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Abstract: In many-objective optimization problems, the conflicts among the objectives lead to the situation where
solutions cannot optimize all objectives simultaneously, and a large number of non-dominated solutions exist in the
process. An appropriate solution-sorting method plays a crucial role in evaluating the quality of solutions and the
performance of the algorithm. Generally,different solution-sorting methods have their own pros and cons when handling
different many-objective problems. Therefore, an ensemble many-objective evolutionary algorithm based on voting and
dynamic value point ( VDVP-EMEA ) is proposed, which can integrate different solution-sorting methods and cooperate
together. First, the value points of each expert are dynamically allocated by the voting success rate of each solution-sorting
method , and the solution-sorting method with more voting success rate will be correspondingly assigned more value points.
Otherwise, the value points will be punished. The last elimination system is used to cancel the votes of the most
inefficient experts. The elite selection strategy is used to define fitness of individuals by voting results and value points,
and the individuals with greater fitness value are preferentially selected in the process of environment selection. Finally,a
large number of experiments are conducted to test the performance of VDVP-EMEA ;and VDVP-EMEA is compared with
five advanced many-objective evolutionary algorithms NSGA-III,SPEA2, BiGE, GrEA ,and VMEF. Experimental results
indicate that the overall performance of VDVP-EMEA is distinctly better than these algorithms.
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5 4.09E-01(1.45E-02) 4.20E-01(1.77E-02) 5.46E-01(5.11E-02) 4.77E-01(3.41E-02) 5.18E-01(2.20E-02) 5.50E-01(4.40E-02)
8 7.78E-01(3.62E-02) 9.42E-01(4.32E-02) 9.68E-01(8.90E-02) 1.37E+00(1.29E-01) 1.28E+00(1.73E-01) 8.58E-01(1.50E-01)
WFGI 10 1.10E+00(8.53E-02) 1.09E+00(4.80E-02) 1.41E+00(1.00E-01) 1.70E+00(1.43E-01) 1.62E+00(2.02E-01) 1.45E+00(2.13E-01)
15 1.58E+00(5.71E-02) 2.21E+00(2.12E-01) 1.90E+00(2.96E-01) 2.55E+00(1.14E-01) 2.28E+00(2.49E-01) 2.93E+00(4.63E-01)
20 3.04E+00(8.30E—02) 3.70E+00(1.79E-01) 4.66E+00(5.86E-01) 4.73E+00(2.79E-01) 4.31E+00(3.96E-01) 5.87E+00(5.57E-01)
5 1.63E+00(6.17E-01) 5.05E—01(6.54E-02) 6.98E-01(3.00E-02) 7.13E-01(2.02E-02) 6.35E-01(8.88E-02) 9.78E-01(1.51E-01)
8 1.50E+00(1.26E+00) 1.13E+00(1.46E-01) 2.16E+00(1.65E+00) 1.47E+00(2.39E-01) 1.88E+00(2.16E-01) 2.58E+00(5.70E-01)
WFG2 10 1.77E+00(5.06E-01) 1.65E+00(3.44E-01) 4.26E+00(2.15E+00) 2.26E+00(5.31E-01) 2.18E+00(3.45E-01) 2.81E+00(2.18E-01)
15 1.18E+00(2.47E+00) 4.07E-01(9.50E-01) 8.84E+00(3.78E+00) 2.80E-01(4.29E-01) 1.07E+01(8.19E-01) 6.28E+00(9.61E-01)
20 2.19E+00(3.52E+00) 1.19E+00( 1.31E+00) 1.86E+01(2.04E+00) 6.20E-01(5.29E-01) 1.30E+01(1.24E+00) 6.93E+00( 1.39E+00)
5 1.36E-01(4.96E-02) 2.30E-01(2.47E-02) 4.43E-01(4.74E-02) 4.48E-01(3.93E-02) 2.22E-01(5.38E-02) 3.50E-01(3.70E-02)
8 4.39E-01(6.83E-02) 7.64E-01(9.87E-02) 1.72E+00(2.63E-01) 1.69E+00(1.69E+00) 5.81E-01(9.62E-02) 8.35E-01(1.45E-01)
WFG3 10 5.50E-01(9.11E-02) 9.33E-01(1.50E-01) 1.93E+00(2.40E-01) 1.86E+00(1.24E-01) 5.82E-01(1.45E-01) 1.49E+00(1.80E-01)
15 1.36E+00(2.46E-01) 2.78E+00(3.70E-01) 3.95E+00(1.85E+00) 4.24E+00(1.46E-01) 1.64E+00(3.45E-01) 2.93E+00(4.17E-01)
20 1.90E+00(3.82E-01) 3.32E+00(4.11E-01) 6.90E+00(2.32E+00) 5.73E+00(1.37E-01) 1.92E+00(3.92E-01) 5.80E+00(5.63E-01)
5 9.34E-01(2.66E-02) 1.01E+00(8.85E-03) 9.66E-01(1.10E-03) 9.67E-01(6.20E-04) 1.11E+00(2.07E-02) 9.65E-01(7.55E-03)
8 2.96E+00(3.81E-03) 3.15E+00(4.01E-02) 2.99E+00(1.14E-01) 2.96E+00(4.12E-03) 3.35E+00(5.66E-02) 2.89E+00(1.78E-02)
WFG4 10 4.46E+00(1.14E-01) 4.42E+00(3.50E-02) 4.53E+00(1.57E-02) 4.55E+00(1.04E-02) 4.49E+00(7.67E-02) 4.13E+00(4.72E-02)
15 9.31E+00(1.16E-01) 9.45E+00(9.08E-02) 9.38E+00(7.48E-02) 9.38E+00(2.16E-02) 9.43E+00(2.23E-01) 9.82E+00(4.78E-01)
20 1.15E+01(8.89E—-02) 1.16E+01(9.14E-02) 1.27E+01(7.91E-01) 1.15E+01(9.77E-03) 1.18E+01(2.67E-01) 1.30E+01(4.38E-01)
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[r] &

Hs
#H

i bR %

VDVP-EMEA

VMEF

NSGA-III

SPEA2

BiGE

GrEA

WFG6

WFG7

WFG8

WFG9

5
8
10
15
20

5
8
10
15
20

5
8
10
15
20

5
8
10
15
20

5
8
10
15
20

Cpyet

9.19E—01(6.71E—-02)
2.80E+00(3.87E~02)
4.30E+00(5.11E-02)
9.03E+00(4.39E—02)
1.14E+01(2.23E-01)

1.00E+00(9.15E-02)
2.92E+00(6.17E-02)
4.38E+00( 1.41E-01)
9.23E+00( 1.43E-01)
1.14E+01(1.53E-01)

9.34E-01(2.75E-02)
2.97E+00(5.21E-03)
4.43E+00( 1.30E-01)
9.27E+00( 1.63E-01)
1.15E+01(8.48E—02)

1.03E+00(1.30E-01)
2.87E+00(1.78E-02)
4.02E+00(1.17E-01)
8.13E+00(2.99E-01)
1.10E+01(4.88E-01)

8.15E-01(8.03E-03)
2.86E+00(3.69E-02)
4.31E+00(3.24E-02)
8.64E+00( 8.64E+00)
1.17E+01( 1.93E-01)

1.00E+00( 1.03E-02)
3.16E+00(3.37E-02)
4.45E+00(3.56E-02)
9.47E+00( 8.45E-02)
1.16E+01(7.39E-02)

1.02E+00(9.40E-03)
3.24E+00(3.71E-02)
4.51E+00(3.86E-02)
9.44E+00(5.66E-02)
1.17E+01(4.34E-02)

1.02E+00(9.57E-03)
3.17E+00(4.46E-02)
4.46E+00(4.49E-02)
9.43E+00(9.32E-02)
1.17E+01(9.58E-02)

1.05E+00(7.12E-03)
3.26E+00(2.32E-02)
4.51E+00(3.69E-02)
9.26E+00(9.97E-02)
1.20E+01(3.65E-01)

9.78E-01( 1.05E-02)
3.11E+00( 2.88E-02)
4.33E+00(3.62E-02)
9.00E+00( 8.98E-02)
1.16E+01(1.07E-01)

34/5/6

9.59E—01(7.00E-04)
2.94E+00(3.38E-03)
4.51E+00( 1.07E-02)
9.28E+00( 1.48E-02)
1.18E+01( 1.04E+00)

9.65E-01(2.44E—03)
2.96E+00(5.74E-03)
4.57E+00( 1.30E-02)
9.53E+00(5.32E-01)
1.38E+01(9.48E-01)

9.67E-01(6.84E-04)
2.97E+00(7.06E-03)
4.61E+00( 1.99E-01)
9.34E+00( 1.34E-01)
1.48E+01(8.42E-01)

9.95E-01(9.35E-03)
3.27E+00( 1.90E-01)
4.57E+00(2.65E-01)
9.07E+00(2.97E-01)
1.36E+01(8.08E-01)

9.35E-01(3.66E-03)
2.94E+00(2.09E-02)
4.37E+00(6.25E-02)
8.72E+00(9.36E-02)
1.35E+01(5.06E-01)

35/1/9

9.58E-01(4.99E-04)
2.94E+00( 2.08E-03)
4.53E+00(7.27E-03)
9.28E+00( 1.21E-02)
1.15E+01(6.41E-03)

9.62E-01(2.17E-03)
2.97E+00(9.02E-03)
4.58E+00( 1.21E-02)
9.36E+00(4.88E-02)
1L16E+01(2.24E-02)

9.68E-01(7.46E—-04)
2.98E+00(6.64E-03)
4.55E+00(3.82E-02)
9.40E+00(3.01E-02)
1.16E+01(3.03E-02)

9.86E-01(1.65E-03)
3.08E+00( 2.56E-02)
4.66E+00(2.73E-02)
9.37E+00(2.91E-02)
1.17E+01(8.18E-02)

9.43E-01(2.63E-03)
2.94E+00(7.69E-03)
4.51E+00( 1.73E-02)
9.15E+00( 2.60E-02)
1.19E+01(7.16E-02)

317/3/5

1.15E+00(2.09E-02)
3.43E+00(6.36E-02)
4.61E+00(6.12E-02)
9.60E+00(2.31E-01)
1.19E+01( 1.30E-01)

1.10E+00(2.31E-02)
3.30E+00(5.45E-02)
4.44E+00(5.82E-02)
9.48E+00(4.44E-01)
1.20E+01(3.86E-01)

1.12E+00(2.41E-02)
3.33E+00(5.26E-02)
4.59E+00(7.17E-02)
9.22E+00( 1.38E-01)
1.16E+01( 1.80E-01)

1.14E+00(2.27E-02)
3.33E+00(3.73E-02)
4.41E+00(7.13E-02)
1.O1E+01(2.65E-01)
1.36E+01(1.88E-01)

1.15E+00(3.08E-02)
3.43E+00( 6.48E-02)
4.60E+00(6.38E-02)
9.49E+00(2.22E-01)
1.23E+01(3.81E-01)

35/2/8

9.61E-01(7.49E-03)
2.89E+00(1.58E-02)
4.08E+00(3.88E-02)
1.00E+01(2.93E-01)
1.25E+01(2.75E-01)

9.73E-01(7.72E-03)
2.93E+00(2.16E-02)
4.06E+00(2.89E-02)
9.00E+00(4.18E-01)
1.16E+01(5.11E-01)

9.74E-01(7.38E-03)
2.91E+00(1.86E—02)
4.11E+00( 2.89E-02)
9.01E+00(3.73E-01)
1.20E+01(2.54E-01)

1.01E+00(9.03E-03)
3.05E+00(5.31E-02)
5.12E+00(2.81E-01)
1.05E+01(9.99E-02)
1.50E+01(1.13E-01)

9.34E-01(5.05E-03)
2.91E+00(1.37E-02)
4.14E+00(3.56E-02)
9.40E+00(3.10E-01)
1.23E+01(2.31E-01)
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