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A multimodal multi-objective optimization algorithm with
clustering and niching searching

GU Qinghual’2’3, TANG Huil’z, LI Xuexian2’4, JIANG Songl’z’3

(1. School of Resources Engineering, Xi’an University of Architecture & Technology, Xi’an 710055, China; 2. Xi’an Key Laborat-
ory for Intelligent Industrial Perception, Calculation and Decision, Xi’an 710055, China; 3. Xi’an Youmai Intelligent Mining Re-
search Institute, Xi’an 710055, China; 4. School of Management, Xi’an University of Architecture & Technology, Xi’an 710055,
China)

Abstract: In order to address the problems associated with maintaining population diversity and the insufficient number
of equivalent Pareto-optimal solutions for multimodal multi-objective optimization, this study proposes a multimodal
multi-objective optimization algorithm combining clustering and niche search (CSSMPIO). In the proposed algorithm, a
clustering-based special crowding distance method is designed to initialize the population. Additionally, self-organized
speciation is introduced to form stable niches, facilitating parallel searching and maintaining equivalent Pareto-optimal
solutions. Subsequently, a non-dominated special crowding distance is introduced to realize individual selection and an
elite learning strategy, circumventing premature convergence. The algorithm has been simulated using seven other state-
of-the-art algorithms on 14 multimodal multi-objective optimization problems and was tested and analyzed using the
Wilcoxon rank sum test. The results reveal that the general performance of CSSMPIO is superior to that of the com-
pared algorithms. Finally, the CSSMPIO algorithm is applied to the map-based test problem, which confirms the effect-
iveness of the algorithm.

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

ing searching; non-dominant sorting; elite learning strategy; diversity; map-based testing application
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problem, MOP) ", ‘&2 % & F e B H A7 A [ H 45 (8
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H An LAk IR REAEAE 1 ME 55
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fo: — RS FENEREE . RPA &R
i 3k AR R S R A R R BE ), W CLPSO
( comprehensive learning particle swarm optimization ) B
1 AMPSO( modified particle swarm optimization )™
ik AR 1 A 2 T U DA v B 1 1 R R
7J3; STMOPSO( star-structured multi-objective particle
swarm optimization ) ! 3 T 2 B 4F Fh G5 F L 11—
=l SCC A B 43 A I SRR BE PR 5, e T
VA MWCEGE B o /A BE SR g AT DAt i Bk i 48
A7, W Qu %' #2 1t i LIPS (distance-based
locally informed particle swarm ) Fl| F 4B 38k {5 B 78 /]y
A 35 23 (8] PR AR 3 Jm T B LR i AT R, 42
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ized speciation based multi-objective particle swarm
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cient two-archive model based multimodal evolution-
ary algorithm ) """ 45 4 T 40T TE RN 25 73 HEAL B 1
1 SR s AT AR T AU, R T BT AR AL
SR PR A TR FT H AR as 6], AR5 T RE R
AEJI o

AR A R AR T A A AT DU R B B
Z 1) Pareto f LA, e AMid i 4 i D SR 25 ] Y 22
R REARR A 2 BRI LA . 4N TriMOEA-
TA&R ( multi-modal multi-objective evolutionary al-
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B Ak S EEHE T 15 (special crowding distance, SCD )
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i=1,2,---,N
x,«(t+ ]) = x,«(t) +V,'(t+ ]) (3)

b ROVHLIEHE P B 557, Tl H H(0,1) ; £ 24T
EACIREL s Xgoeu T 22 Ry B AR A07 B 5 N Y 2 1
B 5 raad O AT (0,1) Z 8134757 43 A 1 B HILEL
HibR 5 F B Bt ( LandMark operator ) :
N(t)

N([ + 1) = T (4)
_ X x(t+1)-fitness(x; (¢ + 1))
Feenrll+1) = N - Y fitness(x;(t + 1)) )
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distance, SCD) 75 £ 45 &, ¥ AL T B 2 10 4 5k
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TURN &R A 1 [ R . E CSCD H, AR 11 408 35 i
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Fig. 1 Path planning problem
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Fig.2 Multimodal multi-objective optimization problem
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Fig. 3 Distribution of species in a two-dimensional region
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Fig. 4 Individual position updating in a single species
AR B 3RE BT A A

t
Vi(t + 1) = Vi(t) : iwl + (1 - log (T)) *Vand * (xspeciesseed,i(t)_

I

KBt

x(1)) +log ( %) ot * (e (1) = (1))
(11)

T—-t
iwt = Whax T (Wmin - Wmax) : T + Whin (12)

s Winax 5 Winin 73501 2715 15T AT R 1) B3 e/
D5 Xypeciesseed BRI T3 rang 9 0~1 2 [ HT B L
B Xeenter TN RGHEHO AR E 5 T Ry s REAR
DB i PARLMEBI VAL
TR B B 2 R, 0 B DG AR AR TR B
M, kb B EL, AR
Xi(t+ 1) = Xopecies seed,i (1) + (Mo = L) - Guass(0,p,”) (13)

(0~ 5022 (14

sy L3 AR ) R 55 Guass(0, p*)
{64 0, b 122 0 po Y & 7 23415, pOfEAN 0.2 2tk

Pr= pro_

TRER]0.05, HEALPII, AR B AR Sl FA A T
B AR R, MG R IET, Bk R R
0 LR B RS A 0 i, DR/ AR RIS R S A
2.4 CSSMPIO & i%iig

BN PUREIAR Popsizes TR VAR EL MiyGens
FEHES B Winaxs Winins 22 55T pr0; SNEBAFAY 4
Pchives

1) #1146 A6 A~ 1 1 5 5 F A7 B, 12N POA, Jf:

ﬂz’fﬁ POA;

2) it P=POA;

3) MEAR < Myygen BF, AT LA T 4524E

FIRE PAAT 2.2 A, S OB A e P s X
FIHE PHAT D3R 2.3 T HAE;

4) BOFTAS AR I A7 RN, B BRAN T

f’.ﬁ 'L'IZ': Phest %H Xspecies seed ) 5 Pbest jﬁﬁﬁa‘é P 'flj E’g%
PEAMA, Xopecies seea ) DI B SR AMAR s X presy FEAT
FE S BCHET , AR 2 (5) H HL T 4 1 xemer 3 MR 2K
(11). (3) BB AR 1 3 B2 A &, =X (13) X718
PRATAE 24 2 SR, S8 P X BT 5 1 PHattAT
TEAR B PFILA POA H, X POA H AR HEAT
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Table 1 Parameters setting of algorithms
Bk 28
CSSMPIO R =1/120Vg;k = 10;¢1 = ¢ =2.05
MMOHEA " ¢ =09;F=05
MRpPS"” c1=c=2.05w=0.729 8
MMOPIO ! A=T;R;=03
c1=¢=2.05w=0.7298
SMOPSO-MM[lz] HFhEEt=1 x 100;770 = 0.7;
sqrt(l2 + 1002)
0=y
SS MOPSO""  R=1/120Vg;w=0.729 8;¢| = c; = 2.05
DN NSGAII™  Cr =051 =1n =20;pc = 1:pm=1/n
MOEAD "™ Pm = 0.5;1, = 20
F 2 R R EARAE
Table 2 The characteristics of test problems
PRI A R PSsHY& BAYE R ) S
MMF, 2 X
MMF, 2 X
MMF, 2 \
MMEF, 4 x
MMF; 4 x
MMF, 4 \
MMF, 2 x
MMF, 4 x
SYM-PART 9 v
Omni-test; 27 S
Omni-test, 72 Y
Omni-test; 360 Y

3.2.1 A BEMAL popsize 5 HT
TEATTH, S I EE RS popsize X 374 PE fE
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Fig. 5 PSP values with different population sizes
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Fig. 6 PSP values with different radius

k=IFj\/n, |FjZm F; P RE n kg IE B, W]
LB W, S8 08 T RIE, Ynd KT, kil
I o AN BIE R [ i P ) P R B S
SR EWME |, LR ME3, NER3ITUE
W, KR ZE R R BEn=10 I, BEERER AT, U
HERRRAEL Lm0, B {in=10 B MMF, fil
MMFg PR ALY PSP (B AN 2 B i 19, {H 5 6 B B 4r
FIAHZE AN K . B A AT 0 21 38 ok B
] — ey 35 X 38k, T DA 2 B0mitl /N gy, {HL 4 2 ) —
i B A A, W2 5 i SR ) CSCD A
ZAFEIE, WMSHn=10,

% 3 CSSMPIO £ ATRESHnIkFH PSP &

Table 3 PSP values obtained by CSSMPIO with different n values

W) n=5 n=10 n=15 n=20
MMEF, 79.97+2.39 83.19+2.24 82.68+2.87 77.75+3.29
MMF, 274.14+63.78 275.76+37.53 282.44+51.37 268.65+57.27
MMF, 298.12+84.37 305.08+29.13 272.72436.95 273.78+43.89
MME, 128.64+6.05 132.78+7.88 116.78+10.28 110.12+11.95
MMFj 39.22+1.35 43.11+1.35 40.99+0.83 34.49+1.11
MMF 38.77+1.85 41.60+1.77 40.16+1.73 39.80+1.09
MMEF, 110.29+7.81 113.60+5.99 102.62+8.65 110.38+6.87
MMFj 60.59+2.45 57.55+3.21 53.24+5.22 57.62+2.32

SYM-PART, 42.7143.73 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 8.1042.60

33 LR STEE
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SMPSO_MM 75 i s L fH £ &= 3 4>, SS_
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Table 4 Mean and standard variance of PSP obtained by all algorithms
Wit meanzstd
I}t DN_NSGAIl MOEAD MRPS SMPSO_ MM MMOPIO SS MOPSO MMOHEA  CSSMPIO
41.88+2.80 8.02+4.89 67.05+3.12  85.3442.34  73.83£2.78  83.11+£3.27  42.78+1.43
MMF, 86.86+4.15
) ) ) =) ) ©) )
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
MMF, 277.15+£34.30
) ) ©) ) ) ) )
75.114£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
MMF; 305.44+24.93
) ) ) ) ) ) )
38.45+8.59 1.93+0.97 114.51£3.29 132.78+3.82 120.15+3.91 139.404+3.49  73.034+3.99
MMF, 135.90+5.95
) ) ) ) ) ) )
14.5741.47 3.35£1.35 33.11+1.35 40.12+£1.33  30.24+£1.46  40.11£1.19  22.21+0.41
MMF;5 43.62+1.50
) ) ) ) ) ) )
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
MMF 41.74+1.39
) ) ) =) ) =) )
95.55£17.79 7.49+4.78 108.7743.89 141.13+5.14 136.49+4.78 123.73+6.27  78.05+2.87
MMF, 119.8246.11
) ) ) () () ) )
18.014£5.89 0.25+0.12 47.6442.22  62.53£2.34  54.78+7.12  59.34+22.39  33.7843.40
MMFg 58.38+2.76
) ) ) () ) =) )
+ + + + + + +
SYM-PART, 0.44+£0.59 0.01+0.01 21.95+1.67  30.37+£2.77  59.97+0.24  34.50+1.30  31.22+1.48 52.0123.58
) ) ) ) () ) )
+ + + + + + +
SYM-PART, 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 47.0843.79
) ) ) ) ) ) )
+ + + + + + +
SYM-PART; 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 56.0442.78
) ) ) ) ) ) )
. 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
Omni-test, 12.15+2.23
) ) ) ) ) ) =)
. 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
Omni-test, 0.99+0.07
) ) =) =) ) ) =)
. 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
Omni-test; 0.46+0.02
©) ©) ) ) 6] ) =)
+/=/—- 0/0/14 0/0/14 1/1/12 3/3/8 3/0/11 4/2/8 0/3/11 —

I 4h, CSSMPIO Xf MMF, . MMF;, MMF, .
SYM-PART 5 Omni-test; I pR %01 P 5E & 10
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14 AR PR gL EARRBL T Acr MR . CSSMPIO
7 MMF, . MMF; Fl MMF il b5 % | /9 1GDx
{55 SMPSO MM Bk Ml L A B % 2 5% . CSS-
MPIO 7] it 28 12 26 % MMF, fil MMF; |11
IGDx {H /1N, 1 B 78 3 9 4~ 0 32X pR 45 1 4K 75 1)



LERCE B OB A

S 1 <1136+

PSs 5 H.5 PSs {H 11 MK R BE B4/, Bk RS
46 S % fR 4L WL . 7 MMF, I, SMPSO_
MM B 7B ROR,, T MMF,; Fl MMF; 1
il AT SR AN KRN ) | 2, T SOM BR3P 45 33 3K
fi & 9] 5, BT L SMPSO_ MM Fl MMOPIO 3k 1%
RS A T, (e A% A [ e pe T

T B R SYM-PART 5 Omni-test [~ O TERETS
PR, CSSMPIO HIHUAS T B 4 1y 45 2, X =k
H W HAEM PSs. If H MMF, . MMF,, MMFs,
MMF, Fl MMFy & MMF 2 AME 485 %
A S 1 T R R AL, SR AT LUE i, CSSM-
PIO Xif > fiff 52 2= () I 3K R BSCR0CR T Ik — 2

x5 HAEEGINHY THESHERE
Table 5 The mean and standard variance of HV obtained by all algorithms

meanzstd
3 )
DN NSGAII  MOEAD MRPS SMPSO MM MMOPIO ~ SS MOPSO ~ MMOHEA  CSSMPIO

MMF,  3.661.30x10° 3.67+4.79x10 " 3.664.63x10 " 3.67+3.99x10 * 3.66:2.84x10* 3.66:4.55%10 " 3.66:5.40x10* 3.66:1.31x10
MMF,  3.66£6.20x10" 3.67+5.34x10 " 3.65£8.10x10 " 3.66+4.16x10° 3.65:2.07x10° 3.66:4.20x10"° 3.65:4.80x10° 3.66:4.02x10
MMF;  3.66:4.90x10° 3.67£7.72x10 " 3.655.10x10° 3.66+3.34x10° 3.66=1.41x10° 3.66+3.28x10° 3.66:2.25%10° 3.66+1.96x10
MMF,  333£3.60x10 ' 333+1.63x10 " 333+1.20x10° 3.33+8.88x10 * 333+3.88x10 * 3.33:845x10 * 333x1.34x10 * 333+3.14x10 *
MMF5 ~ 3.67£2.70x10° 3.67£6.81x10 " 3.66£3.52x10 " 3.6624.89x10 " 3.66£6.98x10° 3.67£3.03x10* 3.66+3.72x10 " 3.67+3.10x10"
MMF,  3.66£1.10x10" 3.675.53x10 " 3.66+3.31x10 " 3.66+3.74x10 " 3.66+3.19x10 * 3.66+3.19x10 " 3.66+3.24x10 " 3.66+3.24x10
MMF,  3.66:7.10x10 " 3.67+2.39x10 * 3.672.38x10 * 3.66+3.00x10 * 3.66:6.24x10 ' 3.66:2.88x10 ' 3.66+3.61x10 * 3.66:4.16x10 *
MMF,  321£130x10° 321£1.44x10* 3.21£1.50x10 * 3.21£1.58x10 " 3.21+4.14x10° 321273010 * 3.2143.99x10" 3.21+7.30x10

SYM-PART, 1.323.09x10 *

SYM-PART, 1.32+4.92x10 "

1.3248.35x10°

1.32+6.85x10 *

SYM-PART; 1.32+5.00x10 " 1.32+1.40x10°

1.30£1.90x10*
1.2942.20x10°

1.2942.50x10~

1.27+4.86x10° 1.3248.20x10"°

1.27+4.39x10"° 1.3245.16x10"*

1.25£6.48x10° 1.31£2.04x10"

1.32+8.30x10
1.3121.12x10°

1.31£2.04x10°

1.3127.72x10* 1.32+2.29x10°*

1.31£1.02x10° 1.3244.26x10 "

1.30+1.88x10° 1.26+6.60x10"

Omni-test, 62.06+3.98x10 *62.06:4.80x10 " 61.971.24x10 *61.95+1.56x10 ~61.99+5.33x10 "~ 62.02+5.33x10  61.011.81x10 62.06+2.16x10 *

Omni-test, 77.54+2.10x10°77.539.80x10 °77.038.52x10 ~ 76.84=1.09x10 ' 77.49+1.35x10 > 77.35+2.53x10 *77.01+1.34x10 ' 77.39+4.98x10 °

Omni-test; 94.59+8.80x10°94.55+2.42x10 °92.88+2.72x10 ' 92.29+3.06x10 ' 94.3126.65x10 ' 93.86=1.08x10"' 92.61+2.41x10"' 93.78+2.11x10 '
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Table 6 Mean and standard variance of IGDx obtained by all algorithms

I [a]

meanzstd

DN NSGAIIT MOEAD  MRPS  SMPSO MM MMOPIO SSMOPSO MMOHEA CSSMPIO
MMF, 0.0237+ 0.1503+  0.0149+ 0.0117+ 00129+ 00119+ 0.0233+ 0.0115%
0.0033(-)  0.0685(-) 0.0007(-)  0.0003(=)  0.0003(-)  0.0005(-)  1.4303(-)  0.0005
MMF, 0.0223+ 02645+  0.0092+ 0.006 5+ 0.0056+  0.006 1= 0.008 5+ 0.004 3+
0.0150(-)  0.1163(-) 0.0010(-)  0.0007(-)  0.0006(-) 0.0006(-)  0.0012(-)  0.0006
MME, 0.016 6+ 01378+  0.0072+ 0.0053+ 0.0056+  0.0059+ 0.0079+ 0.004 9+
0.0071(-)  0.0467(-) 0.0010(-)  0.0005(-)  0.0001(-) 0.0010-)  0.0011(-)  0.0007
MME, 0.026 8+ 04262+  0.0087+ 0.0053+ 0.0083+  0.0076+ 0.013 6+ 0.007 1+
0.0063(-)  0.1235(-)  0.0003(-)  0.0005(+)  0.0003(-) 0.0003(-)  0.0007()  0.0003
MME. 0.068 9+ 02985+  0.0302+ 0.024 6+ 00331+  0.0248+ 0.044 8+ 0.0250+
0.0071(-)  0.1263(-) 0.0013(-)  0.0009(=)  0.0016(-) 0.0007(=)  0.0007(-)  0.0008
MMF, 0.0109+ 02045+  0.0275% 0.023 8+ 00286+  0.0235+ 0.0412+ 0.0239+
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