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Abstract

Multiple objects tracking is a challenging task. This article presents an algorithm which can detect and
track multiple objects, and update target model automatically. The contributions of this paper as follow:
Firstly,we also use color histogram(CH) and histogram of orientated gradients(HOG) to represent the
objects, model update is realized by kalman filter and gaussian model; secondly we use Gaussian Mixture
Model(GMM) and Bhattacharyya distance to detect object appearance. Particle filter with combined
features and model update mechanism can improve tracking results. Experiments on video sequences
demonstrate that the method presented in this paper can realize multiple objects detection and tracking.
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1. Introduction

Visual object tracking is an important task in the
field of computer vision. It is widely used in motion-
based recognition1, automated surveillance, human-
computer interaction2, vehicle navigation and traf-
fic monitoring3. Object description mainly depends
on the image resolution and available computational
resources. Yilmaz et al.3 gave an important issues
related to tracking including the use of appropriate
image features, selection of motion model and ob-
jects detection.

Color is one of the most widely used appropriate
image features in object tracking as its effectiveness
and efficiency4,5. CH is robust to scale variation, ro-
tation and small changes of form. So it can be used

in many tracking situations,such as partial occlusion
and the form of object is non-rigidity. However CH
is subject to similar color of its background and il-
lumination changes. In view of the shortcomings of
CH other characters,such as texture and contour are
employed to represent the object6. Spatial distribu-
tion of CH is also used to represent the object7. Re-
cently,histogram of oriented gradients(HOG) is em-
ployed to detect and track object 8,9,10. Navneet
Dalal and Bill Triggs8 studied the issue of feature
sets for human detection, showing that locally nor-
malized HOG descriptors provided excellent perfor-
mance relative to other existing feature sets includ-
ing wavelets 11. HOG can represent the edges and
local contours. So it is not subject to color vari-
ation. However HOG also has shortcomings simi-
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lar to other contour and texture features,such as ori-
entation sensitive and not effectively describing the
objects or backgrounds with large smooth regions.
According to the drawbacks of HOG when objects
rotate HOG should be updated in time. We integrate
CH and HOG to achieve mutual complementarities
of the two types of features. However CH together
with HOG can be applied to deal with some ap-
pearance and shape changes to achieve robust track-
ing performance, model update should be taken into
consideration. As in Ref. 12 we also use kalman fil-
ter to do model update.

Deterministic methods localize the tracked ob-
ject in each frame by iteratively searching for a re-
gion which maximizes the similarity measure be-
tween the candidate and the object. Comaniciu et
al.13 employed mean shift algorithm to do object
tracking. Mean shift algorithm is computationally
efficient. However mean shift algorithm may con-
verges to a local maximum, they are also sensitive to
background distracts, occlusions, and objects mov-
ing quikly. Among various of stochastic methods,
Particle filter9,10 is widely used and makes the track-
ing system robust. Hanzi Wang et al.14 proposed
a similarity measure based on Spatial-color mix-
ture of Gaussians appearance model for particle fil-
ters. Peter Dunne and Bogdan Matuszewski15 con-
sidered the choice of particle filter dissimilarity dis-
tance measures and likelihood functions in the con-
text of object tracking in grey scale video. Katja
Nummiaro et al.16 presented the integration of color
distributions into particle filter, which has been typ-
ically used in combination with edge-based image
features. To effectively abate the influence of par-
ticle degeneracy and improve the robustness of vi-
sual tracking Hongwei Li et al.17 proposed a novel
visual tracking algorithm using particle filter with
Gaussian process regression and re-sampling tech-
niques. In Ref. 18 a robust visual object tracking
scheme is proposed that exploits the dynamics of
object shape and appearance similarity. The method
uses a particle filter where a multi-mode anisotropic
mean shift is embedded to improve the initial par-
ticles. Budi Sugandi et al.19 proposed a method
for multiple object tracking based on color features.
Whist Jacek Czyz et al.20 proposed that target detec-

tion and deletion are embedded in the color particle
filter without relaying on an external track initializa-
tion and cancelation algorithm to track multiple tar-
gets. In Ref. 21 the author also used the color parti-
cle filter to realized object tracking, but the global
histogram was replaced by a rough spatial layout
with multi-part color modeling, the author also used
background color model in multiple objects track-
ing. Not all of the tracking system based on color
particle filter employe model update. In Ref. 10 and
Ref. 19 the authors used different methods to real-
ize model update. In Ref. 10 the author introduced
switching probabilistic principal component analy-
sis model to update the templates while in Ref. 19
color histogram was replace by the sum color his-
togram of target and estimate. Some of color particle
filter introduce model update as Ref. 19, but this type
of methods are subject to tracking drift. We intro-
duce kalman filter to do model update. In Ref. 20 the
author proposed multiple objects tracking,the object
was detected based on Bayesian estimation. In this
article we introduce GMM and Bhattacharyya dis-
tance to do the object detection.

The paper is organized as follows. In section 2
CHOG is reviewed. Model update mechanism based
on kalman filter and gaussian model is introduced.
In section 3 object detection and occlusion handling
are presented. Experiments is presented in section 4
and the conclusion is in section 5.

2. Features Extraction and Object Tracking
with Model Update

2.1. Features Extraction

In this section object features extraction and model
update in particle filter tracking system is presented.
Object features described by single cue do not work
well all the time. Many researches have employed
multiple cues for tracking system9,10,14,15,16. In this
article we introduce Hue-Saturation-Value(HSV)
CH to represent the color information and the HOG
to represent the shape information. Hue and Sat-
uration color histogram is batter than RGB color
histogram in describing the color features of ob-
ject with illumination change. In this article we use
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HSV color histogram,each of them is composed of
Nh×Ns +Nv = 8×8+8 bins.

HOG can describe the shape information of ob-
jects. HOG is calculated in gray-scale space as
Ref. 9 described. As SIFT22(Scale Invariant Feature
Transform) we adopt the similar method to obtain
the HOG,whilst we introduce the weighting func-
tion. To increase the reliability of the HOG when
boundary pixels belong to the background,smaller
weights are assigned to the pixels further away from
the region center. The weighting function as:

w = exp(−(i∗ i+ j ∗ j)
/

2∗δ 2) (1)

where i and j is the coordinate of the pixels depend-
ing on the origin which is the center of the compu-
tational domain. δ is the same as the ones which
is used to smooth the image to avoid the affection
of noise. According to the weights the HOG of the
region will be obtained as follow:

Bu
y =

I

∑
i=1

w(xi)δ (b(xi)−u) (2)

where Bu
y represents the magnitude of u directions in

region y. I is the number pixels in the region of y,δ
is the Kronecker delta function,b(xi) is the function
of HOG computed at the pixel xi. Fig.1 shows the
CHOG of different object. To deal with the object
rotation,dominant orientation method is adopted as
Ref. 22. Coarse orientation histogram which is com-
posed of 8 bins as Fig.1 shows. It is used to rotate the
HOG to ensure that the instantaneous dominant ori-
entation is consistent with the reference. After that
HOG composed of 72 bins is calculated as Ref. 9.
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Fig. 1. CHOG of different players.

2.2. Model Update

Adaptive model update mechanism is very impor-
tant for real-time object tracking. Ning Song Peng 23

proposed a novel method to achieve adaptive model
update by kalman filter. As Ref. 23 described we in-
troduce kalman filter to obtain the optimal estimate
of object model,whilst the HOG model is updated
based on Gaussian Model. In the frame of kalman
filter when the object is tracked the description of it
is regarded as observation model while the descrip-
tion of object used in process of tracking is called
current model. Tread off between these models is
made to obtain the candidate model for next frame
tracking. Candidate model is not always suitable,
so a robust criterion to decide whether the candidate
model should be accepted or not is necessary. Con-
sidering two consecutive frames i−1 and i, for each
bin b, model update equations according to kalman
filter as follows: state prediction equations:

p̂i|i−1
b = p̂i−1

b (3)

Variance of prediction error:

qi|i−1
b = qi−1

b +δ 2
w (4)

where the superscript i|i− 1 denotes the prediction
of the frame i based on information of the previous
frame i−1. Gain equation:

mi
b =

qi|i−1
b

qi|i−1
b +δ 2

v

(5)

where δ 2
v is the variance of measurement noise. Op-

timal estimate of pi
b as

p̂i
b = p̂i|i−1

b +mi
b(o

i
b− p̂i|i−1

b ) (6)
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Variance of filtering error:

qi
b = (1−mi

b)q
i|i−1
b (7)

Filtering residual:

ri
b = oi

b− p̂i|i−1
b (8)

At frame i the variance of filtering residuals of all
the bins over the last L frames:

(ri)2 =
1

mL

i

∑
l=i−L+1

m

∑
b=1

(ol
b− p̂l|l−1

b )2 (9)

δ 2
w is estimated:

δ 2
w = (ri)2−δ 2

v −
1
m

m

∑
b=1

qi−1
b (10)

Initial parameters can be obtained as follow24:

δ 2
v = 0.5(r)2,δ 2

w = 0,q0
u = 0.5(r)2 (11)

In order to obtain an more optimal candidate signif-
icance level α was introduced23. Filtering residuals
was supposed as a normal distribution R∼N(µ,δ 2).
t distribution of filtering residuals is described as fol-
low:

t =
r−µ0

s
/√

N
(12)

where s is the square root of the standard devia-
tion, N is the sample number of filtering residuals,
{ri}i=1,2,...N . Null hypothesis H0 : µ 6 µ0 and al-
ternative hypothesis H1 : µ > µ0 is supposed and
they will be determined by the significance level α .
When H0 is true, the t distribution is approximated
by t(N − 1) distribution. According to conditional
probability:

p(re f use H0|H0 is true) = p(
r−µ0

s
/√

N
> cr) = α

(13)
cr = tα(N− 1) is obtained and the critical region is
determined:

t =
r−µ0

s
/√

N
> cr (14)

where µ0 is set to ri according to Eq.(9). So the op-
timal estimation of color histogram as:

p̂i
b =

{
p̂i|i−1

b +mi
b(o

i
b− p̂i|i−1

b ) if accept H0
p̂i−1

b if accept H1
(15)

The HOG of object should be also updated. In
view of the HOG is eight dimension and the sample
numbers with significance level α = 0.1 should be
more than eight,we introduce gaussian model to up-
date the HOG of the object. HOG is represented as
{Bi}i=1,2,...8. We suppose each bins as a normal dis-
tribution, Bi ∼N(µ,δ 2). Bi is regard as a time series
from the frame t0 to tk. According to this the aver-
age µ and covariance δ 2 will be obtained. In order
to avoid the affection of noise the optimal estimation
of HOG as follows:

Bi =
{

β µ +(1−β )Bi if Bi 6 3δ
µ if Bi > 3δ (16)

where β is the learning rate which determines the
rate of object updating, we always choose it as β =
0.1. Up to now the features of the object composted
of color histogram and histogram oriented gradients
are achieved.

2.3. Object Tracking with Model Update

Particle filter is specifically designed for sequential
Bayesian estimation when the system is non-linear
and non-gaussian. We employ the Bhattacharyya
distance to update the priori distribution obtained by
particle filter. Each sample of the distribution rep-
resents the object as X(x,y,s,xp,yp,sp,w,h,x0,y0),
where x, y specify the current location of the object,
xp, yp specify the previous location of the object, s,
sp specify the current scale and the previous scale
of the object, w, h represents the width and height
of the object, x0, y0 represents the original x and y
coordinate.

The sample set is propagated through second-
order autoregressive dynamics model.

Xt = AXt−1 +ωt−1 (17)

where ωt−1 is a multivariate Gaussian random vari-
able, A defines the state estimate matrix. In order to
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make the computation of weight easily,each weight
is defined by wt(k) = cexp(−λρ), where wt(k) rep-
resents the kth particles weight, after all the weights
of particles obtained each of weights normalized, ρ
is the Bhattacharyya distance between the features
of tracking object and the features of object moved
randomly in a certain region. After that the N par-
ticles are obtained with normalized weights. The
mechanism of model update particle filter is intro-
duced correctly as follow:

• Choose a tracking object in a vision sequence and
obtain the color histogram and histogram oriented
gradients descriptions of it q0.

• Move the object randomly in certain regions N
times and achieve the descriptions of them by
means of Eq.(17). According to Eq.(1) and the
Bhattacharyya distance assign the weights to each
of them. Sample set S1 is obtained which include
N particles.

• Estimate the mean state of set S1 and use the ob-
ject description component to update the object
model q1 by means of kalman filter and gaussian
model.

• Re-sample in particles set S1 obtains new particles
set S2

• Do while the step 2, 3, 4 to realize the model up-
date object tracking based on particle filter

Fig.2 shows the tracking effect of the tracker
based on CHOG and CHOG with model up-
date. The footballer is chose as the object
when the footballer turn around the model com-
posed of CH and HOG may be changed. The
changed model may affect the tracking effect
as Fig.2 shows. This experiments testify that
model update is necessary in some conditions.

Fig. 2. Comparison between the CHOG algorithm and
model update CHOG algorithm, the above results are
CHOG and the bellows are model update CHOG algorithm.

3. Object Detection and Occlusion Handling

3.1. Objects Detection

Gaussian model is widely used in target
tracking25,26,27,28,29. In Ref. 27 and Ref. 28 the
gaussian model is used to approximates the poste-
rior distributions under the concept of particle filter.
So the Gaussian particle filter is similar to Gaussian
filters as the extended Kalman filter and its variants.
It is shown that under the gaussian assumption, the
Gaussian particle filter is asymptotically optimal
in the number of particles and has much-improved
performance and versatility over other Gaussian fil-
ters, especially nontrivial nonlinearities. In Ref. 25
and Ref. 26 the Gaussian model is used to model
the foreground and background. In Ref. 25 the
background pixels are modeled as a single gaussian
while the foreground pixels are modeled as a mix-
ture gaussian. In Ref. 26 the background and fore-
ground model are similar to Ref. 25, but it presents
a method which improves the adaptive background
mixture model to distinguish between moving shad-
ows and moving objects. In Ref. 29 a spatial-color
mixture of gaussian appearance model for particle
filters is proposed. This method improves the popu-
lar similarity measure based on color histogram be-
cause it considers not only the colors in a region but
also the spatial layout of colors. The experiments of
the method which is spatial-color mixture of gaus-
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sian appearance model for particle filters show that
it can successfully track objects in many difficult
situations.

In this paper we introduce gaussian mixture
model(GMM) to detect the tracking object as
Ref. 25 and Ref. 26 used. Fig.3 shows the foot-
ballers may be locate in the sequence. The loca-
tions,area and number of objects are determined by
Blob algorithm30. As Fig.3 we need to calculate the
kernel color histogram in the bright region as Ref. 16
and the HOG according to Eq.(1) and Eq.(2). Af-
ter we obtain the locations of objects we use Bhat-
tacharyya distance between the features of object
and the one in this region to identify which is the
real one we want to track by setting threshold. In
the experiments we set the threshold T = 0.1 be-
cause sometimes the histogram is subject to the foot-
ballers turn around in football sequence. If the Bhat-
tacharyya distance is smaller than T the object is not
we want to track. When the objects are detected we
use the CHOG particle filter to track. Fig.4 shows
the objects detection under the fixed angle of view.

Fig. 3. Locations of objects detected by GMM.

Fig. 4. Objects detection under the fixed angle of view.

The method of GMM used to detect objects is
batter than Ref. 20 in which as Fig.3 shows. Person
B entering the scene in frame 50 is detected in frame
60. In the frame of GMM when the object appear-
ance in the scene it is detected not far away from the
next frame.

3.2. Occlusion Handling

Occlusions may cause the model update tracker fail-
ure. It is severe in model update particle filters be-
cause of the inaccuracies in updating the position,
size and the features of the tracked objects. So the
object’s estimated position and size may be adapted
to the area not occluded. Moreover the features
of the object may be updated by incorrect values,
which lead to target loss after a few frames. There-
fore, occlusions handled properly is very important
to CHOG in multiple objects tracking. In this paper
occlusions is also predicted by the distance between
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the objects as Ref. 19 and Ref. 20.

(E(xi
m,k)−E(xi

n,k))
2 +(E(yi

m,k)−E(yi
n,k))

2 < R
(18)

where E(xi
m,k), E(yi

m,k), E(xi
n,k) and E(yi

n,k) are the
mean position of each object, and R is the threshold.
When the distance between the object is smaller than
the threshold occlusions occurs between them. We
can determine which object is occluded by compar-
ing the features of the region with the two objects.
After determined the occluded object the weights of
which are set to zero in process of the particle fil-
ter re-sample. Even though we can not distinguish
the occluded objects we can use the GMM to detect
them after they pass away from each other. After
detecting the object the tracker updates the particles
with features, sizes and positions in this region and
track it by means of CHOG particle filter.

4. Experiments

In order to test our proposed algorithm, we carried
out experiments to track multiple objects in indoor
and outdoor image sequences. The experiments
are implemented on Pentium(R) Dual with 2.0 GHz
CPU and 2.0GB RAM. The indoor image sequence
are captured by Logeth camera with 320×240 pix-
els per image. The features of each object is com-
posed of color histogram which is calculated in HSV
space with 8×8+8 bins and HOG with 8 bins which
is turned around according to its first principle and
second principle components. In each frame HOG is
calculated with the gaussian smoothing standard de-
viation δ = 0.5 and gaussian weighting of histogram
standard deviation δ = 1. In Eq.(18) the parameter
of R is selected according the height, weight and the
scale of the object.

In the first experiment the object A is occluded
by the other. According to Eq.(18) we set the thresh-
old:

R =
√

(A)2 +(B)2 (19)

where A = 0.5Wn ∗ Sn + 0.5 ∗Wm ∗ Sm, B = 0.5Hn ∗
Sn + 0.5Hm ∗ Sm, Wn, Hn and Sn are the mean of
the object A’s width, height and scale, while Wm,
Hm and Sm belong to another one. If the the pre-
dict distance is lower than R the occlusion occurs.

The color histogram of the objects is similar to each
other. If we want to identify which one is occluded
we will only depend on the HOG of the objects. In
this situations the HOG composed of 72 bins is cal-
culated in the object region according to the esti-
mate position and scale. After determined the oc-
cluded object samples of it are not re-sampled since
they are meaningless. In this situation particle fil-
ter is used to track only one object while the fea-
tures of the other is reserved. We use the GMM to
detect the regions of objects locate. The reserved
features are used to determine whether the object
is the same to the tracked or not before occlusion.
Fig.5 shows the results of the occlusion handling.

Fig. 5. Two Objects tracking with Occlusion handling.

In the second experiment the aim is to detect and
track two objects in cluttered background. The se-
quence is 500 frames in which two people appearing
in the first frame and they are chose as the tracking
object. The tracker uses model update particle filter
based on CHOG to realize object tracking. The third
people appears at 40th frame, the detector based on
GMM detect it in frame 40th but it is only a part.
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After detecting the people we extract the features in
object region and initialize the parameters of the par-
ticle filter. Along with the whole body of the peo-
ple appearance in the scene the model update mech-
anism will obtain the more accurate features step
by step. If we get the features of the tracking ob-
ject beforehand, we will enhance the robustness of
the tracker. Comparing with the detection method
in Ref. 20 our method can detect the object fleetly.
Fig.6 shows the results of object detection and track-
ing. Fig.7 shows the results of object detection based
on GMM. In Fig.6 when the object enters the scene
two regions including the object are detected. We
use the known information of the tracking object
to identify the newer. As Fig.6 shows when the
object leaves the scene the particles about this ob-
ject should be give up to save the computational re-
source.

Fig. 6. Object detection and tracking.

Fig. 7. Object detection results based on GMM.

In the third experiment, the aim is to detect and
track footballers in a football sequence. Because of
the background model construction based on GMM
needs a few frames so the tracking object is selected
at frame 10 in our experiment. In frame 10th the
footballer of Barcelona with blue and red belt shirt
is chose as tracking object. After that the features
and position of the footballer are used to initialize
the particle filter. The regions including objects are
detected in frame 11, after that the features of the
objects selected in frame 10 are used to determine
which region includes footballer of Barcelona. Even
though some existing objects in frame 11 are not de-
tected in time, they will be detected in next frames.
In frame 12 we find that a lot of regions may in-
clude footballers of Barcelona, we use the particle
filter’s results to identify the regions which include
the tracking object. We only need to compare the
features of the unknown regions with the features
of the barcelona footballer to determine whether the
region includes the object or not. After the track-
ing object is selected we use the model update par-
ticle filter to track it, when the object leaves the
scene the corresponding particles should be give up.
The results of multiple objects detection and track-
ing are shown in Fig.8. As Fig.8 shows in frame
10 we choose a Barcelona footballer as the track-
ing object and calculate the CHOG as features. The
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accuracy of the tracking algorithm is relate to the
number of particles in particle filter. If we choose
more particles, the tracking results is more accu-
racy. But the algorithm has bigger computational re-
quirements with the number of particles increasing.
400 particles are chose in our experiment. When
the frame 11 is coming objects similar to the se-
lected in frame 10 are also the tracking object. After
the newer objects are determined the initialization
of the particle filter is done based on the position,
size and features. Frames 10 and 11 show that ob-
ject detection is real-time sometimes, this is faster
than Ref. 20 as Fig.9 shows. Object detection also
depends on the background model. Frames 15 and
16 show the tracking results of one object leaves the
scene and the other enters the scene. Frames 15 and
16 show the tracking results of one object leaves the
scene and the other enters the scene. According to
the tracking results and the ratio between the num-
ber of objects detected accurately and the number of
reality we find that our propose algorithm can de-
tect similar objects and track them with the model
adaptive updated.

Fig. 8. Multiple objects tracking results.
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Fig. 10. Results of vehicles detection and tracking.

5. Applications

Traffic management and vehicle information rely on
a suite of sensors for estimating traffic parameters.
To monitor the traffic condition and provide correct
vehicles information is important in nowadays due
to heavy traffic volume in our daily life31. In Ref. 31
the author summarizes the vehicle detection meth-
ods. In this section the algorithm is also used in in-
telligent traffic surveillance System.Firstly, GMM is
used to detect the vehicles, after the vehicles are de-
tected we use the CH and CHOG of them to initial-
ize the particle filter to realize the object tracking.
At the same time the number of the car is update to
realize traffic flow control.If the car disappears the
tracking about this object is give up. The scale of
the vehicle will be changed as it is in different lo-
cation. So the model update scheme is necessary in
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vehicle tracking. The results of vehicles detection
and tracking is as Fig.10 shows.

6. Conclusion

This paper presents a novel particle filter for track-
ing multiple objects. We integrate the CH and HOG
of the objects together according to the mutual com-
plementarities of the two types of features. In pro-
cess of tracking the features of the object may slow
change so we introduce the kalman filter and GMM
to do the features adaptive update. We use the back-
ground model based on GMM to do object detection.
Particle filter based on CHOG features, model adap-
tive update and object detection can track multiple
objects. The performance of the algorithm is tested
on several indoor and outdoor sequence. The results
demonstrate the algorithm can detect and track mul-
tiple objects successfully. This algorithm can also
handle the object occlusion.

A known drawbacks of the algorithm is that ob-
jects detection is subject to the precision of the back-
ground model based on GMM. The GMM can not
cope with large changes of background in time. The
drawbacks of the algorithm should be considered in
the future work.
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