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Abstract In order to improve the convergence and diversity of the multi-objective differential evolution algorithm in
solving multi-objective optimization problems, this paper proposed a multi-objective differential evolution algorithm with
fuzzy adaptive ranking-based mutation. Firstly, the global exploration and the local exploitation are balanced by using
the fuzzy system which adaptively adjust the parameters of ranking-based mutation,so the convergence rate of the algo-
rithm is accelerated and the possibility of the algorithm falling into a local optimum is reduced. Secondly,for the sake of
improving the stability and diversity of the algorithm,an initial population with good diversity is obtained through the
uniform population initialization method at the beginning of the algorithm. Finally, the discarded individuals is stored by
adding them to a temporary population for the final selection in the end of each iteration, therefore, the population diver-
sity during the evolution process is improved. Simulation experiments were conducted on the seven standard test func-
tions and three test functions with bias features. The experimental results show that compared with other four algo-
rithms, the proposed algorithm has better convergence and diversity,and it can effectively approach to the real Pareto
frontier. The effectiveness of the fuzzy adaptive ranking-based mutation strategy in the proposed algorithm is also veri-
fied by experimental comparison method.
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Table 1 Results of MODE-FARM and other four algorithms on GD
Problems MODE-FARM MOED-RMO MOEA/D MOEA/D-DE IM-MOEA
p— 2.39%x10°* 3.85x10° 5.53x10 * 3.80%X10 ° 1.55X10 !
(3.64x1075) (3.68X10° %) + (1.64X10" %) + (2.51X107%) + (1.35%10" 1) +
p— 9.43%x10°° 7.07X10 3 8.40x10 " 2.75X10 % 2.24x10" !
(5.26%x107%) (8.85X10° %) + (4.92X107 %) + (1.41X10%) + (1.83x10" 1) +
JDT3 1.58x 104 4.97%x10 3 2.47X10 3 7.59X10 3 1.30x10 !
(1.26x107%) (6.74x10" H+ (3.04X10 %)+ (6.51x10 %) + (8.23X10° %) +
JDT4 6.12%x10 ° 2.87%x10 ! 3.89x107° 1.06x10 ! 4.87%x10 2
(1.28%10° %) (3.57x10" 1) + (3.07x107%) - (1.32X10" 1) + (7.64X107%) +
— 7.07%x10°° 2.85%10 7 1.18x10 % 1.23X10* 7.63x10 !
(4.61%x1075) (1.24x107%) + “.71x10°H + (2.18%X10° %) + (1.03%x10° 1) +
DTLZG 9.63Xx10 ° 1.39%x10° ! 1.55x10 ° 8.33x107° 6.27X10 !
(6.19x10 %) (3.38%10 %) + (4.02x10 %) + (2.01%107%) — (1.67x10 %)+
DTLZT 5.57X10 ° 2.18%x10 ? 4.83%1073 6.35X10 2 6.88x10 °
(4.13x10™H (5.21X107%) + (1.01x1073)— (5.90X10" %)+ (4.14X107%) +
BT 2.61%x10° % 7.45X10 2 1.14Xx10 2 1.13x10" ! 3.86x10 !
(3.84%x107%) (1.96X10° %) + (6.26X10° %) + (2.53X107%) + (1.45%X107 %) +
BT3 1.01x 1073 2.01x10 ¢ 2.47X10 3 5.11X10 2 3.21X10 !
(3.39x 1074 (9.58%10 %) + 9.93x10 1) + (1.27X10 %) + (1.15X10 %) +
BT 1.71x107°3 6.17x10 2 2.96X10 2 1.11x10" ! 4.09x10"!
(2.19%x1073) (1.86X10° %) + (1.43X107 %) + (3.11X10" %) + (2.19%107 %) +
+/~/— 10/0/0 8/0/2 9/0/1 10/0/0
# 2 MODE-FARM FIHAth 4 Fh5E7 4 SP L5056 25
Table 2 Results of MODE-FARM and other four algorithms on SP
Problems MODE-FARM MOED-RMO MOEA/D MOEA/D-DE IM-MOEA
— 6.33%x 103 7.16X10 ° 9.34x10 *? 1.17x10 ° 5.62%X10 !
(6.06%x10™%) (2.62X10 %) =~ (4.95X107%) + (1.75%X107%) + (6.69%x10" 1) +
P— 6.55x10°° 9.32x10 ° 1.18%x10 * 9.42X10 ° 5.97x10 !
(4.14%x107% (1.75x107 %) + (1.82X10 %) =~ (4.28X10 %) =~ (6.08X10° 1) +
JDT3 6.95x10°° 1.13x10 2 2.18X10 2 2.66X10 2 4.68x10 !
(7.86x 1074 (1.75x10° %) + (4.74%107%) + (6.37x10 %) + (5.41x10° 1) +
— 6.71x 1073 6.46x10 ! 1.43X10 % 2.01x10 ! 4.00%X10" !
(1.35%107%) (9.41x10 1 + (8.15x10 %) + (6.36X10 1) + (6.13%x10 1) +
JDT6 8.56X10 ° 4.97X10 2 4.40%x107° 1.24x10 ! 1.32x10 !
(8.17x10™H (1.19x10° 1 + (1.03%x107%) — (2.17x10" 1) =~ (6.54X10° %) +
DTLZ6 1.21x 1072 2.85%X10 ! 8.52x10 ¢ 5.84X10 2 4.35%X10 !
(1.36x107%) (3.24%10° %) + 1.72x107 %) + 1.21x10" )+ (3.93X10 %) +
DTLZ? 6.94x 1072 8.48x10 ° 1.72x10 ! 6.51x10 ! 3.53X10 !
(9.27x1073) (2.21xX10° %) =~ (5.11x10° %) + (4.92x10° 1 + (1.10x10" 1) +
BT 7.52X10 ° 6.92x 1073 1.16X10 2 1.02x10 ! 5.94%X10 2
(2.55X10°%) (6.42x107%) =~ (1.15x10° %) + (4.95%x10°%) + (3.30x10°%) +4
BT 6.32%x10 ° 2.51x107° 6.00X10 3 3.16x10 ! 5.09%x10 2
(2.46X10 %) (5.52x107%) — (4.94x107 %) +4 (6.32Xx10"%) + (1.46X10° %) 4
BTs 5.35% 103 5.61x10 3 2.47X10 2 1.31x10 ! 5.75%X10 2
(9.88x 1074 (5.07x10" %) +4 (1.32X10° %) + (7.23%10"%) + (2.22x10° %) 4
+ /) — 6/3/1 8/1/1 8/2/0 10/0/0
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Table 3 Results of MODE-FARM and other four algorithms on IGD
Problems MODE-FARM MOED-RMO MOEA/D MOEA/D-DE IM-MOEA
JOT1 4.36x10°° 3.67x10° 1.84%x10 2 3.66X10 2 1.78%x10 !
’ (1.29%x10™% (2.76X10 °) + (1.56X10 %) + (2.25X10° %) + (1.12X10" 2)+
p— 4.50% 103 6.71x10 2 7.35X10 2 3.33X10 2 2.89%x10 !
(1.51x10™% (7.07x10 %) +4 (9.29%10°%) +4 (4.93x10°%) +4 (1.91x10~ %) +4
o~ 4.93%x10° % 5.09x10 2 3.13X10 2 7.65X10 2 1.69x10 !
’ (1.49x 1074 (5.11x10° %) + (1.59x10° %) + (4.40X10°%) + (9.13%X10° %) +
p— 6.08x10 2 2.10x107 ! 3.90X10 2 1.38x10 ! 6.23%x 103
’ (1.22%x10" 1) (2.36X10° 1) + (2.77X10° %) + (2.32X10°H + (2.32x107%) —
JDT6 5.41%x10 ° 2.28%X10 ! 9.89Xx10 3 3.11x107° 2.19
(1.88x10™H (1.93x10°%) + (3.05X10 %) + (2.28x1075%)— (1.41x10° Y +
.79%x 1073 3.93 .38%x10 2 1.45%x10 2 4.46
DTLZ6 6.79% 10 8 3.38 ‘ 45 0, 3
(3.63%x107%) (3.00X10 ) + (5.95X10 %) + (2.70X10 °) + (1.71x10" " +
- 7.42% 1072 1.76 X107} 2.38%10 ! 2.74x10" ! 3.56x10 !
- (3.72x107%) (1.29%10° %) + (2.30x10 1) + (1.33x10° 1) + (1.45%10° %) +
BT1 2.29%1072 3.39%x10 ? 9.92x10 2 8.55X10 ! 2.78
(3.52x1072) (8.99x10 %) + (5.78X10° %) + (1.74X10° 1) + (1.05x10" 1 +
B3 1.33%x 102 2.06%x10 ° 2.67X10 2 1.26 10! 2.20
(4.74x1073) (3.17x10° %) + (1.01x10" %) + (5.02%X10 %) + (1.17%x10" 1) +
- 1.48x1072 2.80x10 7 2.60x10" ! 7.16x10 ! 2.79
510 .
(2.05%1072) (8.27x10 %) + 1.10x10" " + (1.73%10" 1) + (1.08x10" 1 +
+/~/— 10/0/0 10/0/0 9/0/1 9/0/1
BAARR YR, X T AR SCET 4 A 10 A2 B ki R eE 5 . ZDT3
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Fig.5 Pareto {ront of non-dominated solutions on ZDT1
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Fig. 6 Pareto front of non-dominated solutions on ZDT2
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Fig. 7 Pareto {ront of non-dominated solutions on ZDT3
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Fig. 9 Pareto front of non-dominated solutions on ZDT6
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Fig. 10

Fig. 11

Fig. 12

Fig. 13

Fig. 14
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F4—F 6 LKL
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MODE-FARM #il MODE-FARMI1 7 GD | 1) 52 56 4% 1
Table 4 Experimental results of MODE-FARM and
MODE-FARMI1 on GD

MODE-FARM

MOED-FARMI1

Problems
Mean SD Mean SD
ZDT1 2.39%x107%  3.64x10°° 2.85x10 *  4.14x10 *
ZDT2 9.43%x107°% 5.26x107%  3.60x10 %  3.22x10 !
ZDT3 1.58x10°%  1.26x10°° 3.03x10° % 9.23x10"*
ZDT4 6.12x10 %  1.28x10 % 3.54x10°° 5.56%x10°°
ZDT6 7.07x107°%  4.61x107%  1.09x10°%  8.68x10 !
DTLZ6 9.63x107°%  6.19%x10°% 4.22x10" " 2.92x10?
DTLZ7  5.57x1073  4.13x107% 2.13X10 2  9.54x10 °
BT1 2.61x107°  3.84x107%  8.43X10 %  1.36X10 °
BT3 1.01x10°%  3.39x10°*%  3.39x10°%  9.08x10 °
BT5 1.71%107°%  2.19%x107%  7.54x10 %  1.42X10 2
%5 MODE-FARM #il MODE-FARMI 7E SP I fi% 52 4 45 %
Table 5 Experimental results of MODE-FARM and
MODE-FARMI on SP
MODE-FARM MOED-FARMI
Problems
Mean SD Mean SD
ZDT1 6.33x107°  6.06%x10°%  7.54Xx10° %  4.08%x10 °
ZDT2 6.55x 1073  4.14x107% 7.88x10 *  2.92x10 °
ZDT3 6.95x107°  7.86%x107% 1.01X10 % 4.84%x10 °
ZDT4 6.71x10°°  1.35x10°° 6.51%x10°% 6.49x10 *
ZDT6 8.56x10 °  8.17x10 ' 6.65x10°% 6.38x10 *
DTLZ6 1.21%107%  1.36x107%  2.78X10° ' 3.46x10 2
DTLZ7  6.94x1072  9.27x107% 8.13Xx10 %  2.19%x10 °
BT1 7.52x10°%  2.55x10 % 9.36x10 %  9.58x10 *
BT3 6.32X10°°  2.46x107%  4.67x107°  3.86X10 °
BT5 5.35x107°  9.88x10 '  6.86x10 °  6.33x107¢
% 6 MODE-FARM il MODE-FARMI 7£ IGD |- it S2 56 45 5
Table 6 Experimental results of MODE-FARM and
MODE-FARMI on IGD
MODE-FARM MOED-FARM1
Problems
Mean SD Mean SD
ZDT1 4.36x107%  1.29%x10°%  2.69x10° %  2.24%x10°
ZDT2 4.50x107°  1.51x107% 3.58x10° % 2.53x10 °
ZDT3 4.93x107°%  1.49%x107%  3.43x10 % 2.64x10 °
ZDT4 6.08X10 2 1.22X10° '  3.67x107%  5.44%x10 2
ZDT6 5.41x107°  1.88x107% 1.08x10° ' 8.87x10 °
DTLZ6  6.79x1073  3.63x 1074 3.78 2.57X10 !
DTLZ7 7.42%x107%  3.72x10°%  1.72x107'  1.37x10?
BT1 2.29%x1072  3.52x1072  8.66x10 '  1.42x10 !
BT3 1.33x1072  4.74x107%  5.11X10 ' 9.94x10 2
BT5 1.48x107%2  2.05X10°%2  7.71X10 '  1.41x10" !

XtF R 4§ GD 8 FR 0 5L 56 25 3, A b MODE-FARMI,
MODE-FARM [ T 7£ ZDT4 b 1 5 (8 FIHR o 22 W 22 LA AL L 18
ﬁﬁﬁ%%ﬂziﬂ@ﬁﬁ%ﬂﬁ?ﬁ%ﬂ%ﬁﬁ%? MODE-FARMI, 7E

5 1, MODE-FARM 7£ K Z Wl iX R 4% I~ SP 48 #7 (¥ 34 {6 #1
ﬁ‘/@ﬁfﬁ? MODE-FARMI1, fE# 6 1 IGD 545 L, B
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