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Abstract—This paper presents a particle filter for multiple
target tracking. The main contribution of this work is in the
proposed likelihood function accounting for the interactions
between the objects. The filter likelihood function is calculated by
combining a social force model for human behaviour with image
features such as colour and motion. The added social force model
contributes to coping with occlusions between the objects. The
performance of the developed algorithm is validated on real video
data. The results demonstrate the algorithm accuracy during
complex interactions between the objects.
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I. INTRODUCTION

Multi-target tracking generally has many applications, such
as surveillance, intelligent transportation, submarine tracking,
animal tracking behavioural analysis, human computer inter-
facing and many more [1], [2]. It is a very challenging problem
and enormous efforts have been made in the recent years to
solve it [3], [4], [5], [6], [7], [8].

Most of the existing multi-target tracking techniques focus
on improving the tracking efficiency with the help of efficient
association of available data to the targets. This is achieved
either by exploring hard assignment techniques [9], [8], [3],
[10], [11] or soft assignments, for instance [12], [13], [14].
Other efforts propose improvements with improved detectors
for specific objects [15] or better appearance models.

Many 2-D multiple tracking systems rely on the appearance
models of people. For instance [16], [17] use the kernel
density-based approach while [9] uses colour histograms,
gradients and texture models to track human objects. These
techniques use template matching which is not robust to
occlusions because occluded parts of the targets can not be
matched. They perform an exhaustive search for the desired
target in the whole video frame which obviously requires much
processing time.

Motion of every target can be influenced by the presence
of the other targets around. The social behaviour of targets
and how they react when they come close to other target has
been exploited for predicting the locations of targets. Different
dynamic models have been proposed in the literature for
modelling dynamics of targets. These models can be divided

in to two different categories, macroscopic and microscopic
models [18]. Macroscopic techniques focus on the dynamics of
the whole crowd. Microscopic models deal with the dynamics
of every individual target by taking into account the behaviour
of every single target and how they react to the movement of
other targets and static obstacles.

An example of microscopic models is social force model
[19]. The social force models can be used to predict the
motion of every individual target by keeping into account the
repulsive forces from other targets and static obstacles, and
driving forces which guides the target towards a certain goal.
A modified version of social force model is used in [20] for
modelling the movements of targets in the non-observed area.
However, it assumes that all the targets maintain a constant
speed during the non-observed areas and that there are no
interactions between targets.

Another microscopic dynamic model is proposed in [21]
which differs from the social force model [19]. Instead of
modelling the targets with the help of current locations it
predicts the new locations and uses these locations to find the
optimal velocity of the targets.

The existing social force model based tracking algorithms
incorporate the social behaviour of targets into dynamic
models. In the case of Bayesian tracking, these models are
used to enhance the prediction stage. However, these social
behaviours of targets have not yet been used to improve the
data likelihood. This paper proposes a method for calculating
the data likelihood function for efficient tracking of multiple
targets. The developed technique exploits the social behaviours
of targets along with motion and colour cues for evaluating
the data likelihood. The improved likelihood model is used in
the particle filters for efficiently evaluating the weights of the
particles. This helps in overcoming the complex interactions
between targets, especially, during partial and full occlusions
when the measurement for the occluded targets is not available.

The paper is organised as follows: Section 2 describes the
problem formulation while the Section 3 explains the proposed
social force model, colour and motion cues based likelihood
model. Experimental results are discussed in Section 4 and
conclusions and possible future directions of the proposed
work are presented in Section 5.



II. PROBLEM FORMULATION

The goal of the proposed multi-target tracking algo-
rithm is to track the state of N targets. The state of tar-
get i at discrete time k is represented as (xi

k)
T . where

xi
k = (pi

k,v
i
k) contains the position pi

k and velocity vi
k

information of the ith target at time k. The joint state of
all the targets at discrete time k is represented as Xk =
[(x1

k)
T, . . . , (xi

k)
T, . . . , (xN

k )T]T. Measurements at time k are

represented as Yk = [(y1
k)

T, . . . , (yj
k)

T, . . . , (yL
k )

T]T.

In terms of the Bayesian filtering the tracking problem
can be viewed as a two step process. In the first step we
estimate the current state of every individual target by using
the Chapman-Kolmogorov equation [22].

p(Xk|Yk−1) =

∫

p(Xk|Xk−1)p(Xk−1|Yk−1)dXk−1 (1)

where p(Xk|Xk−1) represents the dynamic model. In the next
step we update the prediction by using the measurements
Yk. This update step corresponds to calculating the posterior
distribution of the current state Xk given the measurements
Yk, i.e.

p(Xk|Yk) ∝ p(Yk|Xk)p(Xk|Yk−1) (2)

where p(Yk|Xk) represents the likelihood model. In the
proposed algorithm we exploit social forces between targets
and different video cues such as colour and motion cues for
estimating the likelihood of measurements

p(Yk|Xk) =

M
∏

j=1

p(yj
k|Xk). (3)

Particle filtering [23] is used in this work to estimate the
posterior distribution p(Xk|Yk). The particle filter represents
the required posterior distribution of a state by a set of random
samples taken from the distribution at a discrete time step.
These random samples are assigned weights and the estimate
of the posterior distribution is computed on the basis of these
samples and their associated weights. This can be described
by the following equation

p(Xk|Yk) ≈

Ns
∑

s=1

ws
kδ(Xk −Xs

k) (4)

where Xs
k is the sth sample and ws

k is the associate weight,
Ns is the total number of samples and δ(·) is the delta
function. As a first step of the particle filter based tracking
we predict Ns samples using a motion model. The existing
tracking algorithms exploits the social forces between targets
to improve this prediction stage. Algorithm proposed by [21]
uses the social behaviours of targets to improve this prediction
stage. However, a two-dimensional motion of a moving target
can also be described by simple constant velocity model [24].
In the second step we assign weights to every particle by using
the following equation

w(Xs
k) = wc(Xs

k)w
m(Xs

k)w
f (Xs

k) (5)

where wc(Xs
k), w

m(Xs
k) and wf (Xs

k) represent the weight
assigned to sth particle by using, colour and motion cues,
and social force model, respectively. Section III provides the
detailed description of how these weights have been calculated.

In the final step of the particle filter based tracking we
update the prediction by using equation (4).

III. LIKELIHOOD MODEL

In this work, we calculate the weights for every particle
by using two video cues: colour and motion, and social force
model.

A. Colour Cue

At every time step k, for every target i we create a

measurement histogram H
i,s
k for a small patch from the

video frame selected according to its predicted state x
i,s
k .

The Bhattacharya distance [25] is then calculated between the
measurement histogram and the reference template histogram
Hi

ref

d
i,s
k (Hi

ref ,H
i,s
k ) =

√

1− ρ(Hi
ref ,H

i,s
k ) (6)

where, ρ(Hi
ref ,H

i,s
k ) is the Bhattacharyya coefficient

ρ(Hi
ref ,H

i,s
k ) =

G
∑

g=1

√

H
i,g
ref ,H

i,s,g
k (7)

where G represents the number of histogram bins and we have
used 16× 16× 16 colour histograms bins.

The Bhattacharya distance is further used to calculate the
measurement likelihood with respect to the colour histograms.

wc(xi,s
k ) ∝ exp

(

−
d
i,s
k (Hi

ref ,H
i,s
k )

2Σ2

)

(8)

where Σ is the measurement noise.

B. Motion Cue

Colour cues are efficient in detecting targets when targets
are prominent in the video, however, they may fail in certain
scenarios for instance, when targets are partially occluded or
smaller in size. Motion cue can help in measuring other aspects
of the video. The basic idea is to detect the moving objects
in the video frame. The second weight in equation (5) i.e.
wm(xs

k) is calculated on the basis of the motion cues, which
provides more robustness to the data likelihood.

In the most crude form of the motion detection, frame
difference between the successive frames is calculated. In this
proposed algorithm, for motion cue we calculate the frame
difference as a first stage. We denote the frame difference of

frames at time index k and k − 1 as Ŷk. At the second stage
we calculate a measurement histogram for these measurements
with respect to the predicted state. For target i which is

represented by the state x
i,s
k , the histogram is denoted as

Ĥ
i,s
k . We then calculate the Bhattacharya distance between the

reference histogram and the measurement histogram calculated
according to the predicted state by sth particle. A detailed
description of motion cue calculation can be found in [26].



C. Social Behaviour cue

Given the current state at time index k−1, the next state at
time index k is predicted by using the state transition model.
The state model predicts Ns particles to construct the state
distribution at time step k. This section explains how we have
exploited the social behaviour of humans to assign weights
to the particle predicted at the prediction stage of the particle
filter.

Due to the missing measurements during partial and full
occlusions, the colour and motion cues may fail in such
scenarios. The proposed method which is based on the social
behaviours of humans enhances the robustness of the overall
likelihood model.

The movement of every target i can be influenced by the
presence of the set of other targets. In practice, every target
tries to avoid collision with every other target. Therefore, there
is an unseen repulsive force being applied on every target
which forces it to maintain a minimum distance from other
targets.

This human behaviour is translated into a weight assign-
ment procedure for predicted particle. The third weight in
equation (5) i.e. wf (Xs

k) is calculated by exploiting this social
behaviours.

If we assume that at time step k for sth particle the target

i has the predicted position p
i,s
k and its neighbouring target

j has the predicted position p
j,s
k then the distance between

predicted positions of targets i and j can be defined as

d2ij(k) =‖ p
i,s
k − p

j,s
k ‖2 . (9)

The unseen force between targets is inversely related to
the distance between them. If the distance decreases this force
increases. Keeping this fact in mind, the distance between the
predicted locations of targets is used to assign weights.

At every time step k, for every particle s we calculate the
distance between every target i from every other target j. The

weight wf (xij,s
k ) for target i with respect to target j assigned

to the sth particle is calculated as

wf (xij,s
k ) = exp

(

−d2ij(k)

2σ2

d

)

(10)

where σd controls the distance of a target to be avoided. The

overall weight wf (xi,s
k ) for ith target is a weighted sum of

weights calculated with respect to every other target r 6= i

wf (xi,s
k ) =

∑

r 6=i

girw
f (xir,s

k ) (11)

the parameter gir represents the influence of each target (r 6= i)
in the the overall weight for target i. This is defined as

gir = exp

(

− ‖ pi
k−1

− pr
k−1

‖2

2σ2
w

)

(12)

where σw defines the radius of influence of targets. Weights
for every target is calculated in a similar fashion. This weight

wf (xi,s
k ) which is calculated with the help of social behaviour

cue along with the weight due to motion and colour cues is
used in equation (5) to evaluate the overall weight for particle
s.

This completes the description of the likelihood model.
Algorithm 1 describes the overall proposed tracking algorithm.
The next section presents the detailed tracking results and
performance comparison of the proposed method with the
technique due to [27].

Algorithm 1 Proposed tracking algorithm

[Xs
k,w

s
k]

Ns

s=1 = PF[(Xs
k−1,w

s
k−1)

Ns

s=1,Yk,Href ]

1: for k = 1 : T do
2: Calculate the frame difference difference between k and

k − 1
3: for s = 1 : Ns do
4: for i = 1 : N do
5: Draw x

i,s
k using p(xk|x

i,s
k−1) by using constant

velocity model of equation (13)

6: Calculate the H
i,s
k

7: Calculate the Ĥ
i,s
k

8: Calculate weights wc(xi,s
k ) according to equation

(8)
9: Calculate weight wm(xi,s

k ) according to the motion
model explained in Section III-B

10: end for
11: for i = 1 : N do
12: Evaluate distances according to equation (9)

13: Evaluate weights wf (xi,s
k ) according to equation

(11)
14: Evaluate overall w(Xs

k) weight according to equa-
tion (5)

15: end for
16: end for
17: Calculate the Total weight: t = SUM [ws

k]
NS

s=1

18: for s = 1 : Ns do
19: Normalize: wi

k = t−1ws
k

20: end for
21: Update states according to equation (4)
22: Resample the particles
23: end for

The developed social behaviour based likelihood model
only considers the repulsive forces between targets. However,
this work can easily be extended by considering other be-
haviours of targets, for instance repulsive forces from static
obstacles such as wall, driving forces which force targets to
move towards their desired destination and steering mecha-
nisms [21], [18]. Overlapping and oscillation phenomenons
[18] can also be included in the proposed likelihood model.

IV. EXPERIMENTAL RESULTS

The algorithm is evaluated by tracking humans in a video
recording taken from the AV16.3 corpus [28] available at
http://glat.info/ma/av16.3/. To examine the robustness of the
algorithm to close interactions and occlusions one of the
most complicated sequence from the corpus is selected. To
investigate the performance of the proposed technique, results
of the proposed social force model based particle filter are
compared with [27].

The test sequence is recorded at a resolution of 288 ×
360 pixels at 25Hz showing three people moving in a room
environment in a close arena.



Particle size Ns = 60 is used for the particle filter. Filter
requires a manual initialisation of targets when they first enters
the tracking region.

For every target in the video, we predict its location
by using a dynamic modal. A two-dimensional motion of a
moving target is predicted by using the constant velocity model

x
i,s
k = Tx

i,s
k−1

+ ϑk (13)

where ϑk is the system noise and the matrix T is defined as

T =

[

1 t 0 0

0 1 0 0

0 0 1 t
0 0 0 1

]

and t is the frame sampling interval. Every prediction repre-
sents a particle in the prediction.

Figure 1 shows the tracking results for few of the selected
frames. It shows that with the proposed technique we can
overcome tracking failure which may occur during occlusions.

A technique proposed in [29], [30] is followed in this paper
to evaluate the overall performance of the algorithm with the
proposed likelihood function.

Let Gk = [(g1

k)
T , · · · , (gi

k)
T , · · · , (gN

k )T ]T be the ground
truth at time k ∈ [ks, ke], where ks and ke are respec-
tively the starting and ending points of the observation in-

terval. Each ground truth gi
k = (x̂i

k, Îi) contains the ac-
tual position and identity of the target i. Similarly, Ok =
[(o1

k)
T , · · · , (oi

k)
T , · · · , (oN

k )T ] represents the output of the
tracking algorithm at time k, where each oi

k = (xi
k, Ii)

represents the estimated location and identity of target i. At
every time k the error is defined as

• Missed detection: This corresponds to the targets for
which there is no filter assigned.

• Wrong identification: This corresponds to the targets
which have been given a wrong identity.

• False positive: This corresponds to the filter which is
not assigned to any of the targets.

If it is assumed that mdk, wik, fpk and gtk are respectively
total number of missed detections, wrong identifications, false
positives and ground truths at time k, the errors are calculated
as [30]

MD =
∑

k

mdk

gtk
,WI =

∑

k

wik

gtk
, FP =

∑

k

fpk
gtk

(14)

The accuracy of the algorithm is then calculated as

Accuracy = 1−MD −WI − FP (15)

Table I presents the performance of the over all tracking
results which are achieved with particle filter and the proposed
likelihood function with colour and motion cues and the social
force model. Accuracy of the proposed technique, calculated
according to equation (15) is compared with the technique due
to [27]. The performance results are compiled by using 300
video frames of the AV16.3 sequence compiled with five runs
of the algorithm.

The results show that the proposed algorithm has improved
the tracking results. There is a significant reduction in the

TABLE I. COMPARISON OF PERFORMANCE

Accuracy MD(%) WI(%) FP(%)

Tracking algorithm [27] 73.05 15.11 6.32 5.51
Tracking with proposed likelihood model 80.13 10.85 5.03 3.99

wrong identifications and missed detections which has im-
proved the overall accuracy of the proposed tracking technique.

Precision measures are also calculated to evaluate the per-
formance of the algorithm. Precision of the proposed tracking
algorithm is calculate as a ratio of the to number of correctly
identified pixels in a target patch and the total number of pixels
detected

Precision =
Total no. of pixels correctly identified

Total no. of pixels detected
. (16)
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Fig. 2. Precision results plotted against the frames for target 1.
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Fig. 3. Precision results plotted against the frames for target 2.

The precision results presented in figures 2, 3 and 4 show
the robustness of the proposed algorithm during complex
interactions between targets. The performance of the proposed
algorithm slightly degrades during the complete occlusion
of targets but it recovers well when targets come out of
occlusions.



(a) Frame 124 (b) Frame 225 (c) Frame 278

(d) Frame 288 (e) Frame 320 (f) Frame 326

Fig. 1. Tracking results: it is shown that the proposed tracking algorithm can successfully track a number of targets while handling complex occlusions.
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Fig. 4. Precision results plotted against the frames for target 3.

V. CONCLUSIONS AND FUTURE WORK

A particle filter is developed for tracking multiple targets.
The likelihood function involves a social force model which
helps the algorithm to cope with overlapping objects. The
model is used with a particle filter for tracking multiple
humans. In the proposed algorithm colour and motion features
along with the social forces between human targets are used
to design the measurement likelihood. The proposed algorithm
is tested on real data sets which demonstrates that the pro-
posed algorithm successfully tracked targets during complex
human interactions and an overall performance improvement
is achieved.

This work focused on the development of a new likelihood
model which is used with a particle filter to track multiple
targets. In the current work we have only utilised the behaviour
of targets with respect to the the other the targets, in future

we intend to exploit the social behaviour of targets due to the
static obstacles and the driving forces which force the targets
to move towards the desired destination.
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