


2 Proposed Multi-Object Tracking 
Algorithm 
2.1 Fuzzy Logic Data Association 

To calculate the fuzzy association probabilities 
)(, kji� between the objects � �mii

kx 11ˆ �� and observations 

� �njj
kz 1� (or detection responses), a fuzzy inference system 

(FIS) is designed based on the affinities of motion and 
appearance. The FIS contains four basic elements: fuzzifier 
of input variables, fuzzy knowledge-base, fuzzy inference 
engine, and defuzzifier.  

2.2System variables 

Suppose that the predicted state of object i at the kth frame 
is � �mii kxX 1)(ˆ �� ,where ))(),(),(),(()(ˆ kvkykvkxkx

ii yixii � . 

)(kxi denotes the x-coordinate of the object’s prediction 

position, )(kyi denotes the y-coordinate of the object’s 
prediction position, )(kv

ix and )(kv
iy denote the 

corresponding velocities of object, respectively i .  
Given detection responses, we denote the set of all 

observations at the frame k as
� �n

jj kzZ
1

)(
�

�
, 

where
))(),(()( kzkzkz j

y
j
xj �

, )(kz jx and
)(kz jy denote the x-

coordinate, y-coordinate of the observation j respectively. 
The rules of the fuzzy data association approach are 
expressed in terms of two input variables and an output 

variable. The input variables � �kE ji, and � �kE ji,	 are defined in 
terms of the prediction errors and change of errors of motion 
and appearance models. Firstly, the normalized prediction 
errors of motion model is defined as follows: 
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where )1(ˆ)( ���� kAHkz ikkj x denotes the predicted 

observation. In this paper, i
kH is an 42� observation 

transition matrix, i
kF is 44� state transition matrix.  

Appearance is an important cue for the data association 
in MOT. In order to make the appearance model robust, the 
RGB color histogram is used to capture the statistical 
information of object region. To satisfy the low-
computational cost imposed by real-time processing discrete 
densities, m-bin histograms should be used. Then, we have 

Appearance model of object i: � � Nmimi xHxH ,,2,1)()(ˆ
���  

Appearance model of observation j: � �
Nnjnj zHzH

,,2,1
)()(ˆ

��
�  

where )( im xH is the number of pixels of object i in the 
mth color bin, )( jn zH is the number of pixels of 

observation j in the nth color bin. In order to estimate the 
similarity between object i and observation j, we employ the 
correlation coefficient method to calculate the prediction 
error of appearance model. 
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and their values lie in [-1,1], Based on � �kEMji, and � �kE Aji, , 

the change errors � �kEMji,	  and � �kE Aji,	 can be defined as 

follows: 
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and 
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As a result, we define � �kE ji, and � �kE ji,	 to be 
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2.3Membership Functions (fuzzifier) 

The crisp values are mapped into some fuzzy sets defined in 
the universe of discourse of input and output. Generally, the 

    
    

 
DOI: 10.1051/, 05004 (2017) 712012

ITA 2017  
ITM Web of Conferences itmconf/201 5004

2



more numbers of fuzzy sets we made, the more accuracy of 
output we got. But more numbers of fuzzy sets will increase 
the computation load of the algorithm. Usually, the number 
of fuzzy sets will be decided by experience. In the fuzzy 
inference system, five fuzzy sets that are labeled in the 
linguistic terms of zero (ZE), small positive (SP), medium 
positive (MP),large positive (LP), and very large positive 
(VP), are specified for each crisp input ( � �kE ji, and � �kE ji,	 ). 

These membership functions of each crisp input are shown in 
Fig.3. 
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Figure.2 Membership functions for the fuzzy sets 
of � �kE ji, and � �kE ji,	  
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Figure.3 Membership functions for the fuzzy sets of )(, kji�  

Unlike that of the input data, the output data have six 
fuzzy sets labeled in the linguistic terms of ZE, SP, MP, LP, 
VP and extremely large positive (EP). The membership 
functions of the fuzzy sets are defined by the triangular 
functions and the core of these fuzzy sets are not equally 
spaced. The membership functions of output are shown in 
Fig. 4. According to the input and output defined above, the 
fuzzy rules can be expressed by employing fuzzy IF-THEN 
rules as follows: 

 
 
 
 
 
 

TABLE I.  Fuzzy rule base for )(, kji�  

)(, kji�  
� �kE ji,  

ZE SP MP LP VP 
 
 

� �kE ji,	
 

 
 

ZE EP VP LP SP SP 
SP VP LP MP SP SP 
MP LP MP MP SP ZE 
LP MP MP SP SP ZE 
VP SP SP ZE ZE ZE 

Tables 1 show the fuzzy rules of fuzzy inference system 
for the fuzzy association probability )(, kji� .The output of 

the weight membership functions which are used to evaluate 
the crisp outputs through the Max–Min compositional rule 
of inference technique and center of gravity (COG) 
defuzzification. 

2.4Overall the Proposed Algorithm 

According to the derived results mentioned above, the 
structure of the proposed online visual multi-object tracking 
algorithm can be summarized as follows.  
 
Algorithm: Online multi-target tracking based on fuzzy Logic Data 

Association(PROPOSED ALGORITHM) 

1. Initialization 
Applying the offline-trained detector based on aggregated channel 
features [8] to obtain the observations (detection 

responses)� � nj
Tk

j
kz

:1
:1

�

�  at the current frame. 

2. State estimation 
For k=1,2,… 

� Data association: Find the best association 

pairs� �),ˆ( 1
j
k

i
k zx � between the objects � �mii

kx 11ˆ �� and 

observations � �njjkz 1�  by using the fuzzy logic data 

association algorithm described in Section 2.1. 
� State update: Update the object states with the associated 

measurements by using the Kalman filtering. 
End For 

3 Experiment Results 
We tested our algorithms on various publicly available 
sequences as shown in Table 2, including PETS.S2L1 
dataset and PETS.S2L2 dataset.  

the information of the used datasets 

Name FPS Lengt
h Resolution Trajectories 

PETS.S2L1 7 795 768×576 19 
PETS.S2L2 7 436 786×576 42 

 
Comparisons with several state-of-the-art algorithms 

were made. Both qualitative analysis and quantitative 
evaluations were presented to show the effectiveness of our 
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algorithms. The widely used CLEAR MOT metrics was 
employed to evaluate the proposed algorithm[7]. In order to 
compare the performance of the proposed algorithm with 
other multiple tracking algorithms, we chose two reported 
state-of-art trackers, such as Bae et al’s proposed method[7] 
and OM+APP[4].  

Table 3 shows the comparison results for all metrics on 
all three sequences individually. Firstly, the tracking results 
for the PETS.S2L1 data set are compared. This data set is 
widely used in multi-object tracking literatures. Because the 
human density is low, though the dataset includes some 
nonlinear motion of objects and some proximity objects, all 
algorithms can track these objects with high tracking 
accuracy. Fig.4 shows the results of the proposed algorithm. 
From Table 6 and Fig.4, we can see that the tracking 
accuracy (MOTA) of the proposed algorithm is higher than 
that of both [7].  

Secondly, the tracking results for the PETS.S2L2 data 
set are compared. In this dataset, the human density is 
higher than the PETS.S2L1, and the objects are frequently 
occluded. Fig.5 shows the results of the proposed algorithm.  

Conclusion 
In this paper, we proposed a new fuzzy data association 
approach for visual multi-object tracking. By incorporating 
fuzzy logic into multi-object tracking system, the association 
probabilities are allowed to be adjusted dynamically based 
on the conclusions of a set of fuzzy rules. Finally, 
experimental results show that the proposed algorithm 
provides much better performance than other state-of-art 
algorithms.  
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Performance Comparison of Tracking Results on Two Different Datasets 

Sequence Method MOTA MOTP IDS MT ML FG 

PETS.S2L1 

Bae et al.[7] 83.0 69.6 4 100 0 4 
OM+APP[4] 90.6 80.2 11 21 1 6 

Proposed Algorithm 86.2 65.4 11 15 0 58 

PETS.S2L2 

Bae et al.[7] 30.2 69.2 284 2.4 19.0 499 

OM+APP[4] 56.9 59.4 99 28 12 73 

Proposed Algorithm 51.5 66.1 154 11 3 362 
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Figure.4. Results of the proposed algorithm on PETS.S2L1 dataset 

  

  

Figure.5. Results of the proposed algorithm on PETS.S2L2 dataset 
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