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for the proposed method, which obtains the 

optimal parameters using GSA (as in Table 1); 

also figures 2 and 3, respectively, show the results 

of the flocking control algorithm without COM 

[11] and the extended flocking control algorithm 

with Single-COM [20]. Figure 4 represents the 

result of the multiple moving target trackings on 

the semi-circular and semi-sine wave trajectories 

using the parameters achieved by GSA for single 

target tracking. The results reported in table 1 are 

also applicable to the multiple mode. It is clearly 

observable that the center of flocks precisely 

tracks the moving targets. Figures 5 and 6, 

respectively, illustrate the results of the flocking 

control algorithm without COM [11] and the 

extended flocking control algorithm with Single-

COM [20] in multiple moving target trackings. 

In these figures, the path of target and the mean of 

positions of all robots are displayed in red and 

black, respectively. Also the initial and end 

positions of all robots are indicated. As it can be 

observed in figures 1 and 4, the targets are 

followed precisely and surrounded by the flocks 

of robots. In fact, the path of COMs coincides 

with the path of targets in the proposed method, 

while according to figures 2 and 5 that use the 

method proposed by Olfati-Saber [11] and figures 

3 and 6 that use the Single-COM method 

presented by Hung La [20], the paths do not 

coincide and the distance between the targets and 

the center of flocks is high. 

Figure 7(a) shows the mean progress of the cost 

function (18) for 50 sensors during 100 iterations 

by GSA. The results obtained are averaged over 

10 independent runs, as the results reported in 

table 1. Figure 7(b) shows the distance between 

the center of flock and the moving target in 

circular wave trajectory using GSA during 100 

iterations of the algorithm. 

Figures 8(a) and 8(b) compare the errors between 

COM (center of mass) of the locations of robots 

and the location of a moving target (following 

performance) using three approaches, No-COM 

[11], Single-COM without iteration forces [20], 

and the proposed flocking protocol using the 

optimal parameters of table 1 for 50 sensors. 

Figures 8(a) and 8(b) evaluate three methods on a 

single moving target and multiple dynamic 

targets, respectively. These figures obviously 

display the superiority of the proposed method in 

comparison with the previous ones, and clearly 

represent big errors between COM of locations of 

all agents and the location of the dynamic target 

for flocking control algorithm without optimal 

parameters shown in [11] and [20]. 

Figure 9(a) displays the fitness values during 100 

iterations for various numbers of sensors using 

GSA; and figure 9(b) shows the error between 

COM and single moving target during target 

tracking using the data reported in table 1 for 

various numbers of sensors. 

Considering the results reported in figures 1 and 4 

by using the optimal flocking control leads to a 

better convergent speed, and errors reach zero 

after a few seconds. Also the parameters obtained 

for single target tracking as figures 4 and 7(b) 

have optimal results for multiple target trackings. 

 

6. Conclusion 
In this work, we investigated the optimization 
problem of Single-COM flocking control protocol 
to track a dynamic target for a mobile sensor 
network. The cost function was non-convex and 
the optimization technique based on GSA was 
developed. The optimal interaction forces for 
different numbers of sensors in the Single-COM 
flocking control protocol with single and multi-
target tracking were proposed. Evaluation of the 
swarm robots-like act based dynamic target 
following the free space is given. The numerical 
results obtained validate the proposed method 
performance in comparison with the other 
approaches. 

 In the future, we have decided to work on the 
flock behavior in free and obstacle spaces. Also we 
would like to improve GSA with memetic as well 
as discussing the flocking control in 3D. In 
addition, the power consumption analysis is 
deferred to the future work. 

 

Table 1. Optimal forces of Single-COM flocking control for different sizes found by GSA for various numbers of sensors. 
Number 

of sensors 1
c


 2
c


 
1

mt
c  

2

mt
c  

1

sc
c  2

sc
c  

10 5.48098 3.73038 4.61782 4.38692 8.45326 3.0838 

30 8.24948 3.7478 3.77368 5.0691 5.44878 2.11092 

50 8.90246 2.63806 7.05536 4.97568 5.46172 3.4584 

70 6.95232 2.17282 3.92754 8.16904 7.35568 3.13232 

90 7.71056 3.28264 3.7309 5.27358 6.52208 2.34054 



Sattari-Naeini et al./ Journal of AI and Data Mining, Vol 6, No 1, 2018. 

 

213 

 

  

Figure 1. Beginning and ending locations of 50 mobile agents that are following a dynamic target in circular wave path with 

optimal parameters in table 1 by proposed flocking control algorithm using (11) and GSA. 
 

  

Figure 2. Beginning and ending locations of 50 mobile agents that are following a moving target in circle wave path 

without iteration forces using (4) [11]. 

 

Figure 3. Beginning and ending locations of 50 mobile agents that are following a moving target in circle wave path with 

extended flocking control algorithm using (9) [20]. 
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Figure 4. Beginning and ending locations of 30 mobile agents that are following two dynamic targets in semi-circular and 

semi-sine wave paths with optimal parameters in table 1 by proposed flocking control algorithm using (11) and GSA. 

 

 

Figure 5. Beginning and ending locations of 30 mobile agents that are following two moving targets in semi-circular and semi-

sine wave paths without iteration forces using (4) [11]. 

 

Figure 6. Beginning  and ending locations of 50 mobile agents that are following two moving target in semi-circular and semi-

sine wave paths with extended flocking control algorithm using (9) [20]. 
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Figure 7. (a) Value of  cost function during 100 iteration for 50 sensors, (b) errors between COM of locations of robots and 

location of target during 100 iterationa for 50 sensors. 

  

Figure 8. (a) Errors between COM of locations of robots and location of target in circular trajectory, (b) errors between 

COM of locations of robots and locations of two targets in semi-circular and semi-sine trajectory; all following processes for 

three algorithms are done on 50 sensors. 

 
 

Figure 9. (a) Value of cost function for various numbers of sensors during 100 iterations, (b) errors between COM of 

locations of robots and location of target in circular trajectory for different numbers of sensors. 
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منفرد برای ردیابی یک یا چند هدف -یک الگوریتم جستجوی گرانشی براساس کنترل توده با مرکز توده

 پویا در مسیرهای سهمی برای شبکه های حسگر متحرک

 

 3مینا میرحسینی و  ،*2نائینی وحید ستاری، 1الهام خدایاری

 گروه مهندسی کامپیوتر دانشگاه پیام نور بردسیر، کرمان، ایران. 1

 مهندسی کامپیوتر دانشگاه شهید باهنر کرمان، کرمان، ایران.گروه  2

 علوم کامپیوتر مجتمع آموزش عالی بم، بم، ایران.گروه  3
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 چکیده:

ا پی دا پیشرفت رویه کنترل توده بهینه، یکی از مشکلات اصلی در شبکه های حسگر متحرک می باشد. علاوه بر این، یکی از مسائل مهم در این شبکه ه 

د. کردن پارامترهای بهینه است بنحوی که حسگرهای متحرک با بهترین سرعت به سمت هدف پویا همگرا شوند و به خوبی زمان ردیابی را ک اه  دهن 

م ا در ای ن کن د. اساس متدهای فراابتک اری ارائ ه م یاین مقاله یک الگوریتم کنترل توده بهینه برای ردیابی هدف پویا در شبکه های حسگر متحرک بر

بهین ه ب رای هدف کلی این مقال ه پی دا ک ردن پارامتره ای  ایم.لگوریتم جستجوی گرانشی بهره بردهسازی غیر محدب براساس امقاله از یک روش بهینه

تابع برازندگی می انگین فاص له ایلیدس ی مرک    الگوریتم کنترل توده است تا رفتارهای گروهی خواسته شده را برای کم کردن تابع برازندگی انجام دهد.

نت ایج ایج رضایت بخ  است. های استفاده از الگوریتم جستجوی گرانشی، کاربرد آن در ردیابی چند هدف با نتز هدف پویا می باشد. یکی از م یتتوده ا

 دهد.با کارهای گذشته به وضوح نشان میسازی، کارایی الگوریتم جستجوی گرانشی را در مقایسه شبیه

 کنترل توده، ردیابی هدف، شبکه حسگر متحرک، مرک  توده، الگوریتم جستجوی گرانشی.  :کلمات کلیدی

 


