and 2 as they converge
to the intersection point. However, the location cue remains a valid measurement
because it is independent from the relative location of targets with respect to the
camera (occluding or occluded). The color cue is extremely sensitive to the occlusion.
During phase 2, target 1 is partially or totally occluded by target 2. As a result, the
color measurement for particles associated with target 1 is corrupted by the presence
of target 2. When the occlusion is total, target 1 disappears from the scene and the
color measurement becomes invalid. The occlusion affects also the behavior of
particles associated with target 2 since the presence of target 1 in its neighborhood
will be interpreted by the algorithm as a rapid change in the background information.
The tracking performances in phase 3 depend on the outcome of tracking during
phase 2. A successful tracking would result on a correct identification; whereas, a
failure would result on a bad identification of the occluded target (target 1). As shown
in figure 1, the approach proposed in this paper accurately identifies the targets during
the three phases of the tracking. This is due to the effective handling of the conflicting
information provided by the location and color cues during the second phase of
tracking by the DSmT maodel. Figure 2 shows the variation of the average value of the
confidence levels for all particles during the tracking.
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Fig. 2. The variation of: a) m,, (6,), b) m,,(6,n6,), c) Bel,,(6,) for the

occluded target. The variation of : d) mavg(ﬁz),e) m

occluding target

1

avg

(6,1 0,), ) Bely,(6,) for the

N n 1 o n
mavg (61) = _anl mt( ) (91 ) ’ mavg (91 M 62) = WZnﬂ mt( )(01 r\92) 1 and

N

1 on n
Bel,,, (9,) =Wzn:l Bel " (9;) .

The confidence level for the occluded target, m,,, (6;), is high during phases 1

and 3, but it decreases in phase 2 (see figure 2-a). Indeed, in phases 1 and 3 the
color and location cues both agree on the identity of the target. However, in phase 2
the target is occluded and this reduces the confidence value provided by the color

Cue.
During the same phase, the location confidence remains high, which explains the
increase in the conflict, m,,, (6, &,), as shown in figure 2-b. The belief function



Bel,g (61) Is given in figure 2-c. This curve shows the high confidence with

which the target is located despite the occlusion. This is mainly due to the
introduction of the conflict information through the DSmT model. Figures 2-d,
2-e and 2-f show that the effect of the occlusion on the occluding target is small in
comparison with its effect on the occluded target. The existence of such an effect
can be justified by the presence of target 1 in the immediate neighborhood of target
2, which rapidly modifies the color measurement for some particles.

7 Conclusion

In this paper, we addressed the problem of tracking multiple target in a cluttered
scene using multiple cue. Within this framework, we developed a model that
combines the classical particles filtering approach and the novel DSmT theory. A
set of particles is used to track each target. The DSMT model assigns confidence
level values for the membership of each particle. This membership takes into
consideration the conflict between the cues during the occlusion phase, allowing
thus a better tracking. The experimental results demonstrated the effectiveness of
the model in case of multiple target tracking using location and color and its
interest in cluttered scenes. We also showed how our approach can easily be
generalized to deal with additional cues and targets.
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