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Abstract—Dual weight of belief and plausibility have been
introduced to cope with fusion problem of multi-modal features
in observation process within a framework of track-before-detect
visual tracking by particle filter for multiple target. Observa-
tion model consists of dual function of belief and plausibility
corresponding to conjunction and disjunction of multi-modal
features. Each particle has dual weight corresponding to the two
likelihood functions, and the two weights are updated respectively.
Resampling step involves some elaborations consisting of three
steps such that; 1) normalized weights of plausibility are used as
the probability to draw with replacement, 2) uniform value is set
for the weights of plausibility after the draw with replacement,
and 3) weights of belief are adjusted for each particle. The idea
of dual weight has been extended to multiple target tracking
framework with SMC-PHD filter. Performance of the proposed
method has been demonstrated for multiple people tracking over
videos captured by a fish eye camera at ceiling. †

I. INTRODUCTION

Detection methods in vision are now extensively investi-
gated in many aspects such as neural network, support vector
machine, boosting methods of machine learning and so on.
Despite of our willingness to have high performance detector,
there is no perfect detection method even with the aid of such
state-of-the-art techniques. Each technique may have its own
merit and demerit depending on its characteristics. This fact
results that one method may provide a good result in some
sense while it is insufficient in the other sense. On the other
hand, the other method may provide different performance
having another good properties in the other sense. Thus,
it becomes worth to combine several detection methods to
achieve higher performance than the single detector case. We
call this as ”multi-modal features in detection methods”.

Tracking a target in a video is now quite common issue
for research. Particle filters and their variants play important
role for the tracking. There are two major approaches for
the tracking, 1) detection then track, and 2) track-before-
detect. In terms of robustness for detection error, track-before-
detect is suitable for cases with high error rate of detection.
Thus, we are focusing on track-before-detect method with
particle filter in this paper. Also, we are focusing on Sequential
Monte Carlo (SMC) implementation of Probability Hypothesis
Density (PHD) filter for multiple target tracking [1][2].
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Likelihoods that evaluate likeliness of the target object over
the image play significant role in the algorithm of particle filter.
A crucial problem arises here that it is not straightforward how
to combine several likelihood functions with different modes
corresponding to the multi-modal features in detection meth-
ods. Dempster-Shafer theory [3] may provide good properties
for combining multiple detection methods [4] [5] in a context
of evidential data association within a framework of particle
filter [6] with applications to face tracking [7] and multi-modal
traffic tracking [8] including SMC-PHD filter framework [9].

In this paper, we propose a method to combine multi-modal
feature of likelihood with an elaborated framework having dual
weight for particles with respect to belief and plausibility,
which is inspired by Dempster-Shafer theory. Our proposal
is based on a former research of multiple pedestrian tracking
with SMC-PHD filter shown in [10]. Contributions of the
research are to provide a useful algorithm for target tracking
using multi-modal feature for the likelihood evaluation and
to show experimental results for multiple people tracking in
videos recorded by a fish eye camera at ceiling in rooms.

II. PROPOSED METHOD

A. Problem Statement

Let S be a state space for a purpose of target tracking.
Let xk ∈ S be an instance of target state at discrete time k,
where k is a discrete time index having integer value. Motion
of the target is governed by a system model that represents
time evolution of the target state in a probability form

xk ∼ f( x | xk−1). (1)

Let a single observation of environment at time k, be
denoted by Ik. The observation process is supposed to be pro-
viding multi-modal features, which may correspond to several
different sensor devices, algorithms to extract information, and
so on. Typically in visual tracking context, Ik is an image
frame, and several features are extracted from the same image
frame. Let I[m]

k be m-th mode feature obtained from the
observation environment. Pixel value of each mode feature is
assumed to be a scalar, i.e., gray scale image is assumed for
each mode feature.

Note that each image I consists of array of pixels, and
each pixel is identified by its location of horizontal and vertical



offsets denoted by u and v respectively. Thus a pixel at the
location (u, v) is denoted by I(u, v). We may omit the notation
of pixel location for the sake of simplicity in the followings.

Observation model provides a method to evaluate like-
lihood of an image frame. Here, the observation model is
denoted in abstract form by

Ik ∼ h( I | xk). (2)

There are two major ways to fuse the multi-modal features in
observation, i.e., conjunctive manner and disjunctive manner
such that

h( Ik | xk) = h( ∧
m

I[m]
k | xk), (3)

h( Ik | xk) = h( ∨
m

I[m]
k | xk). (4)

In eq.(4), ∧ is minimum operator and ∨ is maximum operator
of the pixel values in gray scale, where the minimum or
maximum operation is taken over the pixels at the same
location (u, v) of each image indexed by m.

Alternatively, evaluated results of likelihood can be com-
bined in conjunction manner

h( Ik | xk) = Π
m

h( I[m]
k | xk) (5)

and disjunction manner

h( Ik | xk) = Σ
m

h( I[m]
k | xk). (6)

A problem will arise in the use of these two likelihoods
in conjunction and disjunction manners as described below.
Use of conjunction likelihood would be too strict for mutual
occurrence of different mode features in some cases and it
leads to true negative of target detection / tracking. On the
other hand, use of disjunction likelihood would be too lenient
for the mutual occurrence of different mode features and it
leads to false positive of target detection / tracking.

To cope with the fusion problem of the multi-modal fea-
tures in observation described above, we regard the conjunction
likelihood in eq.(3) and the disjunction likelihood in eq.(4)
as belief likelihood and plausibility likelihood, respectively.
Then, we introduce dual weighting for each particle in a
framework of particle filter, corresponding to the conjunction
and disjunction likelihoods. The dual weight can be recognized
as a similar uncertainty appearing in Dempster-Shafer theory
as a pair of belief and plausibility, in which additive property of
probability measure has been relaxed to monotonicity leading
to be more general uncertainty than probability theory.

B. Dempster-Shafer theory

Dempster-Shafer theory provides more flexible represen-
tation of uncertainty compared with probability theory by
relaxing additive property in probability to monotonicity prop-
erty. The relaxation leads to dual representation of uncertainty
by belief and plausibility since the complementarity property
does not hold. Thus, we need to deal with two degrees for
uncertainty, belief and plausibility, as defined below.

In terminology of Dempster-Shafer theory, S is called as
”a frame of discernment” and it is assumed to be a discrete
set with finite elements. A function m() : 2S 7→ [0, 1],

called ”basic mass assignment” (also called ”basic probability
assignment”), is introduced as a basis of the measure, which
has two properties

m(∅) = 0 (7)∑
A⊂S

m(A) = 1. (8)

Subset A ⊂ S having positive (non-zero) basic mass assign-
ment, namely m(A) > 0, is called ”focal element”. Note
that the summation in eq.(8) is sufficient to take only over
the focal elements. In Bayesian case, all focal elements are
”singleton”, which is a set having only single element of a
frame of discernment S.

Based on the basic mass assignment, ”belief” is defined by

Bel (X) =
∑
A⊂X

m(A) (9)

and ”plausibility” is defined by

Pl (X) = 1 − Bel
(
X̄

)
(10)

for X ⊂ S . Note that in Bayesian case, i.e., with additive
property, belief and plausibility are equivalent and they are
reduced to ”probability” Pr(), such that Bel (X) = Pl (X) =
Pr (X).

Dempster’s rule of combination provides a facility to
combine two belief information. In Bayesian case, i.e., with
additive property, the two belief information correspond to
prior information and evidence (observation, likelihood) infor-
mation and the resulting information corresponds to posterior
information.

Dempster’s rule of combination is formed by basic mass
assignments. Non-normalized version of Dempster’s rule of
combination is defined by

m̃1,2(X) =
∑

A∩B=X

m1(A)m2(B) (11)

where summation is taken over all focal elements A for
m1() and B for m2(). Then, definition of Dempster’s rule
of combination is

m1,2(X) =
m̃1,2(X)

1 − m̃1,2( ∅ )
. (12)

C. Solution to the Problem

Although Dempster-Shafer theory is well established and
includes Bayesian theory as a special case, it is not straight-
forward to use for practical applications along with state space
modeling and state estimation. Crucial point of Dempster-
Shafer theory is its basis on discrete and finite set, which is
called ”a frame of discernment”. On the other hand, many prac-
tical applications with state space modeling have continuous
set for the state space. Consequently, it is difficult to apply
the Dempster-Shafer theory to such continuous state space
modeling cases.

To circumvent such difficulties, we propose to use a set of
particles to approximate belief and plausibility simultaneously
by having dual weight of belief w and plausibility w such that{(

x(i)
k , w

(i)
k , w

(i)
k

)}M

i=1
(13)



where x(i)
k is i-th instance of particle at time k. The set of

dual weighted particles approximates belief as

bel (dxk|I1:k) ∼=
M∑
i=1

w
(i)
k δ

x
(i)
k

(dxk) (14)

and plausibility as

pl (dxk|I1:k) ∼=
M∑
i=1

w
(i)
k δ

x
(i)
k

(dxk) (15)

where δx(i)(dx) is delta unit measure located at x(i), thus it
holds ∫

f(x)δx(i)(dx) = f(x(i)). (16)

Time update procedure for the set of dual weighted parti-
cles begins with draw of new time step’s particles according
to the system model eq.(1) for i = 1, 2, · · · , M

x(i)
k ∼ f( x | x(i)

k−1). (17)

Then, the next step consists of likelihood evaluations with
respect to belief and plausibility follow as

w
(i)
k = w

(i)
k−1 × h( Ik | x(i)

k ) (18)

w
(i)
k = w

(i)
k−1 × h( Ik | x(i)

k ) (19)

Here, we have imposed assumptions for values being in range
[0, 1] on the two likelihood functions. This assumptions lead
to the updated weights being in the range [0, 1] as well by
starting from the weights in the same range.

Resampling step is necessary to incorporate some ideas
and elaborations due to the duality of the weight. In order
to preserve plausibility feature of particles, it is natural to
conduct the draw with replacement according to the weights
of plausibility. After conducting the draw with replacement,
weights of plausibility are set to be uniform value 1/M .
Then, weights of belief should be adjusted due to the draw
with replacement according to the weights of plausibility.
We have several choices on the adjustment such as a) no-
changes (the same value is used), b) difference between belief
and plausibility is preserved, and c) ratio between belief and
plausibility is preserved.

Consequently, the resampling procedure becomes the three
steps as below; 1) conduct the draw with replacement accord-
ing to probability being normalized weights of plausibility. 2)
adjust the weight of belief for each particle according to one of
the strategies among a) no-changes (the same value is used),
b) difference between belief and plausibility is preserved, and
c) ratio between belief and plausibility is preserved. And, 3)
set uniform value, 1/M , for the weights of plausibility.

D. Extension to Multiple Target Tracking

Our proposal to use dual weight of belief and plausibility
in particle filter has been extend to a case of multiple target
tracking. We are based on a method of multiple target tracking
by SMC-PHD filter implementation with integer label to dis-
criminate particle’s belongings to the target has been proposed

in [10]. The extended algorithm has been described here. In
the followings, let ρ be the number of particles per target.

At first, set of particles with dual weight with integer label
at time k is denoted by

Pk =
{(

x(i)
k , w

(i)
k , w

(i)
k , c

(i)
k

)}Mk

i=1
, c

(i)
k ∈ Ck (20)

Initialization at time k = 0 has conducted by setting a null
set for particles P0, leading to singleton with element ’0’ for
the set of integer label C0, and zero value for the number of
particles M0 as

P0 = ∅ , C0 = {0} , M0 ≡ #P0 = 0 (21)

where # denotes an operator to evaluate cardinality (number
of elements, here) of the followed set.

We introduce decomposed notation for the set of integer
label into tracked objects’ part with positive values and the
other with value zero as

C+
k ≡ Ck \ {0} . (22)

For survived particles from previous time step, draw parti-
cles for current time step according to each previous particle
such that

x̃(i)
k ∼ f( x | x(i)

k−1) , i = 1, 2, · · · ,Mk−1 (23)

with integer label inherited from the previous value as

c̃
(i)
k := c

(i)
k−1 , i = 1, 2, · · · ,Mk−1. (24)

For newly emerging target, at first, decide the number of
particles by taking integration of PHD for the new target as

Lk = ρ

∫
DG(x|Ik)dx. (25)

Then, draw the corresponding particles

x̃(i+Mk−1)
k ∼ g( x | Ik) , i = 1, 2, · · · , Lk (26)

with g() being a probability distribution function (p.d.f) of
newly emerging target corresponding to the PHD DG(). Next,
let each particle has zero integer label, which means no
belongings to any target, such that

c̃
(i+Mk−1)
k := 0 , i = 1, 2, · · · , Lk (27)

Finally, set uniform initial weights for belief and plausibility
as

w
(i+Mk−1)
k−1 := 1/ρ , i = 1, 2, · · · , Lk, (28)

w
(i+Mk−1)
k−1 := 1/ρ , i = 1, 2, · · · , Lk. (29)

At this stage, total number of particles becomes

M̃k := Mk−1 + Lk. (30)

Eliminate other targets’ region from the original image for
each target as

Ic
k := Ik ª Rc

k , c ∈ Ck−1 (31)



where the region to eliminate is union of other target’s regions
based on the one-step-ahead prediction x̂b

k|k−1 as

Rc
k =

∪
b∈C+

k−1\{c}

R
(
x̂b

k|k−1

)
. (32)

Next, weights of belief and plausibility are updated using
the corresponding likelihood as

w̃
(i)
k = w

(i)
k−1 × h( c̃

(i)
k , x̃(i)

k ; Ik ), (33)

w̃
(i)
k = w

(i)
k−1 × h( c̃

(i)
k , x̃(i)

k ; Ik ) (34)

for i = 1, 2, · · · , M̃k. Where concise notations for likelihoods
have been used

h( c, xk ; Ik ) ≡ h( Ic
k | x(i)

k ), (35)

h( c, xk ; Ik ) ≡ h( Ic
k | x(i)

k ). (36)

Determination procedure of a new target has been con-
ducted here. For a case of single new target being determined,
we have a set of integer values for the determined target as

Dk := {dk} , dk = maxCk−1 + 1. (37)

Then, we modify the integer label for determined particle, with
the set of indices of the determined particles ID

k , as

c̃
(i)
k := dk , i ∈ ID

k . (38)

Then, the set of integer label is updated as

C̃k := Ck−1 ∪ Dk. (39)

At this stage we have temporary set of particles with dual
weight with integer label as

P̃k =
{(

x̃(i)
k , w̃

(i)
k , w̃

(i)
k , c̃

(i)
k

)}M̃k

i=1
, c̃

(i)
k ∈ C̃k. (40)

Compute sum of weights for belief and plausibility, as a
preparation for the following two steps of determination of
survival of the target and normalization of dual weight,

βc

k
=

∑
j∈

{
i∈M̃k|c̃(i)

k
=c

} w̃
(j)
k , (41)

β
c

k =
∑

j∈
{

i∈M̃k|c̃(i)
k

=c
} w̃

(j)
k . (42)

Determination of survived targets is conducted based on
the criterion for the survival

β
c

k > βS (43)

Normalize dual weight within the same target as

w̃
(i)
k := w̃

(i)
k /βk[c̃(i)

k ] (44)

w̃
(i)
k := w̃

(i)
k /β

k
[c̃(i)

k ] (45)

with concise notation βk[c] ≡ βc
k.

Finally, resampling step proceeds as follows. 1) Conduct
the draw with replacement for the temporary set of dual
weighted particles with integer label in eq.(40) according to
weights of plausibility as probability for the draw. Note that
notation of the drawn set of particles is as in eq.(20). 2)
Adjust the weight of belief by preserving the ratio or difference
between belief and plausibility. When we use ratio, it becomes

w
(i)
k :=

1
ρ
×

(
w̃

(i)
k /w̃

(i)
k

)
(46)

otherwise, using difference, it becomes

w
(i)
k :=

1
ρ
−

(
w̃

(i)
k − w̃

(i)
k

)
(47)

Then, 3) set uniform value, w
(i)
k := 1/ρ, for the weights of

plausibility.

III. EXPERIMENTS

We have conducted experiments on recorded videos by fish
eye camera set at the ceiling of two rooms, a moderate size
room and a large size office room. Here, we call the video
for the moderate size room ”Image-01”, and the video for the
large size office room ”Image-02”.

Our proposed method have been applied to the videos with
two different pairs of likelihood functions of eq.(3) (4) and
eq.(5) (6). Two mode of features have been employed with
two different techniques, 1) object detection by codebook [11]
and 2) subtraction between two successive frames to detect
moving object.

Pixel ratio likelihood has been used as the likelihood
function, i.e., observation model, appearing in eq.(2). The pixel
ratio likelihood evaluates the likelihood by, first, counting the
number of pixels that correspond to the tracking target within
the hypothesized target region given by the state value of each
particle, second, divide the number by the total number of the
pixels within the target region.

State vector in this experiment consists of two subsequent
positions of a target and size of the target region. Square has
been employed as a shape of the target due to its easiness
for image processing. Thus the state vector becomes five
dimensions as

xk = [xk, yk, xk−1, yk−1, sk]T (48)

where xT denotes transpose of the vector x.

System model of single target, whose abstract form has
been shown in eq.(1), is second order linear motion model for
the target position and random walk model for the size as

xk = Fxk−1 + Gvk (49)

As the g() p.d.f of newly emerging target corresponding
to the PHD DG() appeared in eq.(26) we have employed an
uniform distribution over the fish eye image.

Some resulting frames have been shown in Figures 1, 2,
and 3. The most left column (a) displays two mode of features
with red and blue colors, while green color shows removal of
text message written by the camera system. Red color shows
conjunction and blue color shows disjunction corresponding



to eq.(3) and eq.(4). On the other hand for eq.(5) and eq.(6),
red color shows signal by codebook and blue color shows
signal by subtraction between two successive frames. Second
and thrid columns, i.e., (b) and (c) are results of belief and
plausibility shown by squares with different colors and position
of white line on the border corresponding to different objects.
Last column (d) displays all the particles used for the tracking
with the same color of (b) and (c).

By looking the results with comparison between belief
and plausibility, belief provides sufficiently small number of
targets while plausibility may provide larger number of targets
to preserve possibility of the targets. Thus, the proposed
tracker becomes more robust due to plausibility used for
the resampling and more accurate due to belief used for
showing the result. Comparison between two different pairs of
likelihoods of eq.(3) (4) and eq.(5) (6) seems that conjunctive
and disjunctive likelihoods in eq.(3) (4) provide larger number
of squares with smaller regions than the alternative manner
to combine the two modes in eq.(5) (6). Consequently, the
alternative manner to combine the two modes as shown in
eq.(5) (6) are better than that of in eq.(3) (4) at least in this
experimental settings.

IV. CONCLUSION

We have proposed a method to combine multi-modal
feature of likelihood with dual weight for particles with respect
to belief and plausibility inspired by Dempster-Shafer theory
and its extension of the proposal to multiple target tracking
by SMC-PHD filter [10]. Conjunctive and disjunctive man-
ners to fuse multi-modal features obtained from the original
observation (typicall, original image) are combined within the
proposed framework by introducing two weights correspond-
ing to belief and plausibility. Plausibility weights are used
for resampling while belief weights are used for showing
the tracking result. Thus, the proposed tracker becomes more
robust due to plausibility used for the resampling and more
accurate due to belief used for showing the result. Experimen-
tal results for multiple people tracking in videos recorded by
a fish eye camera at ceiling have been demonstrated to show
the performance.
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(a) Input Features (b) Belief mean (c) Plausibility mean (d) All particles

Fig. 1. Tracking Result for Image-01 with eq.(3)-(4) as likelihoods.



(a) Input Features (b) Belief mean (c) Plausibility mean (d) All particles

Fig. 2. Tracking Result for Image-01 with eq.(5)-(6) as likelihoods.



(a) Input Features (b) Belief mean (c) Plausibility mean (d) All particles

Fig. 3. Tracking Result for Image-02 with eq.(5)-(6) as likelihoods.


