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A hybrid differential evolutionary algorithm based on
the simulated annealing operation

YANG Yanxia
( Department of Information Engineering, Wuhan University of Science and Technology City College, Wuhan 430083, China)

Abstract ; In order to improve the ability of the evolutionary algorithm for solving such complicated combination and
optimization problems as the massive deceptive problems and hierarchical problems, this paper proposes an im-
proved algorithm, which introduces the simulated annealing operation into the differential evolutionary algorithm. U-
sing this method, the simulated annealing operation is carried out for a randomly generated initial individual and the
temperature-reducing operation is carried out for a new individual. After several times of iterations, the optimal so-
lution in the population is taken as the solution to the question. By utilizing the mutation search of the simulated an-
nealing operator to improve the diversity of the population, the differential evolutionary algorithm can better utilize
colony differences for an overall search. In the experiment, various types of deceptive functions and the hierarchical
functions with a tree-shape structure are applied to simulation testing of the algorithm. In the initial stage, the algo-
rithm keeps diversity of the population; in the later stage, a local optimal solution may be generated, the conver-
gence scope nears to the overall optimal solution. The simulation results show that the algorithm has advantage for
the aspect of searching the overall optimal solution.
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Table 1 The simulation results of the deceptive function
problem
MREC 4EHn PR COMAEA  SCDE  DESA
AL
30 300 298.42  300.00 300.00
Goldberg3 60 600 564.85 572.68 586.69
90 900 796.84 842.75 889.36
30 10 9.84 10.00 10.00
Deceptive3 60 20 18.96 19.26 19.96
90 30 28.96 28.78 29.46
30 30 29.63 29.65 29.89
Trap5 60 60 58.36 49.45 59.68
90 90 78.95 82.68 88.61
30 5 4.78 4.82 4.91
Bipolar6 60 10 9.14 9.54 9.72
90 15 13.68 14.56 14.89
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Table 2 The simulation results of the hierarchical function

problem
PREL 4% n @ﬁ COMAEA  SCDE DESA
L
32 192 148.42 153.24  189.78
HIFF 64 448 372.69 312.33  424.62
128 1024 836.54 821.35 989.36
27 135 129.94 121.26  134.82
Hirapl 81 1134 1083.16 1041.74 1131.43
243 9 963 9228.76 9 128.13 9 927.31
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