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Abstract: To solve the population diversity and find enough equivalent solutions in the multimodal multi-
objective optimization, a multimodal multi-objective optimization algorithm with clustering and niching searching
is proposed in this study. In the proposed algorithm, a Clustering-based Special Crowding Distance (CSCD)
method is designed to initial population. And a self-organized speciation is used to form stable niches these
subpopulations are optimized to search and maintain pareto-optimal solutions in parallel. Then a non-dominated
special crowding distance is introduced to realize individual selection and an elite learning strategy is formed to

avoid premature convergence. The algorithm was simulated via other seven state-of-the-art algorithms on 14
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multimodal multi-objective optimization problems, as well as Wilcoxon rank sum test had been carried out.

Experimental results show that the performance of CSSMPIO is better than compared algorithms. Finally, the

algorithm is used to map-based test problem which confirms the effectiveness of the algorithm.

Keywords: multimodal multi-objective optimization; pigeon-inspired optimization algorithm; clustering

strategy; niching searching; non-dominant sorting;

application
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Fig.5 PSP values with different population sizes
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Table 3 The PSP values obtained by CSSMPIO with different n values.

I ) Rt n=>5 n=10 n=15 n=20
MMF1 79.97+2.39 83.19+2.24 82.68+2.87 77.75+3.29
MMF2 274.14+63.78 275.76+37.53 282.44+51.37 268.65+57.27
MMF3 298.12+84.37 305.08+29.13 272.72+36.95 273.78+43.89
MMF4 128.64+6.05 132.78+7.88 116.78+10.28 110.12+11.95
MMF5 39.22+1.35 43.11£1.35 40.99+0.83 34.49+1.11
MMF6 38.77+1.85 41.60+1.77 40.16+1.73 39.80+1.09
MMF7 110.29+7.81 113.60+5.99 102.62+8.65 110.38+6.87
MMF8 60.59+2.45 57.55+3.21 53.24+5.22 57.62+2.32

SYM-PART1 42.71£3.73 52.0143.58 42.85+1.97 42.29+3.53
Omni-test] 10.39+1.24 11.73£1.25 5.64+2.73 8.10+2.60
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Table 4 The mean and standard variance of PSP obtained by all algorithms

Tt DN_NSGAII MOEAD MRPS SMPSO_MM MMOPIO SS_MOPSO MMOHEA CSSMPIO
mean=std meanz+tstd mean=std mean=+std meanzstd meanztstd meanztstd meanztstd
MMF1 41.88+2.80(-) 8.02+4.89(-) 67.05+3.12(-) 85.34+2.34(=) 73.83+2.78(-) 83.11£3.27(-) 42.78+1.43(-) 86.86+4.15
MMF2 61.55+33.31(-) 4.62+3.24(-) 107.53+11.92(-) 152.69+15.35(-) 167.78+45.24(-) 163.28+18.06(-) 116.75+16.14(-) 277.15+34.30
MMF3 75.11+£28.88(-) 7.00+3.79(-) 128.63+17.06(-) 186.24+15.19(-) 226.06+32.79(-) 189.94+12.67(-) 125.96+16.67(-) 305.44+24.93
MMF4 38.45+8.59(-) 1.93+0.97(-) 114.5143.29(-) 132.78+3.82(-) 120.15+3.91(-) 139.40+3.49(+) 73.03+3.99(-) 135.90+5.95
MMF5 14.57+1.47(-) 3.35+1.35(-) 33.11£1.35(-) 40.12+ 1.33(-) 30.24+1.46 (-) 40.11£1.19(-) 22.2140.41(-) 43.62+1.50
MMF6 18.89+1.37(-) 4.97+£2.37(-) 36.44+1.59(-) 42.42+1.08(=) 36.23+1.99(-) 42.19+£1.29(=) 24.16+0.59(-) 41.74+1.39
MMF7 95.55+17.79(-) 7.49+4.78(-) 108.77+3.89(-) 141.13+5.14(+) 136.49+4.78(+) 123.73+6.27(+) 78.05+2.87(-) 119.82+6.11
MMF8 18.01+5.89(-) 0.25+0.12(-) 47.64+2.22(-) 62.53+2.34(+) 54.78+7.12(-) 59.34+22.39(=) 33.7843.40(-) 58.38+2.76
SYM-PART1 0.44+0.59(-) 0.01+0.01(-) 21.95+1.67(-) 30.37+2.77(-) 59.97+0.24(+) 34.50+1.30(-) 31.2241.48(-) 52.0143.58
SYM-PART2 3.07+4.00(-) 0.01+0.01(-) 18.73+0.94(-) 16.88 £1.33(-) 43.18+3.16(-) 30.77+1.19(-) 31.82+0.70(-) 47.08+3.79
SYM-PART3 5.57+9.97(-) 0.01+0.01(-) 9.37+2.19(-) 15.78+2.80(-) 41.15+1.78(-) 28.17+2.45(-) 11.34+2.34(-) 56.94+2.78
Omni-test1 1.16+0.23(-) 0.03+0.01(-) 8.04+1.06(-) 7.69+1.48(-) 1.15+0.08(-) 11.75+1.10(-) 12.09+0.54(=) 12.1542.23
Omni-test2 0.44+0.08(-) 0.03+0.01(-) 0.98+0.07(=) 0.95+0.07(=) 0.95+0.04(-) 1.46+0.05(+) 1.01+0.00(=) 0.99+0.07
Omni-test3 0.28+0.09(-) 0.02+0.01(-) 0.51+0.02(+) 0.49+0.02(+) 0.50+0.01(+) 0.58+0.02(+) 0.47+0.01(=) 0.46+0.02
+/=/- 0/0/14 0/0/14 1/1/12 3/3/8 3/0/11 4/2/8 0/3/11
=5 MBHEABIWH FHESRERE
Table 5 The mean and standard variance of HV obtained by all algorithms
ki DN_NSGAII MOEAD MRPS SMPSO_MM MMOPIO SS_MOPSO MMOHEA CSSMPIO
meanz+std mean=std mean=std meanzstd meanzstd meanzstd meanzstd meanz+std
MMF1 3.66+1.30e-3 3.67+4.79¢-4 3.66+4.63¢-4 3.67+3.99¢-4 3.66+2.84e-4 3.66+4.55¢-4 3.66+5.40e-4 3.66+1.31e-4
MMF2 3.66+6.20e-3 3.67+5.34¢-4 3.65+8.10e-3 3.66+4.16¢-3 3.65+2.07¢-3 3.66+4.20e-3 3.65+4.80e-3 3.66+4.02¢-4
MMF3 3.66+4.90e-3 3.67+7.72¢-4 3.65+5.10e-3 3.66+3.34¢-3 3.66+1.41e-3 3.66+3.28¢-3 3.66+2.25¢-3 3.66+1.96¢-3
MMF4 3.33+3.60e-4 3.33+1.63e-4 3.33+1.20e-3 3.33+8.88e-4 3.3343.88e-4 3.33+8.45¢-4 3.33+1.34e-4 3.3343.14e-4
MMF5 3.67+2.70e-3 3.67+6.81e-4 3.66+3.52¢-4 3.66+4.89¢-4 3.66+6.98¢-5 3.67+3.03e-4 3.66+3.72¢-4 3.67+3.10e-4
MMF6 3.66+1.10e-3 3.67+5.53¢-4 3.66+3.31e-4 3.66+3.74e-4 3.66+3.19¢-4 3.66+3.19¢-4 3.66+3.24¢-4 3.66+3.24¢-4
MMF7 3.66+7.10e-4 3.67+£2.39¢-4 3.67+2.38e-4 3.66+3.00e-4 3.66+6.24e-4 3.66+2.88e-4 3.66+3.61e-4 3.66+4.16e-4
MMF8 3.21+1.30e-3 3.21+1.44¢-4 3.21£1.50e-4 3.21+1.58¢-4 3.21+4.14e-5 3.21+7.30e-4 3.21£3.99¢-4 3.21+7.30e-4
SYM-PART1 1.3243.09¢-4 1.32+8.35¢-5 1.30£1.90e-4 1.27+4.86¢-3 1.32+8.20e-5 1.32+8.30e-4 1.31+7.72¢-4 1.3242.29¢-4
SYM-PART2 1.32+4.92¢-4 1.3246.85¢-4 1.2942.20e-3 1.2744.39¢-3 1.3245.16e-4 1.31£1.12¢-3 1.31£1.02¢-3 1.32+4.26¢-4
SYM-PART3 1.32+5.00e-4 1.32+1.40e-3 1.29+2.50e-3 1.25+6.48e-3 1.3142.04e-3 1.314£2.04¢-3 1.30+1.88e-3 1.26+6.60e-3
Omni-test1 62.06+3.98¢-4  62.06+4.80e-3 61.97+1.24e-2  61.95+1.56e-2  61.99+5.33e-3 62.02+5.33¢-3 61.01+1.81e-2  62.06+2.16e-4
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77.54+2.10e-3 77.53+9.80e-3 77.03+8.52¢-2
94.59+8.80e-3 94.55+2.42¢-2 92.88+2.72¢-1

76.84%1.09¢-1
92.29+3.06e-1

77.49+1.35e-2
94.31+6.65¢-1

77.35+2.53e-2
93.86+1.08e-1

77.01%1.34e-1
92.61+2.41e-1

77.39+4.98e-2
93.78+2.11e-1
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Table 6 The mean and standard variance of IGDx obtained by all algorithms

#= 6 FRBEEEBIN 160x EHEERESZE

Sk DN_NSGAII MOEAD MRPS SMPSO_MM MMOPIO SSMOPSO MMOHEA CSSMPIO

meanzstd meanzstd meanzstd meanzstd meanzstd meanzstd meanzstd meanzstd
MMF1 0.0237+0.0033(-) 0.1503+0.0685(-) 0.0149+0.0007(-) 0.0117+0.0003(=) 0.0129+0.0003(-) 0.0119+0.0005(-) 0.0233+1.4303(-) 0.0115+0.0005
MMF2 0.0223+0.0150(-) 0.2645+0.1163(-) 0.0092+0.0010(-) 0.0065+0.0007(-) 0.0056+0.0006(-) 0.0061+0.0006(-) 0.0085+0.0012(-) 0.0043+0.0006
MMF3 0.0166+0.0071(-) 0.1378+0.0467(-) 0.0072+0.0010(-) 0.0053+0.0005(-) 0.0056+0.0001(-) 0.0059+0.0010(-) 0.0079+0.0011(-) 0.0049+0.0007
MMF4 0.0268+0.0063(-) 0.4262+0.1235(-) 0.0087+0.0003(-) 0.0053+0.0005(+) 0.0083+0.0003(-) 0.0076+0.0003(-) 0.0136+0.0007(-) 0.0071+0.0003
MMF5 0.0689+0.0071(-) 0.2985+0.1263(-) 0.0302+0.0013(-) 0.0246+0.0009(=) 0.0331+0.0016(-) 0.0248+0.0007(=) 0.0448+0.0007(-) 0.0250+0.0008
MMF6 0.0109+0.0024(-) 0.2045+0.0708(-) 0.0275+0.0012(-) 0.0238+0.0006(=) 0.0286+0.0016(-) 0.0235+0.0008(+) 0.0412+0.0010(-) 0.0239+0.0008
MMEF7 0.0643+0.0352(-) 0.1522+0.0662(-) 0.0092+0.0003(-) 0.0071+0.0003(+) 0.0072+0.0003(+) 0.0081+0.0004(=) 0.0128+0.0004(-) 0.0081+0.0004
MMF8 3.0256+1.0730(-) 2.7114+0.5862(-) 0.0210+0.0010(-) 0.0160+0.0006(+) 0.0174+0.0009(=) 0.0167+0.0006(+) 0.0298+0.0034(-) 0.0174+0.0008
SYM-PART1 1.0513+0.8300(-) 12.6877+2.7300(-) 0.0458+0.0035(-) 0.0323+0.0003(-) 0.0167+0.2402(+) 0.0290+0.0061(-) 0.0321+0.0015(-) 0.0193+0.0013
SYM-PART2 0.9538+0.0756(-) 12.7889+2.4800(-) 0.0533+0.0028(-) 0.0597+0.0005(-) 0.0231+0.0015(-) 0.0326+0.0105(-) 0.0314+0.0006(-) 0.0213+0.0017
SYM-PART3 0.9556+0.7563(-) 10.3697+2.4900(-) 0.1094+0.0241(-) 0.0651+0.0133(-) 0.0241+0.0089(-) 0.0357+0.0042(-) 0.0842+0.0167(-) 0.0123+0.0007
Omni-testl 0.8899+0.1652(-) 3.4183+0.4137(-) 1.2623+0.0212(-) 0.1345+0.0316(-) 0.8706+0.0618(-) 0.0810+0.0274(-) 0.0824+0.0038(-) 0.0786+0.0181
Omni-test2 2.1976+0.2923(-) 3.9763+0.4832(-) 1.0132+0.0651(-) 1.0473+0.0762(-) 0.9987+0.0339(=) 0.7887+0.0689(+) 0.9899+0.1004(+) 0.9983+0.1038
Omni-test3 3.1630+0.5124(-) 4.6964+0.4551(-) 1.9423+0.0862(+) 2.0288+0.0815(+) 1.9684+0.0503(+) 1.7224+0.0649(+) 2.1185+0.0118(+) 2.1244+0.0909

+/=/- 0/0/14 0/0/14 1/0/13 4/3/7 3/2/9 4/2/8 2/0/12
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Fig .10 The PSs distribution of decision space obtained by the CSSMPIO algorithm in test functions
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