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ABSTRACT

Differential evolution is an efficient algorithm for continuous optimization problems. However, applying differential
evolution to solve large-scale optimization problems quickly degrades performance and exponentially increases runtime.
To overcome this problem, a new cooperative coevolution differential evolution based on Spark (referred to as
SparkDECC) is proposed. The divide-and-conquer strategy is used in SparkDECC.
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Table 1. Comparison of SparkDE, OXDE, CoDE, jDE, and PSO algorithms for solving the results

OXDE CoDE JDE PSO SparkDECC
F Mean Std Mean Std Mean Std Mean Std Mean Std
f 4.76E+02 1.67E+02 1.50-05  1.74E-05 2.46E-06 1.23E-05 2.30E+06 2.79E+04 5.85E-13 1.62E-13
£ 527E+01 6.89E+00 8.89E-01 9.74E-01 1.74E-10  8.62E-10 7.16E+04 3.30E+04 6.60E-07 1.00E-07
£ 1.54E+06 2.33E+05 4.50E+04 6.12E+03 7.54E+04 1.48E+04 8.68E+08 6.51E+07 5.31E+07 7.20E+06
fi  2.59E+01 1.84E+00 2.67E+01 1.95E+00 5.04E+01 4.58E+00 4.01E+02 7.98E+00 9.76E+01 2.22E-01
fs  2.28E+04 7.08E+03 2.39E+03 2.12E+02 2.18E+03 221E+02 9.23E+12 129E+12 1.62E+03 1.62E+02
fs  7.86E+03 8.86E+02 5.26E+01 6.26E+01 1.06E+04 2.98E+03 2.30E+06 1.29E+05 1.60E-01 4.73E-01
£ 5.68E+00 7.25E-01 9.06E-01 1.03E-01 2.91E+01 1.60E+01 3.48E+13 3.87E+12 3.62E+00 1.67E-01
f -4.17E+05 7.27E+02 -1.89E+05 5.14E+03 -4.19F+05 3.18E-01 -1.34E+05 4.51E+03 -6.11E+04 1.18E+03
fo  4.94E+02 5.32E+01 4.59E+03 2.10E+02 2.98E+00 4.03E+00 2.33E+06 1.35E+05 1.10E+04 3.93E+01
fio  6.49E+00 2.79E-01 2.25E+00 1.82E-01 5.12E+00 7.06E-01 2.15E+01 3.77E-02 4.55E-08 8.16E-09
Fi;  5.02E+00 1.19E+00 7.70E-03 2.29E-02 8.91E-01 7.39E001 5.75E+02 4.15E+01 3.54E-14 1.03E-14
fi>  3.01E+00 7.11E-11 5.75B-02 4.85B-02 1.32E+06 2.20E+06 6.99E+12 7.75E+11 7.46E-04 2.58E-03
fis  1.94E+03 3.40E+02 1.15B+02 7.53E+01 1.14E+07 8.17E+06 7.87E+12 8.78E+11 8.79E-04 3.04E-03
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Fig. 1. Flowchart of SparkDECC algorithm
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