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Abstract. In this paper, we propose a new multiple object tracking method via 
multi-layer multi-modal framework. To handle erroneous merge and labeling 
problem in multiple object tracking, we use a multi layer representation of dy-
namic Bayesian network and modified sampling method. For robust visual 
tracking, our dynamic Bayesian network based tracker fuses multi-modal fea-
tures such as color and edge orientation histogram. The proposed method was 
evaluated under several real situations and promising results were obtained. 

1   Introduction 

Visual tracking in complex environment is an important task for surveillance, telecon-
ferencing, and human computer interaction. It should be computationally efficient and 
robust to occlusion, changes in 3D pose and scale as well as distractions from back-
ground clutter. In particular, multiple object tracking of similar objects fails in the 
cases of adjacency or occlusion of tracked objects. For multiple identical or similar 
object tracking, it is necessary to solve merge and labeling problem correctly. 

There have been some research works on multiple object tracking. In the multiple 
object tracking, it is very important to model the interaction among objects and solve 
the data association problem [1-6]. Usually, a joint state representation is used and 
joint data associations are inferred from the possible interactions between objects and 
observations. This approach requires a high computational cost due to the complexity 
of joint state representation. Yu et al. [4] propose collaboration approach among fil-
ters by modeling objects’ joint prior using a Markov Random field. However, this 
approach has some limitations in  correctly labeling objects. Qu et al. [5] suggest an 
interactively distributed multi-object tracking using a magnetic-inertia potential 
model. This approach is good for solving the labeling problem in identical multiple 
object tracking. However, the tracking performance suffers when the occlusion dura-
tion among objects gets a little longer. 

For our multiple object tracking, we adopt a dynamic Bayesian network which has 
multi-layer representation and multi-modal features fusion. Dynamic Bayesian net-
work (DBN) provides a unified probabilistic framework in integrating multi-
modalities by using a graphical representation of the dynamic systems. The proposed 
tracker has the following characteristics. First, multiple modalities are integrated in 
the dynamic Bayesian network to evaluate the posterior of each feature such as color 
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and edge orientation. Secondly, the erroneous merge and labeling problem can be 
solved in two phases of DBN framework.  

The paper is organized as follows. Section 2 discusses a multi-layer representation 
of dynamic Bayesian network. Section 3 presents our proposed multi-modal multiple 
object tracking method in DBN framework. Section 4 shows experimental results of 
our proposed method.  

2   Multi-layer Representation of DBN 

The Dynamic Bayesian Network (DBN) provides a coherent and unified probabilistic 
framework to determine the target object state in each frame by integrating modalities 
such as the prior model of reference state and evidence in target object candidate [7]. 
To construct DBN for visual tracking, we must specify three kinds of information 

such as the prior distribution over state variables )( 0xp , the transition model 

)|( 1−nn xxp and the observation model )|( nn xyp . The transition model 

)|( 1−nn xxp  describes how the state evolves over time. The observation model 

)|( nn xyp  describes how the evidence variables are affected by the actual state of 

the object tracking. The target object candidate is evaluated by the posterior probabil-
ity through the integration of multiple cues in DBN.  

                                           ),|( 1−nnn xyxp                                                   (1) 

where xn and xn-1 are the target object candidate and reference object state, respec-
tively and yn is the evidence of low-level features such as color and edge information 
from the target object candidate. In our visual tracking, we use two features such as 
color and edge orientation information. For evidence variables in our framework, we 

use color likelihood )|( nn xcp and edge orientation likelihood )|( nn xep  where cn 

and en are the color and edge likelihood measurements at time n, respectively. The 
posterior probability like Eq. (1) is interpreted as 

                 )|()|()|(),,|( 11 −− ∝ nnnnnnnnnn xxpxepxcpxecxp               (2) 

To deal with multiple object tracking, we denote the state of an individual object 

by i
nx , where mi .......1=  is the index of objects and n is the time index. To repre-

sent the interactive objects, we use a multi layer representation of DBN which is simi-
lar to hierarchical Hidden Markov Model. This is shown in Fig. 1. The top layer in 
DBN computes interactivity among hidden nodes by estimating the distance between 
a pair of objects. If the objects are adjacent or occluded, the interactivity among hid-
den nodes is computed. Using color and edge orientation likelihood information for 
the target object and the reference object, we classify the interactivities  between two 
objects A and B into 5 cases such as  “A and B are located near by”(A,B), “A is  
partially occluded by B”(A⊂B), “B is partially occluded by A”(B⊂A), “A is fully 
occluded by B ”(B), and “B is fully occluded by A”(A). Based on objects’ interactiv-
ities, the labeling node shown as a rectangle is activated or deactivated for each object 
state. After that, correct labels are assigned to each object state.  
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Fig. 1. Multi-layer multi-modal framework 

3   Multiple Object Tracking 

For multiple object tracking, it is necessary to solve erroneous merge problem where 
the tracker loses its target object and falsely coalesces with other trackers, and label-
ing problem where incorrect labels are assigned to the objects after occlusion. 

3.1   Erroneous Merge Problem 

To solve the erroneous merge problem, the accurate object state should be estimated 
when merge or split occurs. If two objects are merged (adjacent or partially occluded), 
it is very difficult to estimate exact position of the target object using conventional 
particle filtering because two objects are similar to each other. To reduce the effect of 
other object’s presence, we use a Gaussian-weighted circular window in computing 
particle weight. For example, samples that are further away form the point having 
highest similarity value can be assigned smaller weights by employing a weighting 
function 
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⎧ <−
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rr
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)(
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ϕ                                                  (3) 

where r is the normalized distance from the highest similar point to the sample. Fig. 2(a) 
shows the original similarity distribution of samples for red object. By using weighting 
function like Eq. (3), the similarity distribution is transformed to that in Fig. 2(b). So, 
we can estimate exact target object position regardless of the green object in Fig. 2. 

When the objects are merged, the tracker for the occluded object computes the 
similarity distribution of the reference model. If the similarity value is larger than the 
threshold value, weighting function like Eq. (3) is used to estimating the position of 
that object.  Then, the tracker can solve the problem of false coalescence. 
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Fig. 2. (a) Original similarity distribution of samples for red object, (b) Transformed similarity 
distribution 

3.2   Labeling Problem 

To correctly assign a label to target object after occlusion, it is necessary to robustly 
discriminate target object candidates. We use multi-modal features such as color and 
edge orientation histogram.  

The color likelihood )|( nn xcp  is defined as 
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where )(u
ip  is the ith object candidate’s color distribution and )(uq  is color distribu-

tion of reference object. 
The edge likelihood is computed from edge orientation histogram similar to SIFT 

[8]. To compute edge orientation, we detect edges using horizontal and vertical Sobel 
operators. After computing the strength and orientation of the edges, we apply thresh-
old operation to remove outliers. The edge intensity and orientation of the target ob-
ject is quantized into 8 bins (0 degree, 45 degree…) and displayed in each quarter 
plane. Peaks in the orientation histogram correspond to dominant directions of local 
gradients. After detecting the dominant orientation, edge descriptor for the reference 
model will be represented relative to this dominant direction and therefore achieve 
invariance to image rotation. We compute 16x 16 edge descriptor for the center point 
of the target object candidate. Fig. 3 shows the edge descriptor for a quarter plane of a 
target candidate. The edge likelihood between the target candidate and the reference 
model is computed as L2  distance between two edge orientation histograms. The 
edge likelihood )|( nn xep  is defined as 
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where ),( qpρ is Euclidean distance, )(u
ip  is the ith object candidate’s edge histo-

gram distribution and )(uq  is edge histogram distribution of reference object. Our 

edge likelihood is invariant to rotation and is discriminative against the background 
with confusing colors.  

Orientation

Magnitude

Rotation by dominant orientation 

 

Fig. 3. Edge Orientation Histogram in quarter plane 

The confidence weights for multi-cues such as color and edge likelihood are condi-
tionally determined by previous weights. The observation likelihood is decided by 
each cue’s weight.  By adopting adaptive confidence weights, our tracker can dis-
criminate target objects and then the correct label will be assigned to the target object. 

For the approximate inference in DBN, we use the modified particle filtering since 
it seems to maintain a good approximation to the true posterior  by using a constant 
number of samples [9]. In our proposed approach, the sampling-based method is exe-
cuted as follows: 

Step  1: N samples are created by sampling from the prior distribution at time 0. 
Step 2: Each sample is propagated forward by sampling from the transition model 

like ).|( 1
i
n

i
n xxp −  

Step 3:Each sample is weighted by the log likelihood such as 

)|()|( 21
i
n

i
n

i
n

i
n xepkxcpk +  where k1, k2 are the confidence weight of the likelihood of 

each sample. When the objects are adjacent or occluded, the log likelihood is 

())|(())|( 21 ϕϕ i
n

i
n

i
n

i
n xepkxcpk + , where  ()ϕ  is the Gaussian weighting function. 

Step 4: The population is re-sampled to generate a new population of N samples with 
weighted-sample-with-replacement. 



794 H.-B. Kang and K. Chun 

4   Experimental Results 

Our proposed DBN-based visual tracking algorithm is implemented on a P4-3.0Ghz 
system with 320 x 240 image size. The number of particles is 400. The target object 
size is 16 x 16 pixels. For the implementation of the multi-layer DBN, we used Intel’s 
Probabilistic Network Library (OpenPNL) [10] for building blocks. The input for 
DBN is the weighted sum of color and edge orientation likelihood. 

(b)

(a)

 
Fig. 4. (a) Conventional Particle Filtering, (b) Proposed Method 

 

(b)

(a)

 

Fig. 5. (a) Color-based tracking, (b) Color and edge-based tracking 
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Fig 6. Tracking errors using fixed and adaptive confidence weights for color and edge likeli-
hood 

#28 #36 #44 #55

#28 #36 #44 #55

(a)

(b)  

Fig. 7. Comparison of IDMOT[5] and our proposed tracker for office sequence (a) IDMOT 
result, (b) proposed tracker result 

 
We made several experiments in a variety of environments to show the robustness 

of our proposed method. The first video sequence contains four moving persons in the 
office. This sequence is very difficult for multiple object tracking due to  frequent 
occlusion.  Fig. 4 shows the result of conventional particle filtering and our proposed 
modified particle filtering using Gaussian-weighted circular window. Our proposed 
method estimates accurate position of the target object.  
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#31 #37 #40 #44

#47 #51 #56 #58  

Fig. 8. Results of the proposed multi-modal multi-object tracker for the soccer game sequence 

#20 #24 #32

#40 #43 #49
 

Fig. 9. Tracking result of tennis ball sequence 

We experimented multi-cues approach in multiple object tracking. Fig. 5(a) shows 
the result of color only tracking and Fig. 5(b) shows the tracking result using our 
color and edge orientation likelihood. The confidence weights in color and edge like-
lihood are also important in robust tracking. Fig. 6 shows the errors occurred in track-
ing that used  the fixed and adaptive confidence weights in our proposed method. 

In Fig. 7, we compared our proposed method with other tracking method.  IDMOT 
[5] suffers from labeling problems in long duration of occlusion (see Fig. 7(a)). How-
ever, our approach performs well solving both erroneous merge and labeling problem. 
This is shown in Fig. 7(b).  

The second video sequence is the soccer game sequence. Each object moves inde-
pendently. The image size is 320 x 240. Examples of the tracking results are shown in 
Fig. 8. Our proposed algorithm successfully tracked all objects throughout all frames. 
Fig. 9 shows the tracking result of tennis ball sequence. The labels in each ball are 
correct. 
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5   Conclusions 

In this paper, multi layer representation of dynamic Bayesian network is proposed for 
multiple object tracking. For robust tracking, we implement a modified sampling and 
multi-modal tracking method that integrates color and edge orientation histogram. 
Our proposed tracker can handle erroneous merge and labeling problem in multiple 
object tracking. We have presented results from realistic scenarios to show the valid-
ity of the proposed approach. Compared to other tracking algorithms, our proposed 
system shows better and more robust tracking performance. 
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