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Table 1 Average and standard deviation of IGD obtained by 5 algorithms on MaF test sets
Wik M D 16D ¥ (16D fiifE %)
REMO CPS-MOEA CSEA MCEA/D FCEA-ASS

3 12 1.5868e-1 (1.07e-1) 3.555 8e~1 (3.08e-2) 1.334 0e-1 (1.40e-2) 1.104 6e-1 (2.46e-2)  1.345 Te=1 (2.90e-2)

\aF] 4 13 2.106 2e-1 (3.48e-2) 5.139 9e~1 (7.08e-2) 2.115 8e~1 (2.61e-2) 2.295 4e-1 (2.66e-2)  2.056 7e-1 (3.20e-2)
6 15  3.646 Se-1 (6.63e-2) 6.675 Te=1 (7.59%-2) 3.139 0e-1 (5.48e-2) 4.176 4e-1 (4.53e-2)  3.093 2e-1 (6.45e-2)

8 17  4.8394e-1 (7.64e-2) 8.131 7e-1 (1.0le-1) 4.653 le-1 (5.38e-2) 4.974 8e-1 (4.48¢-2)  4.638 1le-1 (5.83e-2)

3 12 4.720 5e-2 (2.23e-3) 1. 071 4e~1 (5.26e-3) 8.230 8e-2 (3.74e-3) 4.117 3e-2 (2.57e-3)  3.963 Se-2 (4.99%e-3)

a2 4 13 7.313 9e-2 (1.59%-3) 1.740 7e~1 (4.10e-3) 1.233 2e~1 (3.32¢-3) 8.365 3e-2 (3.76e-3)  1.211 8e-1 (4.21e-3)
6 15 2.191 5e-1 (2.33e-2) 2.582 5e~1 (1.63e-2) 3.222 3e~1 (1.51e-2) 2.235 le-1 (2.52¢-2)  2.121 Se-1 (2.13e-2)

8 17 2.841 Se-1 (1.70e-2) 3.611 8e~1 (2.31e-2) 4.886 8e~1 (3.0le-2) 2.945 4e~1 (2.56e-2)  2.596 2e-1 (4.25e-2)

3 12 8.235 le+4 (6.28e+4) 1.569 3e+5 (5.96e+4) 2.200 6e+5 (2.76e+5) 5.713 6e+4 (2.44e+4)  5.687 3e+4 (4.77e+4)

a3 4 13 1.237 Te+5 (9.99¢+4) 1. 856 2e+5 (7.06e+4) 3. 628 4e+5 (4.20e+5) 2.828 6et+d (2.25e+4)  1.139 le+4 (2.35e+4)
6 15 1.986 0e+5 (1.69e+5) 2.825 le+5 (9.32e+4) 6.275 3e+5 (3.26e+5) 2.047 2e+4 (1.91e+4)  1.464 9e+4 (5.00e+4)

8 17 2.990 6e+5 (3.26e+5) 4.683 le+5 (1.92e+5) 5.836 3e+5 (3.47e+5) 2.450 Se+4 (2.16e+4)  1.573 Se+4 (5.89%e+4)

3 12 4.639 6e+2 (1.00e+2) 2.883 de+2 (4.82e+1) 1.483 9e+2(3.79+1) 5.890 6e+2(2.6le+2)  1.386 2e+2 (3.86e+1)

Va4 4 13 1.0362e+3 (1.87e+2) 3.877 4e+2 (6.8%+1) 2.953 2e+2 (5.80e+1) 7.537 6e+2 (5.17e+2)  2.097 Oe+2 (6.53e+1)
6 15 3.5229e+3(5.26e+2) 5.564 5e+2 (8.70e+1) 2.459 6e+2(4.19e+1) 2.926 4e+3 (2.40e+3)  3.202 4e+2 (1.10e+2)

8 17 1.442 Oe+4 (4.03e+3) 7.426 0e+2 (1. 16e+2) 3.152 4e+2(7. 6de+1) 1.385 3e+4 (8.89e+3)  4.422 8e+2 (1.18e+2)

3 12 7.303 le-1 (8.65¢-2) 6.216 0e~-1 (5.32¢-2) 3.211 2e~1 (1. 04e-1) 3.157 2e+0 (1.71e+0)  2.234 2e-1 (2.23e-1)

MaFS 4 13 1.958 3e+0 (3.19¢-1) 7.269 0e-1 (4.17e-2) 3.849 6e-1 (1.32e-1) 6.076 1e+0 (3.06e+0)  7.480 9e~1 (2.10e-1)
6 15  8.708 3e+0(1.98¢+0) 8.407 le-1 (3.87e-2) 4.874 Te-1 (6. 81e-2) 1.481 4e+1 (1.92e+0)  8.196 3e-1 (8.8le-2)

8 17 3.231 3e+1 (4.55¢+0) 9.125 4e~-1 (2.60e-2) 6.194 0e=1 (4.69-2) 4.616 4e+1 (6.09¢+0)  5.766 3e-1 (9. 88e-2)

3 12 1.5138e+0 (7.15¢-1) 2.022 6e+1 (5.95e+0) 4.379 3e+0 (2.63e+0) 5.446 9e~1 (1.94e-1)  5.402 2e-1 (1.6le-1)

MaF6 4 13 1.941 3e+0 (1.25¢+0) 2.251 2e+1 (7.40e+0) 4.824 2e+0 (2. 13e+0) 4.554 Se-1 (1.06e-1)  7.278 3e~1 (4. 14e-1)
6 15  1.451 6e+0 (7.62e-1) 2.216 2e+1 (6. 64e+0) 4.990 le+0 (2.94e+0) 4.539 le-1 (1.3le-1)  4.454 Te-1 (9.99%e-1)

8 17  1.864 8e+0 (9.68e-1) 3.096 3e+1 (1.00e+1) 6.017 2e+0(1.92e+0) 8.938 9e-1 (3.03e-1)  7.174 2e+0 (7.26e+0)
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Table 2 Average and standard deviation of /GD obtained by 5 algorithms on WFG test sets

. 1GD ¥{H (16D prifE )
WhE M D
REMO CPS-MOEA CSEA MCEA/D FCEA-ASS
312 1.508 7e+0(5.20e-2) 8.501 4e-1(1.25¢-2) 5.972 6e-1(3.15e-2) 2.024 7e+0(9.07e=2)  7.364 Te-1(7.32e-2)
WEC] 4 13 1.778 2e+0(7. 56e-2) 9.123 6e-1(1.57e-2) 6.291 8e-1(3.22¢-2) 2.459 1e+0(6.90e-2)  7.739 6e~1(5.30e-2)
6 15  2.221 0e+0(1.40e~1) 9.335 Se~1(2.22e-2) 6.851 Se~1(3.67e-2) 2.672 5e+0(8.19e=2)  6.291 5e—1(5.22e-2)
8 17 2.575 4e+0(1. 24e-1) 9.172 Oe-1( 1. 86e-2) 7.643 Oe~1(4. 87e-2) 3.097 7e+0(9. 17e-2)  7.566 8e-1(2.94e~2)
312 6.268 5e~1(1.78e-1) 2.313 Se~1(1.59%-2) 1.381 5e-1(1. 68e-2) 5.262 9e~1(5.73¢=2)  1.507 6e=1(2.0le-2)
S 4 13 7.516 0e=1(1.65e~1) 2.622 8e~1(1.43e-2) 1. 660 6e—1(1.87e-2) 8.462 8e=1(1.14e=1)  1.501 7e-1(2.47e-2)
6 15  1.279 5e+0(4. 19-1) 3.007 0e=1(2.21e-2) 1.892 3e-1(2.33e-2) 1.410 8e+0(2.70e=1)  2.023 7e~1(2.30e-2)
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Fuzzy Classification Surrogate-assisted Evolutionary Algorithm Based on Adaptive

Sampling Strategy

LI Erchao, WU Yu

(College of Electrical and Information Engineering, Lanzhou University of Technology, Lanzhou 730050, China)

Abstract; In order to solve the problem of low management efficiency of classification surrogate-assisted evolution-
ary algorithms based on fuzzy classification and how to effectively reduce the number of real function evaluations, in
this study a fuzzy classification surrogate-assisted evolutionary algorithm was proposed based on an adaptive sam-
pling strategy. Firstly, in the algorithm the agent model was constructed by screening samples through the Pareto
dominance relationship. Then, the selection pressure was improved by using a transfer-based density estimation
strategy , which balanced convergence and diversity. At the same time, ten-fold cross-validation was used to obtain
accuracy information to divide the states. Finally, an adaptive model management strategy was designed. Consider-
ing the convergence, diversity, and uncertainty of the current population, targeted sampling methods was adopted
according to different accuracy states. The algorithm could ensure overall performance while rationally reducing the
number of real evaluations. To verify the performance of the proposed algorithm, it was compared with four other al-
gorithms on the MaF and WFG test sets and real-world engineering problems of automotive side impact design and
driving cabin design. The experimental results showed that the proposed algorithm, which could prove that the algo-
rithm had good competitiveness in solving expensive multi-objective optimization problems with the limited number
of real evaluations.

Keywords: surrogate-assisted evolutionary algorithm; surrogate model; expensive many-objective optimization

problems; model management





