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Abstract 
A target tracking algorithm based on improved particle filtering is proposed to address 
the problem of low tracking performance of the particle filtering algorithm due to target 
occlusion and pose changes in real scenes. The target is modeled using HSV color 
features and HOG edge features, and an ant-lion intelligent algorithm is proposed to 
optimize the particle filter resampling process to avoid the particle depletion problem 
and improve the robustness of the particle filter algorithm target tracking. The 
experimental results show that the algorithm in this paper can still track the target 
accurately under the cases of occlusion and attitude change. 
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1. Introduction 

With the rapid development of computer vision field, target tracking gradually becomes a hot 
research problem in this field. Target tracking has important application prospects in 
unmanned driving, intelligent monitoring, human-computer interaction and so on. The 
traditional target tracking algorithms mainly include particle filtering algorithm and Kalman 
filtering algorithm. Among them, particle filtering algorithm is widely used in the field of target 
tracking because of its nonlinear and non-Gaussian nature. However, the traditional particle 
filtering algorithm also has certain shortcomings: firstly, the single target feature descriptor is 
too simple to describe the target, which is easily affected by the complex environment and leads 
to inaccurate target tracking; secondly, during the target tracking process, the particle filtering 
algorithm will have particle degradation phenomenon, which leads to the reduction of target 
accuracy. In recent years, for these problems of traditional particle filtering in the field of target 
tracking, many improvement algorithms have been proposed by domestic and foreign scholars. 
The literature [1] proposed to use histogram of orientation gradient features (HOG) and local 
binary pattern features (LBP) to describe the target, which improves the feature representation 
of the target, but still leads to tracking drift problems in complex environments; the literature 
[2] proposed to weighted fusion of color features, texture features and edge features as a way 
to improve the accurate tracking of the target in complex environments, but the multiple 
features However, the weighted fusion of multiple features leads to higher computational 
complexity and lower real-time performance; literature [3] proposes a fast resampling particle 
filtering algorithm by introducing the QMC strategy into the resampling process, completing 
the evaluation of particles based on the obtained sequence values, and finally calculating the 
average value as an approximation of the state estimation, but it cannot completely solve the 
sample depletion problem; literature[4] proposes an improved mothballed optimized particle 
filtering resampling process to avoid the particle depletion problem. sampling process to avoid 
particle depletion and improve the robustness of target tracking. 
To address the problem that a single target feature descriptor is susceptible to complex 
environments, we propose to fuse color features (HSV) and edge features (Sobel) to increase 
the feature description capability of targets and improve the tracking accuracy of targets in 
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complex environments; then, to address the particle degradation problem of traditional particle 
filtering, we propose to optimize the resampling link with the Antlion intelligent algorithm to 
improve the target tracking accuracy of the algorithm in scenarios such as occlusion and pose 
change. 

2. Feature Extraction 

2.1. HSV Feature Extraction 
In the field of target tracking, the commonly used features are global color features, because the 
color features do not change much when the target changes its pose and have strong robustness. 
However, since the conventional RGB colors have strong correlation, they are susceptible to 
effects such as occlusion. Therefore, this paper adopts the kernel-weighted color feature of HSV. 
This color feature has three components with subscales expressing color, saturation and value. 
Firstly, it is divided into 4 levels, 64 levels in total, and the number of each pixel in different 
components is calculated; secondly, the different color features can be found by using the color 
histogram. Different weight sizes are determined by finding the distances of different pixels to 
the target centroid. The kernel function is described as: 
 

𝑘(𝑟) 1 − 𝑟 , 𝑟 < 1
0, 𝑟 ≥ 1

                                                                      (1) 

 
In the formula, r denotes the distance from different pixel points to the center point. 
The histogram of the target area is: 
 

𝑝 =
∑ [ ( ) ]

∑
                                                              (2) 

 

where, 𝑁 is the total number of pixels; 𝑥  is the target centroid pixel; 𝑎 = 𝐻 + 𝐻 , where 𝐻  
is the half-width of the target rectangle and 𝐻  is the half-height of the target rectangle; 𝛿 is the 
Dirac function; 𝑏(𝑥 ) is the histogram index value corresponding to the pixel 𝑥 ; and u ∈ [1, 64] 
is the interval index range of the histogram. 

2.2. Sobel Feature Extraction 
The edge features describe the pixel points in the image that change drastically, and this part of 
the region expresses the edge contour of the target. Since the grayscale map's are used for edge 
detection, this part is insensitive to illumination and contains rich spatial edge feature 
information.The equation of the Sobel operator for target edge detection is: 
 

𝐷 (𝑥, 𝑦) = 𝑆 • 𝐼(𝑥, 𝑦)

𝐷 (𝑥, 𝑦) = 𝑆 • 𝐼(𝑥, 𝑦)
                                                               (3) 

 
Where, 𝐼(𝑥, 𝑦)   denotes the grayscale map of the target region; 𝑆  is the horizontal Sobel 
operator, 𝑆  is the vertical Sobel operator. 
The grayscale plot after the test is: 
 

   2 2, , (x, y)x yEdge x y D x y D                                                     (4) 



Volume 3 Issue 3, 2022 

DOI: 10.6981/FEM.202203_3(3).0011 

91 

Frontiers in Economics and Management 

ISSN: 2692-7608 

2.3. Multi-feature Fusion 
Since the size of the weights of the particles depends on the similarity of the target model, this 
paper determines the weights by extracting the target model of the target template and then by 
extracting the similarity between the model and the target template at different moments. In 
this paper, the Bhattacharyya distance is used to calculate the similarity, and then the weights 
of the particles are obtained by the feature histogram, and the Bhattacharyya coefficient is: 
 

𝑚 = ∑ 𝑝 𝑞                                                                       (5) 

 
where ,𝑛 is the dimension of the sum of the two histograms 𝑝  and 𝑞 ; the larger 𝑚  means that 
the two histograms are more similar, and when it is equal to 1, it means that the two histograms 
match perfectly. 
The similarity of HSV features and Sobel features are calculated separately by Eq. (), and then 
the corresponding weight size of the particles is obtained by Eq. (): 
 

𝑤 =
( ) /

𝑒𝑥𝑝 −                                                           (6) 

 
The sums of particle weights 𝑤  and 𝑤  corresponding to the features are calculated 
separately, and the weights are then fused by weighted fusion of: 
 

𝑤 = 𝑤 + 𝑤                                                                                        (7) 

3. Optimized Particle Filtering by Improved Ant-lion Algorithm 

The ant lion algorithm is a merit-seeking algorithm that simulates the process of ant hunting by 
an ant lion [5-11]. The ant lion uses its jaws to create a funnel-like trap, and when a random ant 
wanders into the trap, the ant lion can feed on it and then repair the trap to move on to the next 
hunt. By introducing the ant-lion algorithm into the resampling process of the particle filter 
algorithm, the particles of the particle filter can be characterized as ants and ant-lion 
individuals in the ant-lion algorithm, and according to the predation relationship between them, 
the ant individuals move to the ant-lion individuals with higher adaptability, which is 
equivalent to the particle filter in which the particle individuals keep approaching the actual 
state of the target, which is closer to the real posterior probability distribution, and the particle 
filter The particle with the largest weight in the particle filter can be regarded as an elite ant 
lion, the particle with higher weight can be regarded as an ant lion, and the rest of the particles 
can move randomly as ants. 
The initial random wandering formula for 𝑁 ant is: 
 

𝑋 , = 𝐿 + 𝑟𝑎𝑛𝑑(𝑈 − 𝐿)                                                             (8) 
 
where, 𝑋 ,  denotes the random position of the ant, 𝑛 = 1,2,⋅⋅⋅, 𝑁  , 𝑑 = 1,2,⋅⋅⋅, 𝐷𝑖𝑚 , 𝑈  is the 
upper bound of the search space, and 𝐿 is the lower bound of the search space. 
The initial fitness of each ant is calculated according to the fitness function and arranged in 
order from largest to smallest, and the position of the optimal solution is selected as the position 
of the elite ant lion 𝑅 , and the roulette strategy is performed through the value of the ant lion 
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fitness to obtain the ant lion 𝑅 , then the wandering position of individual ants 𝑅  and  𝑅  
around the sum can be recorded as: 
 

𝑋(𝑡) = 
[𝑐𝑢𝑚𝑠𝑢𝑚(2𝑟(𝑡 ) − 1), 𝑐𝑢𝑚𝑠𝑢𝑚(2𝑟(𝑡 ) − 1),⋅⋅⋅, 𝑐𝑢𝑚𝑠𝑢𝑚(2𝑟(𝑡 ) − 1)]                   (9) 

 
Where, 𝑋(𝑡) denotes the position of the ant, 𝑐𝑢𝑚𝑠𝑢𝑚 denotes the cumulative sum, 𝑡 denotes 
the number of iterations, 𝑛denotes the maximum number of iterations, 𝑟(𝑡) and denotes the 
random function. 
 

𝑟(𝑡) =
0, 𝑟𝑎𝑛𝑑 ≤ 0.5
1, 𝑟𝑎𝑛𝑑 > 0.5

                                                              (10) 

 
Normalization of the wandering equation: 
 

𝑋 =
( )( )

( )
+ 𝑐                                                           (11) 

 
where, 𝑋  is the normalized position of the ant in the 𝑖 dimension after the 𝑡 iteration, ,𝑎  and 
𝑏  denote the minimum and maximum values of the movement step of the ant's first 
dimensional variable, 𝑐  and 𝑑   denote the minimum and maximum values of the wandering 
position of the ant's 𝑖 dimensional variable in the 𝑡 generation, respectively. 
 

𝑐 = 𝐴𝑛𝑡𝑙𝑖𝑜𝑛 + 𝑐

𝑑 = 𝐴𝑛𝑡𝑙𝑖𝑜𝑛 − 𝑑
                                                         (12) 

 
where ,𝐴𝑛𝑡𝑙𝑖𝑜𝑛  denotes the position of the 𝑗 ant lion at the 𝑡 generation,  𝑐 denotes the lower 
bound of all variables in the  𝑡 iteration, and 𝑑  denotes the upper bound of all variables in the 
𝑡 iteration. 
When ants entered the predation trap range of the ant lion, the trap collapsed causing the 
random wandering boundary of the ants to shrink. 
 

𝑐 =

𝑑 =
                                                                       (13) 

 

where, 𝐼 = 10
 
 denotes the trap range contraction ratio with a linear increasing trend 𝐼, and 

𝑤 denotes a constant , the maximum number of iterations is 𝑇. 
After the ant lion preys off the ant, it updates its position to the latest position of the original 
ant, which is a better adapted position, to improve the chance of catching the next prey. The ant 
lion's position update formula is as follows. 
 

t t
j iAntlion ant

 

𝑎𝑛𝑡 =                                                                         (14) 
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where, 𝐴𝑛𝑡𝑙𝑖𝑜𝑛  denotes the position of 𝑗  ant lion after the 𝑡  iteration, 𝑎𝑛𝑡  denotes the 
position of the 𝑡 ant after the first iteration. 

4. Algorithm Implementation Steps 

The specific steps for the implementation of the improved Ant-Lion optimized particle filtering 
algorithm are. 
Step 1. parameter initialization. Set the maximum number of optimality-seeking generations of 
the ant-lion algorithm; set the upper and lower bounds of the optimization 𝐾 of the ant-lion 
algorithm; initialize the positions of 𝑁 ants and 𝐾 ant-lions in the dimensional space. 
Step 2. sample 𝑁 particle {𝑥 } , 𝑖 = 1 , ⋅⋅⋅ , 𝑁 from the prior probability as the initial sample, 
and make it obey the importance density function 𝑞(𝑥 : |𝑦 : ). 
Step 3. Take the latest observed and predicted values of the sample and define the fitness 
function equation (16). 
Step 4. Simulate the ant-lion algorithm to find the best and guide the particle motion. 
a) Calculate the fitness value of each ant using equation (16) and select the particle with the 
best fitness value as the elite ant-lion. 
b) Using equations (19) and (20) to select the corresponding ant lion for each ant. 
c) Calculate the boundary range of each ant lion using equations (17)-(18). 
d) Update the ant lion position using equations (14)-(15). 
Step 5. Determine whether the maximum number of iterations is reached, and stop 
optimization if yes, otherwise go to step 3. 
Step 6. Update the weights according to the latest observations. 
Step 7. Normalize the weights. 
Step 8. Output the filtering result. 

5. Experimental Results 

The experimental videos are selected from two videos of Girl and Man on the Visual Tracker 
Benchmark website. The Girl video tracks the target girl's face, and there is partial occlusion in 
the whole process; the Man video tracks the target boy's movement process, and there is 
occlusion in the moving process. The tracking effects of the traditional particle filtering 
algorithm and the proposed algorithm are shown in Fig. 1~Fig. 4. 
 

 
Fig. 1. Tracking results of the 16th, 24th, 56th and 64th frames of conventional particle 

filtering 
 

 
Fig. 2. Improved particle filtering 16th, 24th, 56th and 64th frame tracking results 
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Fig. 3. Tracking results of 69th, 85th, 227th and 240th frames of conventional particle 

filtering 
 

 
Fig. 4. Improved particle filtering 69th, 85th, 227th, 240th frame tracking results 

 
Comparing Figs. 1~2, it can be seen that the traditional particle filtering algorithm shifts the 
target center when the target is partially occluded and shifts to the part similar to the target, 
and the long-time tracking will track the target incorrectly, leading to the decrease of the 
filtering accuracy, while the algorithm in this paper always tracks the target without shifting, 
and most of the particles are in the real position of the target; comparing Figs. 3~4, it can be 
seen that when the target moves rapidly and occurs When the target moves rapidly and 
occlusion occurs, the PF algorithm will track the wrong target with similar color characteristics, 
resulting in target loss, but the particles of the proposed algorithm always track the target 
accurately and still focus on the real position of the target when partial occlusion occurs. 
TABLE I shows the quantitative comparison of the tracking results between the algorithm in 
this paper and PF in different video sequences, using the central location error (CLE) as the 
evaluation index. 
 

Table 1. The quantitative comparison of the tracking results between the algorithm 

Video Sequence 
Average CLE 

PF This Algorithm 

Girl 41.32 7.25 

Man 68.22 8.25 

 
As can be seen from Table 1, by comparing the center position deviation, the average error of 
this paper's algorithm in Girl video sequences is only 7.25, which greatly improves the tracking 
accuracy relative to the traditional particle filtering algorithm; in Man video sequences, the PF 
algorithm causes the error to reach 68.22 due to the loss of the tracking target, while this 
paper's algorithm accurately tracks the target vehicle with a tracking error of only 8.25, and the 
experimental results show that The experimental results show that this algorithm has better 
robustness when tracking fast moving and occluded targets. 

6. Conclusion 

In order to solve the problem of low tracking accuracy in real scenarios where the target is 
occluded and other complex situations, this paper uses an improved particle filtering algorithm 
to improve the tracking accuracy. Based on the multi-feature fusion, the proposed ant-lion 
intelligent algorithm optimizes the particle filtering process to avoid the particle depletion 
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phenomenon and move the particles to the high-likelihood region. The simulation results show 
that the improved particle filtering algorithm proposed in this paper has higher tracking 
accuracy compared with the traditional particle filtering algorithm. 
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