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Abstract. In this paper, the novel concept of particle performance evaluation is 
introduced into the chaos driven particle swarm optimization algorithm (PSO). 
The discrete chaotic dissipative standard map is used here as a chaotic pseudo-
random number generator (CPRNG). In the novel proposed particle perfor-
mance evaluation method the contribution of each particle to the process of  
obtaining the global best solution is investigated periodically. As a reaction to 
the possible poor performance of a particular particle, its velocity calculation is 
thereafter altered. Through utilization of this approach the convergence speed 
and overall performance of PSO algorithm driven by CPRNG based on Dissipa-
tive map is improved. The proposed method is tested on the CEC13 benchmark 
set with two different dimension settings. 

1 Introduction 

Since its introduction in 1995 [1], the PSO algorithm [1], [2] has become one of the lead-
ing representatives of evolutionary computational techniques (ECTs) and also of the 
Swarm intelligence [2]. Various modifications have been proposed over the time [3–7] 
and the inner dynamic of the PSO has been subject of many detailed studies e.g. [8, 9]. 
One of the more recent trends with very satisfactory results is represented through the 
implementation of chaotic sequences into the PSO dynamic [10-17]. Within the previous 
research [13-17], the strong evidences have been collected to support the claim that  
utilization of CPRNGs based on different chaotic systems may lead to significantly dif-
ferent behavior of the swarm and overall performance of the algorithm. The dissipative 
standard map [18] in particular seems to be very promising chaotic sequence for the 
usage as the CPRNG inside the PSO algorithm. The performance of such algorithm has 
been investigated deeply in previous studies e.g. [13, 15, 17].  

In this research a simple method called the “Particle Performance Evaluation” is de-
signed to improve the performance of PSO algorithm driven by dissipative chaotic map 
and to address some of the main issues that were discovered during previous research. 

The paper is structured as follows: In the next section the original PSO algorithm is 
described. Section three contains brief summary of the results and main points of pre-
vious research of PSO witch Dissipative map based CPRNG. The “Particle Performance 
Evaluation” is described in section four. Following sections contain the experiments de-
sign and results. The results discussion and conclusion follows afterwards. 
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2 Particle Swarm Optimization Algorithm 

The original (canonical) PSO algorithm was introduced in 1995 by Eberhart and 
Kennedy [1, 2]. Each particle in the swarm is defined by its “position” - the com-
bination of cost function (CF) parameters, and “velocity”. The new position of the 
particle in the following iteration is then obtained as a sum of actual position and 
newly calculated velocity. The velocity calculation follows two natural tendencies 
of the particle: To move to the best solution found so far by the particular particle 
(known in the literature as personal best: pBest or local best: lBest). And to move 
to the overall best solution found in the swarm or defined sub-swarm (known as 
global best: gBest). 

According to the method of selection of the swarm or subswarm for gBest informa-
tion spreading, the PSO algorithms are noted as global PSO (GPSO) [7] or local PSO 
(LPSO) [8]. Within this research the PSO algorithm with global topology (GPSO) 
[1,2, 7] was utilized. 

In the original GPSO the new velocity is calculated according to (1):  
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Where: 

vi
t+1 - New velocity of the ith particle in iteration t+1. 

w – Inertia weight value. 
vi

t - Current velocity of the ith particle in iteration t. 
c1, c2 - Priority factors (set to the typical value = 2 ). 
pBesti – Local (personal) best solution found by the ith particle.  
gBest - Best solution found in a population.  
xij

t - Current position of the ith particle (component j of the dimension D) in iteration t.  
Rand – Pseudo random number, interval (0, 1). The CPRNG is used here. 

The maximum velocity of particles in the GPSO is typically limited to 0.2 of the 
range of the optimization problem and this pattern was followed in this study. The 
new position of a particle is then given by (2), where xi

t+1 is the new position of  
the particle: 
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Finally the linear decreasing inertia weight [5, 7] is used in the GPSO here. Its pur-
pose is to slow the particles over time thus to improve the local search capability in 
the later phase of the optimization. The inertia weight has two control parameters 
wstart and wend. A new w for each iteration is given by (3), where t stands for current 
iteration number and n stands for the total number of iterations. The values used for 
the GPSO in this study were wstart = 0.9 and wend =0.4. 
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3 PSO with CPRNG Based on Dissipative Standard Map 

Within the previous research [13-15, 17] strong evidences have been gathered hinting 
that through using of CPRNG based on Dissipative standard map inside the velocity 
calculation formula (1) of PSO algorithm the performance may be improved (in some 
cases). The detailed investigations [13 - 15] showed that the PSO driven by Dissipa-
tive map based CPRNG seems to achieve better results than canonical PSO in the 
cases of complex highly multimodal or high dimensional problems [13, 15, 17]. 

Recent research in chaos driven heuristics has been fueled with the predisposition 
that unlike stochastic approaches, a chaotic approach is able to bypass local optima 
stagnation. This one clause is of deep importance to evolutionary algorithms. A chao-
tic approach generally uses the chaotic map in the place of a pseudo random number 
generator. This causes the heuristic to map unique regions, since the chaotic map  
iterates to new regions. The task is then to select a very good chaotic map as the 
pseudo random number generator. 

It seems that the performance of PSO is improved by altering the swarm behavior 
in such manner that the convergence speed is significantly slower, which may result 
in the lower chance of falling into local extremes. However the better achieved results 
are usually compensated by the significantly higher computational time demands  
given the higher number of iterations required for the algorithm to converge (for  
further details please see [13 - 15]).  

The aforementioned behavior lead to conclusion: when strict time restrictions are 
applied, the PSO driven by chaotic Dissipative map based CPRNG is not able to 
achieve good results. As a reaction to these issues, the novel “Particle performance 
evaluation” approach is investigated and implemented into the GPSO driven by Dis-
sipative standard map in this presented research. The goal is to enhance the overall 
performance of the algorithm through the improvement of the convergence speed to-
gether with maintaining the advantages of the original PSO driven by Dissipative map 
based CPRNG. 

The Dissipative standard map is a two-dimensional chaotic map [18]. The parame-
ters used in this work are b = 0.6 and k = 8.8 based on previous experiments [17, 15] 
and suggestions in literature [18].The map equations are given in (4). 
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4 PSO with Particle Performance Evaluation (PSO with PPE) 

The novel approach proposed in this study is based on the simple premise that all par-
ticles should take part in the process of finding and improving of the final solution. 
The only way of communication among the particles in the GPSO design [1] 
represents the shared knowledge of the position of the best globally found solution 
(gBest). In other words: To be beneficial for the swarm, the particle has to update the 
gBest. Therefore the first step in the particle performance evaluation (PPE) is the ex-
act monitoring of the gBest updaters. A counter is allocated to each particle. On the 
start of each iteration the counter is incremented by 1 and is set to 0 when the particle 
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triggers a gBest update. In this way, it is possible to measure the number of iterations 
since the last gBest was found by particular particle. The second step in the PPE  
approach is to alter the performance of the particular particle when it has not triggered 
the gBest update for a given maximum number of iterations. In this initial research the 
simple constant c1 (1) is modified to vector (see (5)). 
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Where: 

c1i – Priority factor 1 for the ith particle.  

Subsequently when the particular particle does not trigger a gBest update for 1/10 
of the total number of iterations, the c1 value for that particle is set to 1. The value of 
c1 is set back to 2 when the particle reaches the gBest update.  

Through the following of this very simple pattern it is possible to reduce the number 
of particles with no gBest updates (triggers), further to reduce the number of iteration  
between gBest updates for the each particle and to improve the overall performance of 
the PSO algorithm driven by Dissipative map based CPRNG in some cases as it is  
presented in the following sections. 

5 Experiment Setup 

Within all performance testing three different GPSO versions were used. The first one 
was the original canonical GPSO with linear decreasing inertia weight (as described 
in the section 2), noted GPSO. The second version was the GPSO with Dissipative 
map based CPRNG in the velocity calculation (Noted GPSO Disi) and finally the 
third version represents the GPSO with Dissipative map based CPRNG and PPE as 
described in the section 4 (noted PSO Disi PPE). 

For the performance tests the CEC 13 benchmark suite [19] was used. For each 
version, totally 20 separate runs were performed and statistically analyzed.  

Control parameters were set up based on the previous numerous experiments and 
literature sources [1, 14, 15, 19] as follows: 

Population size: 30 
Dimension: 10, 50 
Iterations: 2500, 12500 (according to [19]) 
Runs: 20 
vmax = 0.2 · Range 
wstart = 0.9 
wend = 0.4 

6 Results 

The mean results for all versions of PSO described in the previous section are given 
and compared in Tables 1 and 2. The bold numbers represents the best results.  
The mean results are presented alongside the total number of best results obtained. 
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Furthermore the performance of pairs of algorithms is compared, where 1 stands  
for “win” of the “algorithm 1” (the first from the pair - left); number 2 stand for “win” 
of algorithm 2 (the second from the pair - right) and 0 stands for draw. The final  
score is also given in Tables 1 and 2 as a sum of points for wins (1 point) and draws 
(0.5 point).  

Table 1. Mean results comparison for dim = 10 

f(x) GPSO GPSO Disi GPSO Disi PPE    A1 vs. A2 A1 vs. A3 A2 vs. A3 

f(1) -1400 -1400 -1400 0 0 0 

f(2) 116137.6 416672.8 238461.5 1 1 2 

f(3) 2.73E+06 1.90E+06 289907.1 2 2 2 

f(4) -806.79 -471.1 -957.38 1 2 2 

f(5) -1000 -1000 -1000 0 0 0 

f(6) -894.08 -886 -890.78 1 1 2 

f(7) -795.82 -796.74 -793.61 2 1 1 

f(8) -679.67 -679.69 -679.67 2 0 1 

f(9) -597.39 -596.65 -596.82 1 1 2 

f(10) -499.51 -499.32 -499.6 1 2 2 

f(11) -398.16 -397.14 -397.61 1 1 2 

f(12) -287.02 -278.4 -288.41 1 2 2 

f(13) -181.14 -177.32 -180.41 1 1 2 

f(14) 73.36 169.38 128.84 1 1 2 

f(15) 835.16 949.55 674.34 1 2 2 

f(16) 200.89 200.95 200.79 1 2 2 

f(17) 314.23 329.04 313.66 1 2 2 

f(18) 431.55 439.58 422.38 1 2 2 

f(19) 500.68 501.48 500.67 1 2 2 

f(20) 602.48 602.87 602.6 1 1 2 

f(21) 1100.19 1090.18 1100.19 2 0 1 

f(22) 1031.51 1045.12 1121.89 1 1 1 

f(23) 1623.05 1726.28 1711.32 1 1 2 

f(24) 1204.71 1209.16 1204.64 1 2 2 

f(25) 1307.02 1305.78 1306.93 2 2 1 

f(26) 1350.92 1345.93 1347.28 2 2 1 

f(27) 1640.26 1656.97 1691.26 1 1 1 

f(28) 1754.15 1737.21 1745.87 2 2 1 

Best: 12 8 12 Score: 20 : 8 13 : 15 9.0 : 19.0 
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Table 2. Mean results comparison for dim = 50 

f(x) GPSO GPSO Disi GPSO Disi PPE A1 vs. A2 A1 vs. A3 A2 vs. A3 

f(1) -1400 -1348.687 -1400 1 0 2 

f(2) 9.65E+06 6.29E+07 2.18E+07 1 1 2 

f(3) 3.01E+08 6.91E+09 2.45E+08 1 2 2 

f(4) 1964.64 8114.369 -742.66 1 2 2 

f(5) -1000 -975.08 -1000 1 0 2 

f(6) -846.59 -832.96 -853.21 1 2 2 

f(7) -749.31 -732.56 -743.87 1 1 2 

f(8) -678.88 -678.879 -678.9 0 2 2 

f(9) -558.06 -550.86 -554.49 1 1 2 

f(10) -498.69 -377.11 -499.88 1 2 2 

f(11) -345.973 -202.754 -346.22 1 2 2 

f(12) -38.699 120.79 -137.82 1 2 2 

f(13) 136.46 217.1 88.27 1 2 2 

f(14) 1582.63 5858.16 1657.56 1 1 2 

f(15) 12130.01 12897.36 7891.71 1 2 2 

f(16) 203.04 202.68 202.89 2 2 1 

f(17) 432.469 764.932 448.87 1 1 2 

f(18) 868.08 947.15 611.54 1 2 2 

f(19) 507.03 541.05 508.97 1 1 2 

f(20) 621.37 621.67 620.03 1 2 2 

f(21) 1615.7 1726.1 1661.8 1 1 2 

f(22) 2915.96 7466.41 3205.45 1 1 2 

f(23) 12395.47 14554.47 10168.74 1 2 2 

f(24) 1290.55 1314.49 1306.99 1 1 2 

f(25) 1484.49 1521.45 1510.91 1 1 2 

f(26) 1563.87 1582.17 1586.17 1 1 1 

f(27) 2687.23 2843.66 2863.93 1 1 1 

f(28) 1800 1861.448 1960.31 1 1 1 

Best: 13 1 12 Score: 26.5 : 1.5 14.0 : 14.0 4.0 : 24.0 

Furthermore Fig. 1 depicts the illustrative comparison of the number of iterations 
since the last gBest update for each particle for GPSO Disi and GOPSO Disi PPE.  
It can be clearly observed the positive influence of PPE approach. 
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Finally two examples of mean gBest history plots are given in Fig. 2 and 3 to  
highlight the change in behavior of the chaos driven GPSO especially in terms of 
convergence speed. The results are further discussed in following section. 

 

Fig. 1. Number of iterations since last gBest update for each particle (sorted). f(1), dim = 10; 
comparison of GPSO Disi– blue, GPSO Disi PPE – red 

 

Fig. 2. Mean gBest history comparison f(15), dim = 10 
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Fig. 3. Mean gBest history comparison f(4), dim = 50 

7 Results Discussion 

The data presented in previous section seem to indicate that when the PPE is applied, 
the performance of GPSO driven by Dissipative standard map was in some cases sig-
nificantly improved. In the first experiment (Table 1) the original chaotic GPSO 
(GPSO Disi) managed to obtain better results than the canonical version (GPSO) only 
for 8 functions. However when PPE was applied the number of better results (for the 
restricted number of iterations) has increased to 15. In direct comparisons the chaos 
driven GPSO with PPE (GPSO Disi PPE) managed to find better results for 19  
different benchmark functions than the simple chaos driven GPSO (GPSO Disi).  
As an illustrative example, the effect of PPE (in case of f(15)) can be further observed 
from Fig. 2, where the gBest history is depicted and the improvement of convergence 
speed is clearly visible. It also seems that the GPSO Disi would improve its  
performance further if the number of iterations was increased. 

The second experiment (with higher dimension setting) has brought up surprising 
results (Table 2) that were unprecedented in any previous research [13-15]. It seems 
that the performance of GPSO Disi is not satisfactory within the given dimension set-
ting, function complexity and number of iterations. However when PPE is applied 
once again the performance was significantly improved. The example of mean gBest 
history for dim=50 and f(4) is given in Fig. 3. It seems that on this type of problem 
[19] the chaos driven PSO with PPE manages to obtain significantly better results 
than both the canonical (GPSO) and original chaos driven version (GPSO Disi). 

8 Conclusion 

In this initial research the behavior of GPSO algorithm driven by Dissipative standard 
map based CPRNG was altered by applying the “Particle performance evaluation”. 
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The performance of newly designed algorithm was tested on the CEC 13 benchmark 
suite and compared to the performance of original GPSO with both canonical and 
chaotic PRNG.  

It is necessary to mention, that the main aim of this paper was not to test the chaos 
embedding approach for evolutionary/swarm based algorithms, as the utilization of 
different CPRNGS and the very positive influence of inner chaotic dynamics to the 
performance of embedded algorithms was proved in many previous studies. Since the 
PPE approach was already successfully tested with canonical versions of PSO and 
with default PRNGs (no chaos embedded), the contribution of this paper is to 
show/prove the influence of PPE approach also in the different case of the chaos dri-
ven PSO algorithm, which takes advantages from the different swarm environment 
given by the chaotic dynamics. 

The initial results presented in this paper seem to indicate that this approach may lead 
to significant performance improvements for certain types of optimization problems.  
Also it seems that the number of redundant cost function evaluations may be significantly 
reduced by using the PPE approach. There is however still a need for significant number 
of experiment with higher variety of problem types and control parameters settings to 
prove these claims. The future research will focus mainly on further improvements of 
this method by enhancing the PPE with variety of different behavior changes (rules) for 
the particles. 

Acknowledgements. The following grants are acknowledged for the financial support 
provided for this research: Grant Agency of the Czech Republic - GACR 
P103/13/08195S, is partially supported by Grant of SGS No. SP2014/159, VŠB - Tech-
nical University of Ostrava, Czech Republic, by the Development of human resources in 
research and development of latest soft computing methods and their application in prac-
tice project, reg. no. CZ.1.07/2.3.00/20.0072 funded by Operational Programme Educa-
tion for Competitiveness, co-financed by ESF and state budget of the Czech Republic, 
further was supported by European Regional Development Fund under the project 
CEBIA-Tech No. CZ.1.05/2.1.00/03.0089 and by Internal Grant Agency of Tomas Bata 
University under the project No. IGA/FAI/2014/010. 

References 

1. Kennedy, J., Eberhart, R.: Particle swarm optimization. In: IEEE International Conference 
on Neural Networks, pp. 1942–1948 (1995) 

2. Kennedy, J., Eberhart, R.C., Shi, Y.: Swarm Intelligence. Morgan Kaufmann Publishers 
(2001) 

3. Liang, J., Suganthan, P.N.: Dynamic multi-swarm particle swarm optimizer. In: Swarm In-
telligence Symposium, SIS 2005, pp. 124–129 (2005) 

4. Liang, J.J., Qin, A.K., Suganthan, P.N., Baskar, S.: Comprehensive learning particle 
swarm optimizer for global optimization of multimodal functions. IEEE Transactions on 
Evolutionary Computation 10(3), 281–295 (2006) 

5. Nickabadi, A., Ebadzadeh, M.M., Safabakhsh, R.: A novel particle swarm optimization al-
gorithm with adaptive inertia weight. Applied Soft Computing 11(4), 3658–3670 (2011) 



454 M. Pluhacek, R. Senkerik, and I. Zelinka 

 

6. Zhi-Hui, Z., Jun, Z., Yun, L., Yu-hui, S.: Orthogonal Learning Particle Swarm Optimiza-
tion. IEEE Transactions on Evolutionary Computation 15(6), 832–847 (2011) 

7. Yuhui, S., Eberhart, R.: A modified particle swarm optimizer. In: IEEE World Congress 
on Computational Intelligence, May 4-9, pp. 69–73 (1998) 

8. Kennedy, J., Mendes, R.: Population structure and particle swarm performance. In: Pro-
ceedings of the 2002 Congress on Evolutionary Computation, CEC 2002, pp. 1671–1676 
(2002) 

9. van den Bergh, F., Engelbrecht, A.P.: A study of particle swarm optimization particle tra-
jectories. Information Sciences 176(8), 937–971 (2006) 

10. Caponetto, R., Fortuna, L., Fazzino, S., Xibilia, M.G.: Chaotic sequences to improve the 
performance of evolutionary algorithms. IEEE Transactions on Evolutionary Computa-
tion 7(3), 289–304 (2003) 

11. Araujo, E., Coelho, L.: Particle swarm approaches using Lozi map chaotic sequences to 
fuzzy modelling of an experimental thermal-vacuum system. Applied Soft Compu-
ting 8(4), 1354–1364 (2008) 

12. Alatas, B., Akin, E., Ozer, B.: Chaos embedded particle swarm optimization algorithms. 
Chaos, Solitons & Fractals 40(4), 1715–1734 (2009) 

13. Pluhacek, M., Senkerik, R., Davendra, D., Kominkova Oplatkova, Z., Zelinka, I.: On the 
behavior and performance of chaos driven PSO algorithm with inertia weight. Computers 
& Mathematics with Applications 66, 122–134 (2013) 

14. Pluhacek, M., Senkerik, R., Zelinka, I.: Particle Swarm Optimization Algorithm Driven by 
Multichaotic Number Generator. Soft Computing (accepted for publication, 2014), doi: 
10.1007/s00500-014-1222-z 

15. Pluhacek, M., Senkerik, R., Zelinka, I., Davendra, D.: On the Performance of Enhanced PSO 
Algorithm with Dissipative Chaotic Map in the Task of High Dimensional Optimization Prob-
lems. In: Zelinka, I., Chen, G., Rössler, O.E., Snasel, V., Abraham, A. (eds.) Nostradamus 
2013: Prediction, Model. & Analysis. AISC, vol. 210, pp. 89–99. Springer, Heidelberg (2013) 

16. Pluhacek, M., Budikova, V., Senkerik, R., Oplatkova, Z., Zelinka, I.: Extended Initial 
Study on the Performance of Enhanced PSO Algorithm with Lozi Chaotic Map. In: Zelin-
ka, I., Snasel, V., Rössler, O.E., Abraham, A., Corchado, E.S. (eds.) Nostradamus: Mod. 
Meth. of Prediction, Modeling. AISC, vol. 192, pp. 167–177. Springer, Heidelberg (2013) 

17. Pluhacek, M., Senkerik, R., Davendra, D., Zelinka, I.: Designing PID controller for DC 
motor by means of enhanced PSO algorithm with dissipative chaotic map. In: Snasel, V., 
Abraham, A., Corchado, E.S. (eds.) SOCO Models in Industrial & Environmental Appl. 
AISC, vol. 188, pp. 475–483. Springer, Heidelberg (2013) 

18. Sprott, J.C.: Chaos and Time-Series Analysis. Oxford University Press (2003) 
19. Liang, J.J., Qu, B.-Y., Suganthan, P.N., Hernández-Díaz Alfredo, G.: Problem Definitions 

and Evaluation Criteria for the CEC 2013 Special Session and Competition on  
Real-Parameter Optimization, Technical Report 201212, Computational Intelligence La-
boratory, Zhengzhou University, Zhengzhou China and Technical Report, Nanyang Tech-
nological University, Singapore (January 2013) 


	Chaos Driven Particle Swarm Optimization with Basic Particle Performance Evaluation – An Initial Study
	1 Introduction
	2 Particle Swarm Optimization Algorithm
	3 PSO with CPRNG Based on Dissipative Standard Map
	4 PSO with Particle Performance Evaluation (PSO with PPE)
	5 Experiment Setup
	6 Results
	7 Results Discussion
	8 Conclusion
	References




