






ratio of runs that are failed in entering SF (if there have no 
parenthesis, it means no failed runs) in percentage, and 
only those runs that are succeeded in entering SF are 
counted for calculating the FB. 

For LPS#B, LPS#R, and LPS#P1, the only difference 
is their boundary handling modes. It can be found that 
LPS#B got worse results (and a large amount of runs are 
even failed in entering SF, especially for G6, 96% runs are 
failed), since many runs for Boundary mode were 
premature convergence at the boundary of S during the 
early evolution stage. For LPS#R, it could not get satisfied 
results in give T generations due to the unnecessarily MR 
operations in Random mode, when the global optimum of 
a problem is located at or closed to the boundary (except 
for G8, G9, G10), especially for G1, 79% runs are failed in 
entering SF. For LPS#P1, it performs better than LPS#B 
and LPS#R in almost all examples. 

LPS#P2 gets better results than LPS#P1 when N is 
increased from 14 to 70. By comparison it with the 
existing results by EAs in Table 2, it can be seen that 
LPS#P2 get worse results than ES [4], which with one 
better (G2), three almost same (G4, G6, G8) and four worse 
(G1, G7, G9, G10) examples, while get better results than 
GA [3], which with four better (G4, G7, G9, G10), two 
almost same (G6, G8) and two worse (G1, G2) examples. 

Table 4 gives the summary of mean best results FB by 
the cases of DEPS. The Boundary mode and Random 
mode of DEPS are better than that of LPS in most 
examples through the complementary searching role by 
the hybrid DE operator. Moreover, the DEPS#P1 still 
performs well than the DEPS#B and the DEPS#R. By 
comparison the DEPS#P2 with the existing results in the 
Table 2, it can be seen that DEPS#P2 get better results 
than ES [4] and GA [3] in almost all examples. 

 
TABLE 4. MEAN RESULTS BY THE CASES OF DEPS 

F.  DEPS#B (rf) DEPS#R DEPS#P1 DEPS#P2
G1 -6.259 -12.248 -14.271 -15.000
G2 0.36326 0.40280 0.48664 0.64330
G4 -30646.43 -30662.20 -30665.54 -30665.54
G6 -6961.8 (74) -6931.271 -6961.814 -6961.814
G7 209.300 (2) 26.358 24.897 24.306
G8 0.095691 0.095425 0.095558 0.095825
G9 20819.319 680.690 680.690 680.630
G10 8378.4 (4) 7506.5 7343.5 7049.5

 
Here the GA [3] performs the best for G2 in all cases of 

algorithm settings. However, if the T of LPS#P2 is 
increased to 1E4, i.e. TE is increased to 7E5, then FB of G2 
was 0.79298, which is better than GA [3]. 

B. Engineering design examples [10] 
 

Table 5 gives the global minimum value F* and 
existing results with number of evaluations by Ray et al. 
[10] for engineering design examples. Here the global 

optimum of SR is located at the boundary; for WB, TS, 
their global optimums are closed to the boundary. 

Table 6 lists the results calculated by LPS in different 
handling modes, where N=40, T=500, then TE=2E4. For 
each example, 500 runs were executed. Here the solutions 
of Boundary mode also are often trapped into the local 
minimums at the boundary. For Random mode, it found 
worse results for the cases WB, TS and SR, which the 
global minimum are located at or closed to the boundary. 
Moreover, the Periodic mode can find better results that 
Ray’s [10] in less evaluation times. 

 
TABLE 5. EXISTING RESULTS FOR ENGINEERING PROBLEMS 
Design problems F*

 Results [10] TE [10]
Welded Bean (WB) 2.38113 2.96070 64862
Speed Reducer (SR) 2994.471 2998.027 110235

Three-Bar Truss (TB) 263.8958 263.8989 36113
Tension Spring (TS) 0.012666 0.012923 25167

 
TABLE 6. MEAN RESULTS BY LPS IN DIFFERENT MODES 

Mode WB SR TB TS 
Boundary 3.35408 3060.910 263.89646 0.013129
Random 2.56145 3100.733 263.89649 0.015372
Periodic 2.40403 2994.497 263.89654 0.012922

V.  CONCLUSION 

This paper has analysized a Periodic boundary 
handling mode, which is employed for improving the 
robustness of particle swarm. The method does not 
introduce any additional parameters. By providing an 
infinite space, which is composed of periodic copies of 
original S. it eliminates possible disorganizing for the 
particle swarm that caused by the unnecessary mutations 
at the boundary of S as in conventional handling methods. 
Besides, it provides an effective copy of S for the flying of 
dynamic particle swarm, which the maximum possible 
variation length by Periodic mode is also decreased to half 
of conventional handling methods for each dimension. 

The performance of particle swarm with Periodic mode 
on benchmark functions was compared with that of 
conventional handling modes, include Boundary and 
Random mode, which produced better results, especially 
for the cases with local optimums that closed to or located 
at the boundary of S. It was also compared with the 
existing results of different algorithms, which provided 
better results in less evaluation times. 
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