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Enhanced Growing Neural Gas Based Many-Objective Evolutionary Algorithm

XUE Ming, WANG Peng, TONG Xiangrong
(School of Computer and Control Engineering, Yantai University, Yantai 264005, China)

Abstract: With the indepth research on many-objective optimization problems, many-objective
optimization problems with irregular Pareto frontiers pose challenges to existing methods due to their
complex Pareto frontiers distribution. To address the above issues, a many-objective evolutionary
algorithm based on the enhanced growing neural gas is proposed. This algorithm combines the learning
characteristics of growing neural networks with the optimization characteristics of binary quality indicators
to enhance the convergence pressure of the population at the irregular Pareto frontier. Firstly, an enhanced
growing type of neural gas network is designed, which utilizes the topological information of the Pareto
optimal frontier to guide the population to converge towards the Pareto optimal frontier direction. Then, a
joint metric is proposed to comprehensively evaluate the convergence of individuals in conjunction with
Pareto dominance information. Finally, an adaptive reference point based environment selection is
proposed to enhance the diversity of the population in high-dimensional target space. To verify the
performance of the proposed algorithm, 44 irregular many-objective optimization problems in the DTLZ

and WFG benchmark problem sets are compared with five advanced many-objective evolutionary

HEE&WE : HR A KRB 2R 4:(62072392, 61972360, 62103350); 111 45 4 1 KB G158 TR0 H (2019522Y020131); IR A H S B
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5 B #1:2023-04-10; 1817 H #1:2023-09-18
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algorithms. Experimental results show that the overall performance of the proposed many-objective
evolutionary algorithm based on enhanced growing neural gas is superior to the comparison algorithms.
Key words: multi-objective optimization; multi-objective evolutionary algorithm; metric index; irregular

Pareto front; growing neural gas

51 B

UTAE R W& L S @ TR 8 & e 5 R AR iy 2 — 2B A WS N BT I 19 2 H B DG A 7] 8
(Multi-objective optimization problem, MOP)"" 4 H A7 B i 52 30 Y 4E AL 008 3 . 24 H AR 508 i3 30,
22 0] BB R R v 4E 22 F FR AL AL 1A) B ( Many-objective optimization problem, MaOP)"*',  H i &b ¥ 1% 2%
] 8 f) 7 ¥ F 4 R 326 ¢ (1) JETF Pareto 32 HE A 07 3575 (2) S F bR 19 7 1015 (3) B F 40 1Y
Tkt

X T MaOP, #l 3 H Pareto Rij #{¥ (Pareto front, PF) &
ANV S0 A R A Y SRR N A AL DR L D A
A ARHLI PE ) MaOP. [ 18R T PF A% S H bx
75 I PR 404 JE 206 = SR S R KL PR bpgfg,  Pareoiti o1 E
B SIE R PE LIS MR o S8R A 1 23 A AN R o8 2
i PF X 4% ) PE RSO R x4l A R BUIU PF fY
MaOP 9 th Bl 45 Bl A7 o9 = 48 2 H 45 o fb | %
(Many-objective evolutionary algorithm, MaOEA) 77 3k T

A A

A BTV ;
B PR AL e AR IL K LR f SR B 5% T el

T A8 43 A 7E L B B SE PF A &, 50K S 20 4 5 1)
R EAERL, N B il 5 AR ST 5 LU, X T AN AL FI1 A5 AT AR P ) MaOP e fif 9 73 A
0 PF, 5% % 04 7 B 4 dE AT R BRI St , X 44 PF X 4 Fig.l Distribution of solutions in MaOP with
F A 8 P AT T 1) 388 45 0 ok L S i A HLG L 4 A R irregular PF
DX, DT X LA ZE 55 Wi S 5 22 A P A S A o DAL Ot
TERS AR B PE L #RBE PR UEAR E A BE ALK — BTSN B3 55 1 64905 1wl

A K R 255 (Growing neural gas, GNG) & —Ff 32 [ 41 21 5} ( Self-organizing map, SOM) ' J
SO 22 W 2%, R B AP R R RO T R B AL B T 2 ) B B SR A . X RS GNG
W T S 5 0 oA, ) 2 2 ) e B M ) AR G AR R O e B Bl o il B A A Rl 2
GNG i35 55 R W iy PF A3 $h S5 44, JF FH I M B E 2 7% 1) BERO 20 A o R GNG HA b 31 A A B
PF ) MaOP () — R G AL T GNG (7 b 500 1 B IR R Lh A b o

TR LA ) R AR SO A A I R 2 R 2% ok B TRC AT S LU PF Y MaOP w1 (9 2 2% ) i 5
FUSLHY PE LIRS 0 T — P T3 56 28 OB 22 U MaOEA, 4 8 MaOEA-EGNG .. BAKT 5 1% 07 &
TE iR 22 SOAR S Je A P — ol K 45 JBE ki b 10 o 1 o 4 s s )b S0 5 0 AR 2R A L AR B
F AR Y R SO A Ok A2 B GNG 3 AE 5, o GNG Y9 S8 8 DA S R i 4 = 38 L 7o . R,
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B FAE



636 R E B L Journal of Data Acquisition and Processing Vol. 39, No. 3, 2024

ASCH) E B TERE G LU 34 J5 e (1) BE3F T — Rl g R A9 A 1< AL B 22 X (Enhanced GNG,
EGNG) , o3& B i 4t H AR 25 [ 19275 55 A B P, SR A A LU PF B MaOP o BRI
A N T SR B AR AR bR T A AR AR T R R L A 1 L O R A AR B B A TE T A
ST I AR AR 5 B AR N B 45 A 5 (2) B3 T — A EKA B AR bR, AT T A5 AR R A A B S Y
e /DN B DT 4 47 B 0 e SRk |, O a FH R 1 060 A% 109 285 B2 Al 1 1ok D B30 i 22 [ 1) %85 BE AR L, 45 T A
B ZFEME; (3) #EH T —Fh 3L T H S IV 2 % 5 1 BR85 % £5 (Environment selection based on adaptive refer-
ence points, ESAR) ,iZ 7 %At FH EGNG B 19 iR 48 2 2% a0 A3 Ny, BRI, 3 0 il 3O o 19 A=
KA Z RN RAE NS H S IR T ENSH s IS B 18 br ok e B A F Y .

1 HXTE

AT A A 2 B bR AR IR AH DG A2 S, SR G 43 Sl e 3A TR T A R A A 3 N R T Ok DA B AR
N B 22 SR R 2 TR T v
1.1 BEAXEX

EX 1 ZHRRALRE, — BT, 2 BAr ol e o] L3k

minimize F(z)z(fl(l)»fz(l), "‘,f;n(l))T
st. a=(x,,29,,2,) ED
K ex H— DK & ; DERFR IR 0] F (x) € R™ & mA> B bR s/ ) L) HAx el & L0
=1,2,-,m, Hbx1a &4 8 H bR2

EX2 Pareto LMK FR. — A a=(ay, -, a) LS —AHE =518 . 2). 4 H
EYie(1, 2, -k}, e, << B, HIFe{1,2, -, b}, a;<< B, EFAT LRI N a < BTN a LB

ENX 3 Paretofliff. & a'€SH Pareto i, 4 HAUCY ANAETEAT R 2 € S 2 <2/ 1T,
Pareto $5 fJi i 75 — 1 B0 N 13 i 4 Pareto 4F 45 fi# 8¢ Pareto JE SCBC A% o

FE X 4 Pareto f i fi# 4 (Pareto optimal solution set, PS)"""' . Pareto i fi it 4 PS J& FF 4 Pareto %
(R I S e

(1)

PS={xr€S,Ax’'€S. F(2)<F(x)| (2)
EX 5 Pareto i LHTHT . PSZad H AR o& B WA 1 1 1 7)Y Pareto Hif iy 2 Pareto B ¥ i ,

Rl Pareto S AL il 75 H AR 25 ] v BT 2 i ) 48 a3 i , 67 R
PF={F(x)l€PS} (3)

1.2 EFREENENETETE

o 3k /) % F R BE H A Pareto #F b B 75 (Improving the strength pareto evolutionary algorithm,
SPEA2) "B T IR 14 3 T 5 B {1 19 Pareto #E 4L %5 %% (Strength Pareto evolutionary algorithm , SPEA)
Hh AN AR I N RE AR ], 3 45 T WIS LA R SR SIS WA AV L AE Rl R v 4 T A A A4, DA 25 2R 470 3l o A 45 i) AL
LA SPEA2 2y FEfilt (9 T AR 78 T S 4R 4 ) V2 BF 5%, 491 oK — b 5 T 057 3% 1% %5 B2 Al 1 77 15 (Shift-based
density estimation, SDE) "/l A SPEA2 v, 2k 3 T 4 H b5 4 Jil ik SPEA2 £ K 1 Xk LA 4E 45 14 1) 81, 36
H—Fh 3T 2 % 10w 19 5% % Pareto ¥ 1L 55 1 (Strength Pareto evolutionary algorithm based on reference
direction, SPEA-R)" 75 22 Bk Jy 1 il FH i 5 2 % 1) B 22 IR0 A 88 O i 15 2 KR

SPEA2 H 5 T3 J8 F 19 D0 385 40l 43 77 2 i 17 OAF 3t S5z ke o A4k 22 ) SE M0 56 &R o LR R 5, 77 4% P A
FIHE Prrb i B A A B A 40 TE T — 5 BB S () R FR/R il H SO A i A
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s()=|{jjeP.+P.Ni>j}| (4)

o[- FRR — DB RGN 2GRS > XA R4S G R o A8 STEAY LA A% &
JO7 B RS bR R (i) R
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P R () F oA T SR Y S A Y B R
1.3 AKBEMESNUERENRAE
SR AE b B BE U PF (9 MaOP i G 4% T H PF (% JUART 4 5, 0] AT DAAR $f A0 0 (4 PF 23 A6 2 £ &
i A R Bk A SRR AL . 3T AR OR PR AU TSN BF ST MRS . AE PeEA b R T —Fh 3t
F I R R 7 IR AR v Ak BR ORI  JLAT {5 BB I L% . MOEAD-URVHR I T —
Pl 2 PE JUAR P 53 1 7 i, 3% ik i A0 7 J0 D0 00 AS 9 D) 1) 288 7 F (0 s o o 308 2o A ] A0 1% JL AR 1 I
Ve T — Gl AR SR SR o SR, 24 Ak B A B RN 2 Ry PF R RS, PeEA F1 MOEAD-UR HY
RIES 2R ERM . BCE-PMOEA™ & 7 — Fh XUAE I JE L HE SR Pareto #E U J7 ¥ 5 IE Pareto 1 W
T3 V5 AR G5 6 R 1 s SO FD 2 AR . (BTE BE AR ) 9] PF OXE LUBA 22 | X I Pareto o ) AT g 23 1% 48 R
Dy ), Lh 2 T R AR SRR
ST E AR M R B B PE A AR S A5 AR T 0 T R 2 R T GNG Ok 45 T A T 00 i Y
MaOEA (% . GNG BEWE F 3 I #b 2% 2] 45 5 1) — 4L A S M b 254 o GNG I’ 45 i 19 358 43 41
B (D) BB AAE S 1957 U8 (2) 1 i Z R B8 ROREFETT R Z MR C R . BB IR T .
HB,A BN E w, M w, RTS8 a Fo UG o B A BR300 4T % R A A0 T a5 B iR
ZHh0,
BB|2 WA-METE
W3 BN R s, FEE O R sy
WA BN s AR T A LSRR
HES s R &Ry BE BRI s, (iR 25 AR i, ik U
Aerror(.s‘l)ZH wy — & HZ (6)
BB Bs LHEEAINB G nm R85, Kk R
Awg=¢,(E—wy)
Aw,=¢,(6—w,) (7)
H]7 s Ms, h— ki 48 WXL 1) age BB AE . R X AR M AN AEAE, A e
W8  MIBR age KT age,., Mil15 . Q1A X - BOW S0 &G, 0N IR 917 19 84
HBO  WAREHATN IR A G5 EOES BB AEE, I BT SO 8 8 e KE L R
A A —ASH Y A
(1) 2 5 78 1 e KI5 1 g
(2) fEHA B RERA 1 ¢ 5 HARE f2Z BHH A — #0108 r, Rk R
w, = 0.5(w, + wy) (8)
(3) i AFEHEHT B TT r MR TT g RIS 300, I I BR AL T g A2 8] 09 J5 46 31
(4) BB g F IR Z BRIV —N 8 B a. BE - ERE RS ¢ AY45IRAS REAE .
IR0 o DL A d R BT R 25 R
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HAR GNG HA B A7 09 7206 VRS B v 55 O 7R BB R 45 80 1 7z (g (B AEAS BN PR
%MMEA¢quﬁ¢OlMﬁhownmkMm&ﬁhﬁ%ﬂﬁ%#i%%*W%GNG*%%

w L U GNG 23 AR Al S A Y 5370 o 2 212 A A B PE B9 MaOP 9 PE 41 $M 4544, IF 76 AS BN 30 b 25
lﬂéﬁi’%%ﬁﬂéﬁs‘rﬁﬁi%# S, 35 B AL B AT R FLU PF i MaOP 1 H 19,

2 ETFEGNGHEH#SBIRHLE X

AT FEA A MaOEA-EGNG By L HELL B A BE 38 it 3 0 15, EGNG B 77 45 08 57 SR s DL
BT A 3E N B S B PR, B 2 ) MaOEA-EGNG s i #E I
23]

K2 MaOEA-EGNG Ji 2 A
Fig.2 Flow chart of MaOEA-EGNG

2.1 HXEZR

FE 1R T MaOEA-EGNG W FIEHESRE , R 2 N 540

(1) BG4 < A= W — 2 BE B 3 A 19 2 2% s R — A W0 06 b e P, AR R 2 2% (0 FN40) 4R F RE P A4 22 90 4R
GNG M

(2) BEFH - BRI R 4y by 58 SR S5 R0 A il 1AW AR 4, 28 SR S5 A P A T AR S 40 — 30 558 SR 22 30
FAE 5 05 vk AR D s o R 0 28 S J R ) B 2 AR e 1 e OB O 0 O B 22 R AR T S B - Ay
AR AR A s AU R

(3) 3§ A A R M 22007 ) AR I o A 2R KBUM 2 M 48, 9 B S T — A w1, 78
T SR ST TR X AT HE R N ER R R 5 R I A R A AL YT Ak 8 R
R, 3K B 0 2% 7 e 0 e R (B .

(4) 2% S4B EGNG 19795 55 SOl MR SEAT985E , A 38 07 b A 5 9 R B0 A 2 1 2 2% 5
XSS G TE H bR ) b5 PF AEE B AR /DN, (8 50 86 i o 45 5 PR 85 e 4% m] DUAT 20U BRAE A L PF 9
MaOP 1 PF % 37 5 53 []

(5) PREELLFE ARG — VT L PF (9225 5, LA SR A 28 i 1 306 5 B2 B8 A, 1 5878 T AURP R rh AR
i 275 mi Ok e85 2 0T IV I T A A, HE R T Rk A X TR 5 R A AR b e 2 AR AR IR R A A LA
LN S P PR SR M, 8 1 dRc 2 10 J5 AR R

Hix1 MaOEA-EGNG

A FHEP, T O, BRI N, B RIE AU MaxGen.

Bl FhAE P

(1) [Initialize: Reference point R, ; Input signal &

(2) net < InitilizeGrowingNeuralGas(P) ; /*R & #7 la Fp#E Pk W) i 1k GNG W 45 +/

(3) & =< Updatelnput(P, &)
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(4) Metrics <= CalMetrics(P)

(5) if gen << MaxGen

(6) O < Reproduction( P, Metrics)

(7) P = PUO

(8) & < Updatelnput(P, &)

(9) if gen << 0.9MaxGen

(10) net <= GNGupdate(P, &)

(11) end

(12) [P, Metrics] < ESGP(P,N,net,R,,£)

(13) end
2.2 BREEEERITE

% JE BN TE SPEA2 rh L T 5 2 AR08 N B2 T3 7 iR 7R B B P AN EL L BRI RAE A O, B0k i k4%
JE 1T B, AR SCHI AR B 0TAG 5 e eloadk 17 B Ab FE MaOP B 3 868 S R R B9 [a) 8, BRI &, A SCH BK
A R R AR AT W SRR I T 22 BEVEAR o BN o MBS E D T T L B FE AR R F A R BE 5 Pa-
reto S AL TE H AR 25 1) b i fie /NI B o T, 46 45 RE W6 1R e 4t 35 137 ol 1 ) 980 28 D 4, PR abe mT K D A i
FESCHE XA € Qe /MET(A,S), o S Pareto e L4 o TEMRSKPETE A5 R 4R 5 A P sl T
Pk AR B9 57 RR AT HET 08 BB ok (I I 5 TR U R e o A A s R

Vo’ €BA*E€A; £, (2')—e<f, (27)

I.(A,B)=min, (9)
forme{1,2,---,M}

R= 10
7}({12}, {.Tl}) ( )
z —e o +1
repr{x")
e S —A/INEE, BT B A i 4 2o BE T 3% s M MaOP (1 HFR % 0 o — A IE S50, FH R 3R0R L 191 46

T

ZFEVERR I FH SPEA2-SDE" ot 1 3 T (57 8% 10 8 B2 A 1107 s . 1% 5 B R K ISt 22 9 A B
S E| — A IE X, DU B AT L ok . BRI 8R4l A p 0 %5 BE R, 25 LStk T 5
— AR g, WK p B RS B g S 1T B BB . T IR RO T AR A 3 MaOP B USSR I 2k [n) R

AR FH
Di(p,P>:Di<di(P’91)’di<P»‘12>’""di(P’(IN71>> (1D
—QEP-Diﬂﬂpfﬁﬁiqu%fﬂ/‘]%ﬁ?%i_'Nﬁﬂﬁ”ﬁﬁd\'di(ﬁ g I Rp 5 qEERE ., XOQDF T K
AN 1) 5 B A BAE A B — B b 3 BR b 1 HE R L SRR SE AN R AR M AR E R/ iE N Dt £

ﬁﬁ&d‘mﬂ[ﬂ‘

1
D=— (12)
D+ 2

A Di O R B 2 (AR PR 2E ) | R I RO B0 B 1 o 2 AE PR AR v, 0 B 2 AR & 0 <D << 1.

k%ﬁﬁ%&mAﬂﬂﬂﬁ%ﬁﬁﬁ%?ﬁ@%ﬁ%FMM:J +W
B A B 38 A B T 38 ] LB AE R X — 3@ N E B A ad B2 o TEUCSCHE 8 B R v, e {8 AT #5800
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ST /N0 R X 330 0 48 3o B 5 , 30K 0758 R EL AT AR I 10 25 RE A 4 S , DR B T 46 R 00 506 103 1
BE . T4 1085 BE A D IS A JEUIAE L HE RV FLUR AL, e AR 4 JE B4 b ] 220
Metrics= R + D (13)

2.3 BMEBHEKEBESHAERER

S0 T T — T8 1 B ER A A A7 4 2 B b A W T S T AR R A (35 o SR L 7 2 A
T, AR A S TR T A 2 Al S R T ST T 4 X 1A 9 S B PG B
R AR S0 46 4 2 A% 5 TR I 2 EGNG . BB+ (1)l GNG (955 AN 21— A 0 54
PaE, 3% B PaE WA 1E 05 (2) 3 i 74t HOI06 & FE BESBR , 0 4035 S0 AT 00 25 DAY I AR A A
GEILYEATHERE  (3) $ETFRT DU 43 2 — A5 5B Pa (5 (4) W% 2 4% 9 0.5N A5 0, I 76 i o oz 4 1
B0 0.5N 3 A

o TR B A AT O 4 (R KB AR A SO EGNG B /NS Hy 2.5N, Foob N BRI BERI A/ . [ 3
Jg EGNG % W 19 J5 3/ L /R T 76 34~ B 4% 1 B I , s
EGNG 5 4 ) 57 5 38 . v 5 4 ALK (6 0 980  emEa

EGNG #3137 (075 15, 0 (45 55 P (0 45 P e 22 ity Pareti OREEE
VTR e BCH A, T 2 E M 2 L A
S AR AE A TG B B AL B 1 W EGNG 7% @ o
185 15 B 145 44 141 PF RS 30 00 95 00 8 L AR 440 A 15 5 19 ol \g® 2
159 LA R R PO 1 L B 7% EGNG U2 M 18 PF )7 A b

W88l . EGNG B8 5 s 19 Dy AQRS A0 53k 2 i o

Bik2 AR RO B U s T RN ®

F A AP PR R/ N, GNG Y 51 5 net

B GNG 19 5 4 net

(1) w = netw;PaE= net.PaE; 3 EGNG 5 s A S5

(2) Metrics < CalMetrics(w) ; Fig.3 Schematic diagram of EGNG strategy

(3) Generate a Rank based on a descending order
of Metrics values;

(4) fori = size(Rank)

(5) if i << 3/4 X size(Rank)

(6) PaFE = PaFE;

(7) else

(8) PaE = PaE + 1;
(9) end

(10) end

(11) ifsize(w) > 2.5XN

(12) del <= Rank in descending PaF order and find the first 0.5N nodes;
(13) Delete the del and delete the connections emanating from del;

(14) end

(15)  fori=1: size(P)
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(16)  net <GrowingNeuralGas(P(i),2.5XN); /*4 BH T A, HE GNG K/ K 2.5N*/
(17)  end

(18) netw = w
2.4 EFRENSEANKERE

A SCHR Y ESAR ARYE EGNG B 1Y 50k B WA RS %, FEl 0 54 2 % ml K5 11
PR BEAT I A BE % . ESAR B0 3RS« 3 Bl o SR s L S5 FORE S 1 £ By sk gk 3
JR7R o AEAFE R R E RO S TR IR I Be R 25 R B P 5 GNG I AMG 5 &, B AR SO EGNG 19
RANBEE g 2.5%N, EGNG 75 st O SR FRE P A /N ) I OG5 f0f B0 B30, WO B — A
SO AR DG T 14 ik, DRI TR ) A S ik 1) 0 A RT 8 2 7 B i 5 R 1 Y R0 A

BiE3 T AENSH SRR

A FRE P FRER /NN, GNG 1 i fE net, 2% S R, AR5 ¢

i AR P IS E 45 ) Metrics

(1) P= PUé&

(2) R, =< Associate nodes in net.w with the closest solution in the P

(3) Metrics < CalMetrics(R,)

(4) while size(P) > N

(5) Delete the solution with the worst Metrics

(6) end

3 XEEEBSERSN

AAA T ML MaOEA-EGNG M PERE , 33T T 41 XA PF ] B850A X bR 58, 5286 4% 11 f0 46 L%
Sk K R, YRR R SRR S L e E A SR A SO L EAT BAKR A BT
3.1 XHeEZE

Bt 5 A BA AR MaOEA , 5 47 A, 40 5JE RVEA-IGNG \[DEA-GNG™ [PeEA™" |
MOEAD-PaS®'#l VaEA™ . X} 5503k 647 8 R R I F o

(1)RVEA-IGNG & —F F| - iIGNG B9 H 1& . RVEA, ﬁH?T%M"J PF ) MaOP, £ RVEA-IGNG
H R — 21 B IGNG 2R 0 2 2% 1] 5 ok 48 S48 R, 38 1k 1 50 sk IR B PF i 5 B ik i
FHE T GNG 22 2 0%, LA SRR i) AL R0%

(2)DEA-GNG 73 il & 3 7 —Fh 5 T GNG 1y 2 % ] & A5 iUy ¥6 F1—F [ 3 N AR Ab oR 850k 6 07 126
O3 T Z AL AR U PF LA K- 22 RE 1 S50k Stk

(3)PeEA$H T —F [ 385 B ZE £ 19 PE MR A8 715 R BN PEF A9 JLMIZAR IR $2 0 T —Fh [ 35 B
(4385 07 BE T35 07 5 AR UE T PEF I E SO M o S B 1 T 356 4 3 00 R IR 8 10 % B A T O R R RIE B
RTEASYEE E IR ORIE R 470 2 FE 1

(4)MOEAD-PaS{fi FH T Pareto [ i W b & 38 3T 1 7 ok 4R 80 L, ik s p (i . L, 5 vk 5k
T MOEA h— 25U T 8 & b p (X T35 %) PF LTI S 2 0 H 2.

(5)VaEA 55 T 43 fif (9 S AN W], BN 5 SAR A0 4 2 19 2 7% o slORUIA 1) 5, 102 R 0 24 i ol
A ) Al SV R 0005 8 o R R ASUIE 1] 5 22 IR0 B4 B SR 38 i R B 0 2 BE L O 6 1 RRCEC R B M B T
AP, DAARTIE B9 e sk o
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3.2 K e &

T IS A R LU P R PR BE AR S 5 1O A B E
T 114 B A AN PF AY M L 1a) B, B Table 1 Characteristics of test questions

CDTLZ2*" DTLZ5~DTLZ7*® IDTLZ1~IDTLZ M8 BiafM) s RH(D) Pareto B AR

2% SDTLZ1~SDTLZ2®” fl WFG1~WFG3®Y, DTLZ5 3,5,10,15  M+9 BAEHY
I B0 (1 A A A 26 1 BT R, A R i e T PTRZ6 3,5, 10,15 M9 BAL
3.5.10.15 /4 H &% o 1 &% f£ DTLZ7 1 # 4 DTLZ7 3,5, 10,15 M—+19 S BAN:0]
DTLZ1 75 1 1 5 o s o e et gy ) C0 142 35 10,05 M9 A
JMA19H M4 X T H At 3 [ 80, He o AR IDTLZL 5,5, 10,15 M FIE A
AR M0, A SR A B 72 S 10 M i
. - commm e SDTLZL 3,5,10,15  M+4 MR 2
BB TN E 0 R R N R R 2 108 maxFE, SDTLZ2 3.5,10.15  M-9 R
MM 3.5.8. 10 15 B NAl maxFE 53N wroy 351015 M9 KR
100,121,156 169,200 110 000,15 000,20 000,  wgGe  3.5.10.15 M9 W T
25 000,30 000, WFG3  3,5,10,15  M+9 BAL

3.3 MRERRE

Sh T 3k S X L B v AR AL B AR B PF Y MaOP 894845 , R Fl— A B2 6 A R B B 28 44 (kS
IGD ") M PERESE AR, B4 I T — DR BER Y S A Z R A i ik . O IGD T A 4R Pareto
ST AR ME BRI RE A T B IR R R BE B (Inverted generational distance, IGD)" 5 & F (Hypervol-
ume , HV) 5 5 IGD ™ A9 Ak K008 238 15 T e fy . — il &, — S5 A9 IGD (i /N, 1 W1 57 0k
vk RE AT o FETTSE IGD B, 5 M\ B ST PF PR A H 38 A0 40 A 169 2 25 55, A SO A A4S T 3 i) R R
BEME T 5 00042 % 5, Wi M2 % ARG 052 PF #6470 —1k .
3.4 BHIEE

TES BB b, BT A 5k 35 2R PRl 300 5 58 SO 22 30 A8 S o A il AR L 38 SURIE 535307 43 3l
WE N d=20Md, =20, & XMRMGEEAM A3 E N p=1H p,=1/D, H b Dyt 5 A2 5 1%
. GNG 2504 9% 5 H 1=50,6,—=0.2,6,=0.06,a=0.5, ;=50 ,d=0.995, 1 & ¥k % & H
PaE=60,
3.5 ZBR55W

A S B I K FR 85 R PlatEMO™ - & Bt 7 K 78 AMD i 8 R7-5700(3.20 GHz) b ffi J§ MAT-
LAB 2021a 47 . N T 5 1 UL HE 22 3 MaOEA-EGNG 78 45 8] 42 b i 1 RE L 8 I 328 1R) S50 43 g 3984
DTLZ e} f8 \WFG [a] L S DTLZ 445 fA [n] 8 552 56 45 5 rb Bl UK €0, b 314 5 Sy B AN 00 3K i) 8 o
IGD " (W fe/IME, v K (AN B (H O IGD T 55 —/IME , S Z R I8 IGD (H HEAT HE 4 L 34355 — 4 i B
k7 First sum , 3575 H P 24 (9 Y 50K First two sum , AR 2 330 79 35 45 b7 5 40 e B vk e R 10 18 4 &

F 2B/ T MaOEA-EGNG 5%} L3378 DTLZ [a) 8 1 28 35 30 b 4l 37 31 50 49 - 3 1GD ™ {8, A M
F i MaOEA-EGNG K183 /N IGD H IR B 2, BARTEREHES A4 — % o 5 4 PeEA 78 124
WA ) B AT 7 A IR AR AR T R PI 4% X T PeEA B A8 60 5 T 4k B 14 95 B A 1107 125, 7 w5 4 ) 1
HRORE 5 T bk B R AT T R Y R E

# 3B /R T MaOEA-EGNG 5 X}l 8 ¥ fF WFG [ B b 28 5 30 itk 57 3 5 /9 % 2 IGD T i,
MaOEA-EGNG (1 Bk HE 2 AR 250 — o (A B2, BA7E L 3 WGF L [n] B i R IAE 3L
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%2 MaOEA-EGNG 53 tb &5 7 DTLZ K 19 3 £ # F 5 IGDE
Table 2 Average IGD" values of MaOEA-EGNG and comparison algorithms on DTLZ testing problem

WX B(M)  RVEA-IGNG  DEA-GNG PeEA MOEA/D-PaS VaEA MaOEA-EGNG
2.303 6e—3 2.174 1e—3 1.652 le—2 1.030 le—2 3.452 2e—3 1.497 8e—3
DTLZ5(3)
(6.73e—5)— (5.87e—5)— (1.92e—3)— (5.28¢—4)— (3.0le—4)— (2.02e—4)
4.656 2e—2 8.897 3e—2 4.016 4e—2 4.481 9e—2 1.072 9e—1 2.224 0e—2
DTLZ5(5)
(9.45¢—3)— (2.75e—2)— (1.94e—2)— (9.51e—3)— (2.38e—2)— (8.59¢—3)
1.078 3e—1 1.723 3e—1 9.412 8e—2 2.768 4e+0 2.826 8e—1 3.990 3e—2
DTLZ5(10)
(4.15e—2)— (4.91e—2)— (2.33e—2)— (1.32e—1)—  (9.93e—2)— (1.99e—2)
1.049 6e—1 2.085 0e—1 1.5350e—1 2.763 2e+0 3.131 0e—1 5.544 8e—2
DTLZ5(15)
(2.91e—2)— (6.53e—2)— (3.72e—2)— (9.70e—2)—  (1.07e—1)— (2.27e—2)
2.022 8e—3 2.556 6e—3 1.469 8e—2 9.125 6e—2 2.349 8e—3 1.180 5e—3
DTLZ6(3)
(3.65e—5)— (7.83e—4)— (1.96e—3)— (1.98e—1)—  (3.06e—4)— (5.33e—4)
DTLZ66) 2.309 de—1 3.5159e—1 7.605 le—2 1.261 0e—1 2.566 9e+0 1.3558e—1
) 9
(2.25e—1)— (2.86e—1)— (1.83e—1)+ (1.19e—1)+ (8.56e—1)— (2.40e—1)
5.174 6e—1 6.899 le—1 8.427 6e—1 1.003 7e+1 4.819 7e+0 2.605 5e—1
DTLZ6(10)
(3.56e—1)— (3.19e—1)— (7.23e—1)— (2.27e—1)— (7.16e—1)— (3.0le—1)
1.149 6e+0 8.726 5e—1 4.274 2e—1 9.617 3e+0 4.674 3e+0 3.221 9e—1
DTLZ6(15)
(4.70e—1)— (4.0de—1)— (3.90e—1)= (5.79¢e—1)— (6.49e—1)— (3.85e—1)
DTLZI(3) 7.745 3e—2 5.564 0e—2 4.806 2e—2 2.516 4e+0 8.732 5e—2 4.840 0e—2
o (6.15e—2)— (5.23e—2)— (3.75e—3)+ (2.04e+0)—  (6.90e—2)— (4.92e—2)
3.620 4e—1 2.631 5e—1 2.401 6e—1 2.939 1le+0 4.276 Te—1 2.281 5e—1
DTLZ7(5)
(1.07e—1)— (9.54e—2)=  (3.48e—2)=  (1.40e+0)— (9.84e—2)— (8.15e—2)
DTLZ7(10) 1.555 3e+0 6.047 8e+0 2.479 5e+0 2.197 8e+1 2.453 2e+0 1.135 5e+0
: (5.60e—1)— (1.09e+0)— (2.06e+0)— (5.75e+0)—  (5.66e—1)— (3.03e—1)
DTLZ7(15) 1.645 6e+1 2.213 8e+1 5.492 8e+0 5.470 4e+1 1.017 6e+1 1.138 5e+1
o)
(2.51e+0)— (2.36e+0)— (2.29¢+0)+ (1.07e+1)— (2.18e+0)= (2.37e+0)
+/—/= 0/12/0 0/11/1 3/7/2 1/11/0 0/11/1 —
First sum 0 0 3 0 0 9
First two sum 4 1 7 1 1 10
W7 TR =0 R R SR R I b A T 5 TS 220 5 MaOEA-EGNG 83k T 15 H %) S 56 504 .

Ji AR A SR Al WEG LR, 45 31 (9 PF 38 % J2 A — /N K 29 4 PEL X S 80T K A5 5
HEFRE LS DI, (A K DA ) A R . B AR, WEGT 93X —REAE X MaOEA-EGNG A # K
T R

F4RR T MaOEA-EGNG 5%} W75 DTLZ (978 fA ) B3 1= 28 55f 30 YR 7 33 (1 F 45 IGD A,
Hf MaOEA-EGNG 1 CDTLZ2 5 SDTLZ1~SDTLZ2 4t 12 4> [0 8 | [ 38 G2 34 # 7 , 75 IDTLZ1 il
IDTLZ2 F R IDTLZ1(15) 4 MaOEA-EGNG M HE 4 2318 8] 7157 M 4 K F o A2 NERZ A0 E,
RVEA-IGNG B First sum Z 4R 0 AHAEAR R S5 3815 T 55 =45 3 & O s DTLZ A K [0) 8 1 PF
SN 2% 78 H bR s A R 38 R PR 2 W 0 tg 1 RVEA-IGNG H {9 258 1 445 18 GNG i A
FOT I RRE T GNG W5 1, DR T A B A R 2 A AR A L b ) SR A 7
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%*3 MaOEA-EGNG 53 tb &5 WFG Ui 83 £ 9 F 1 IGD E
Table 3 Average IGD" values of MaOEA-EGNG and comparison algorithms on WFG testing problem

MR E(M) RVEA-IGNG  DEA-GNG PeEA MOEA/D-PaS VaEA MaOEA-EGNG
WEG1() 5.8111e—1  4.9169e—1 4.3398e—1 1.557 9e+0 5.491 2e—1 4.8137e—1
(9.75e—2)—  (9.90e—2)= (7.02e—2)+H (4.55e—2)—  (5.04e—2)— (8.89e—2)
WEG1() 1.3657e+0  1.1609¢e4+0 84555e—1  2.048 2¢+0 1.313 1le+0 1.103 6e+0
(1.35e—1)—  (1.13e—1)= ([@.79e—1)+H (1.18e—1)— (1.14e—1)— (1.53e—1)
WEG1(10) 2.092 6e+0  2.067 le+0  1.7080e+0  3.0028e+0 2.399 2e+0 1.502 2e+0
(2.22¢—1)—  (2.47e—1)— (3.35e—1)— (8.77e—2)—  (1.8le—1)— (2.47e—1)
WFG1(15) 3.1333e+0  2.6485e+0 1.5570e+0  3.384 5¢+0 3.132 8e+0 2.613 0e+0
(2.98e—1)— (2.6le—1)= (4.89e— 1)+ (1.35e—1)— (1.99e—1)— (2.46e—1)
WEG2(3) 7.4923e—2  9.3477e—2  6.737 6e—2 1.189 5e—1 9.023 3e—2 5.302 1le—2
(1.02c—2)—  (8.78¢—2)— (4.65e—3)— (2.35e—2)—  (6.48¢—3)— (1.03e—2)
WEG2(5) 1.8241e—1  2.0720e—1 1.5598e—1  4.5456e—1 2.494 7Te—1 1.559 8e—1
(2.64e—2)—  (1.98e—2)— (3.39e—2)= (1.22e—1)—  (1.82e—2)— (8.23e—3)
WEG2(10) 5.263 le—1 6.8604e—1  3.6454e—1 1.531 le+1 5.332 5e—1 3.202 9e—1
(9.18¢—2)—  (1.79¢e—1)— (7.54e—2)—  (3.16e+0)— (5.3le—2)— (6.18e—2)
WEG2(15) 1.1739e+0  1.2774e4+0  1.1168e+0  2.230 7e+1 6.982 5e—1 6.880 3e—1
(2.06e—1)—  (3.85e—1)— (2.22¢—1)—  (5.41le+0)— (9.56e—2)= (1.59e—1)
WEG3G) 1.191 4e—1 1.1857e—1  1.199 le—1 1.142 4e—1 1.445 5e—1 6.307 6e—2
(1.49e—2)—  (1.25e—2)— (2.03e—2)—  (1.60e—2)—  (1.64e—2)— (1.73e—2)
WEG3() 3.2159e—1  4.5075e—1  3.3258—1  2.970 7e—1 5.392 7Te—1 2.732 0e—1
(4.24e—2)—  (1.02e—1)— (6.14e—2)—  (8.96e—2)=  (7.77e—2)— (3.26e—2)
WEG3(10) 8.934 3e—1 1.039 0e+0  7.930 6e—1 9.993 7e+0 1.083 8e+0 5.698 5e— 1
(1.36e—1)—  (2.06e—1)— (1.57e—1)—  (7.87e—3)— (1.64e—1)— (9.26e—2)
WEG3(15) 1.106 6e+0  1.4602e4+0  1.3475e+0  1.494 Oe+1 1.086 7e+0 1.033 3e+0
(9.91e—2)—  (2.75e—1)— (2.5le—1)—  (5.78¢e—2)— (1.73e—1)= (1.04e—1)
+/=/= 0/12/0 0/9/3 3/8/1 0/11/1 0/10/2 —
First sum 0 0 3 0 0 9
First two sum 0 0 8 2 2 12
7 =T =0 B R SR AR A B M T RIS L E 25 51 5 MaOEA-EGNG 535 45 H i) 52 56 5090 .

%4 MaOEA-EGNG 53l HE7EDTLZ TR iE R F 9 F19 IGDE
Table 4 Average IGD" values of MaOEA-EGNG and comparison algorithms on DTLZ variation problem

M) @(M) RVEA-IGNG DEA-GNG PeEA MOEA/D-PaS VaEA MaOEA-EGNG
1.604 5e—2 1.976 8e—2 2.624 8e—2 2.5233e—2 3.3120e—2 1.280 8e—2
CDTLZ2(3)
(3.08e—4)— (1.75e—3)— (2.63e—3)— (1.25e—3)—  (1.69e—3)— (1.85e—3)
2.283 1le—2 3.182 5e—2 3.176 9e—2 8.332 0e—2 5.1528e—2 2.066 le—2
CDTLZ2(5)

(8.55e—4)— (3.76e—3)— (1.63e—3)— (3.02e—2)— (1.96e—3)— (1.16e—3)

2.367 4e—2 3.359 9e—2 2.725 5e—2 9.550 le—1 4.804 8e—2 1.865 7e—2

CDTLZ2(10)
(2.0le—3)— (7.97¢—3)— (5.19e—3)— (3.10e—1)—  (9.46e—3)— (9.63e—4)
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gk
WL (M) RVEA-IGNG  DEA-GNG PeEA MOEA/D-PaS ~ VaEA  MaOEA-EGNG
CDTLZ2(15) 2.7190e—2  3.0882e—2  3.7745e—2  1.2241le+0 52052 —2  [iGI36e=2
(3.97¢—3)— (8.54e—3)— (7.02¢—3)— (3.82¢e—1)— (1.4le—2)— (2.05e—3)
IDTLZ1(3) 2.664 6e—1  [I58I6E=1  2.4947e—1  2.0198e+0  1.8694e—1  2.2629e—1
(5.06e—1)=  (2B58E=M=  (3.24e— D)=  (247e+0)— (2.38e— D= (2.73e—1)
IDTLZI() 5.0775e—1  4.6325e—1  4.5075e—1  5.6662—1  4.5419e—1  H4952e=1
(7.60e—1)= (4.29e—1)= (5.12¢e—1)= (5.93e—1)= (4.93c—1)= [((I63=)
IDTLZ1(10) 1.4219e+0  1.0937e+0  1.0854e+0  1.8512+0 BlOI28e=1  9.5408e— 1
(2.35e+0)=  (1.65e+0)=  (1.28¢+0)=  (2.50e+0)= [(JM2ETNHE  (9.45e—1)
IDTLZI(5) 3.3855e+0  2.2219e+0  1.5384e+0  3.7035e+0 25380  3.868 0e+0
(3.36e+0)=  (2.58e+0)+ (1.30e+-0)+ (3.64e+0)= (9:87e—1)+ (4.29¢+0)
IDTLZ2() 2.7423e—2  3.0127e—2  3.6467e—2  4.2891e—2  3.8133¢—2  [NO544e=2
(6.10e—4)—  (1.8le—3)—  (3.20e—3)—  (1.76e—3)—  (1.70e—3)— (1.76e—3)
IDTLZ2E) 1.0833e—1  1.329le—1  1.1105e—1  1.8867e—1 1.3854e—1  [0I53319e=2
(3.87e—3)— (1.1le—2)—  (3.62¢—3)—  (3.97e—3)— (2.87e—3)— (4.77Te—3)
IDTLZ2(10) oro7e”1l  2:8585e—1 2446Me=1  34791e—1  3.2586e—1  2.5217e—1
(7.16e—3)—  (1.29¢—2)—  [(334e=3)+F (4.13¢—3)— (1.00e—2)— (1.27¢—2)
IDTLz2(15) oz37e—l  35117e—1 30299006=1  4.6583¢—1  4.0012c—1  3.859 0c—1
(2.96e—2)—  (4.82e—2)=  [(BMAe=3F (8.9le—3)— (1.1le—2)— (1.09e—2)
SDTLZIE) 2.4101e—1  2.4853e—1  2.060le—1  4.9860e+0 2908 le—1  [3449e=1
(2.2le—1D— (249 —1D—  (@219%=1D=  (5.07¢+0)— (2.82c—1— [(21066=1)
SDTLZLE) 9.4582e—1  1.4003e+0  8.6413e—1  2.6989%+1  1.8052+0  buld2ile=i
(1.0le+0)—  (8.73e—1)—  (9.18e—1)=  (4.98e+1)— (1.13e+0)— (6.08e—1)
SDTLZ1(10) 1.784 0e+1  8.7124e+0  1.9264e+1 57052 +3  2.2815e+1  Big490e40
(1.76e+1)—  (5.5le+0)—  (1.96e+1)—  (2.34e+3)— (1.93e+1)—  [(4756F0)
SDTLZI(S) 6.0114e+2 46129 +2  58516e+2  2.0285e+5 6.6903e+2  [1H0928eF2
(6.21e+2)—  (3.73e+2)—  (3.82¢+2)—  (9.82e+4)—  (5.20e+2)— (1.26e+2)
SDTLZ2(3) 4.6485e—2  4.8461e—2  7.2297e—2  6.1084e—2  5.0123¢—2  Bl6085e=2
(117e=3)=  (1.7le—3)—  (7.29¢—3)—  (1.93e—3)— (1.49¢—3)—  [(Ii54e=3)
SDTLZ2() 2.8058e—1  3.4570e—1  3.6847e—1  4.3986e—1 2946 le—1  [N76310e=1
(6.82¢—3)—  (2.89e—2)—  (7.81e—3)—  (1L.13e—1)— (1.35e—2)—  [(51026=8)
SDTLZ2(10) 2.7136e+0 1120 le+1  9.3574e+0  4.1929%e+2  1.2245e+0 [II7Ie=1
(7.29e—1)—  (5.40e+0)—  (6.17e+0)—  (2.74e+1)— (2.64e—1)—  (3100&=2)
SDTLZ2(15) 4.004 9e+1 2923 le+2  2.6995e+2  1.4729e+4  1.5596e+1 26055640
(2.27e+1)—  (1.55e+2)—  (143e+2)—  (1.85e+3)— (6.04e+0)—  (1N64e50)
+/—/= 0/16/4 1/15/4 3/13/4 0/17/3 2/16/2 -
First sum 0 1 2 0 5 e
First two sum 9 3 5 0 A 19

EE “gpr e

C="0 AR SR B W ML T 9 TG EIE2E 0 MaOEA-EGNG 518 B et 19 5 96 404



646 R E B L Journal of Data Acquisition and Processing Vol. 39, No. 3, 2024

3.6 BRAEERGRNBEREITM

SRy B UE BT B 0 I A BB R AR AT RSO AR I R T T RS G Ok B E I R A AT AT . Bk
Uho, XS M R BR T A AWM SDE ik, AN I e A AT EE O e s R
Nu-MaOEA-EGNG. i 1] # ¥ f 7 DTLZ 5 WFG il i & 4 h #) DTLZ5~DTLZ7 L K&
WEFGI~WFG3, f# 3F & i1 # A A& W W PF (y [n] 8 % 4 . £ 5 )8 ;)" T MaOEA-EGNG 5
Nu-MaOEA-EGNG 7 LA 10 HFRAY DTLZ5~DTLZ7 Ml WFG1~WEG3 [i) 8 | i FE¥ IGD . Al
VLA W, 6 A B i 36 AR 5 19 S AE P S IGD A 12/ T IR A | X R WA SO 48t i B 2 4
T A - Al R S S S R O T B AR AR .

&5 MaOEA-EGNG 5 Nu-MaOEA-EGNG 7£ DTLZ #1 WFG ia & _E /Y F 15 IGD'&
Table 5 Average IGD" values of MaOEA -EGNG and Nu-MaOEA-EGNG on DTLZ and WFG problems

3 7] AL (M

Nu-MaOEA-EGNG

MaOEA-EGNG

DTLZ5(10) 1.564 6e—1 (4.08e—2)= 1.377 2e—1 (5.35e—2)
DTLZ6(10) 5.274 7e—1(3.25e—1)— 4.234 0e—1(5.57e—1)
DTLZ7(10) 1.130 5e+0 (2.27e—1)= 1.116 3e+0 (3.13e—1)
WFG1(10) 2.014 5e+0 (1.73e—1)— 1.581 3e+0 (1.80e—1)
WFG2(10) 1.390 3¢+0 (7.99e—2)— 1.045 3e+0 (5.65e—2)
WFG3(10) 1.208 2¢+0 (1.15e—1)— 7.320 9e—1 (1.04e—1)

+/—=/= 0/4/2
7 = =43 0 R R S BUE W B A F B TSR T B JE 2255 MaOEA-EGNG 53k U 45 H 119 52 56 2040 o

4 ZERIE

AR T — AT EGNG B9 MaOEA, #% 4 MaOEA-EGNG, H T fift & & A N #L0 (1) PF 1
MaOP. ZHE LW EGNG W45 —Fh 5 T BCG B 46 A 45 5 K 78R PF 4R M5 B 5 H AR 8] 819 11k
YIFAREE . R EER I T ARG AR AR M T 8 bR VE N SR M 5 T R 0 AN T O AR R
ZRERRE B TSR AR s P MR RE . LR BT T R R SR 09 AE R A b 25 AR S BER (AR
LA R [ & N EGNG . sJE W T —AN 3T HE N 2% f IR £ T H EGNG 1 sick A
N AE S R XS AT R AR i RS S 2R R B L S A R R ],
MaOEA-EGNG f4 a%fjﬁﬂﬁﬁf’@ﬁtkﬂﬁﬁ% TEAR KA TAE, —J7 1,8 5% 3058 19 MaOP i
W 185 K A BSOS MRS DL K H 26 B 2% B9 PR ARAE , X MaOEA-EGNG #E47 44k , I 56 UE HeAE 55 58 2% i A 30 0]
PF [n) 8 I i HERE s 55 — D i, 45 & 2 B bn 4k 1] B PF R AE F1R T 3 5 19 2 AUE B 33 T GNG
I 265 1) 3 78 2 ST HE A, AR 9% HLAE 358 MaOP (i il 4744

S % X ok

(1] 7RI, EEA, B30 IR SR 9824 S R 1) 2 > 1 2 H AR AL SR ] HHBEHL2E 4L, 2017,40(3): 757-772.
XIE Chengwang, WANG Zhijie, XIA Xuewen. Multi-objective evolutionary algorithm based on archive-elite learning and op-
position-based learning[J]. Chinese Journal of Computers, 2017, 40(3): 757-772.

[2] LIU Hailin, CHEN Lei, ZHANG Qingfu, et al. Adaptively allocating search effort in challenging many-objective optimization
problems[J]. IEEE Transactions on Evolutionary Computation, 2018, 22(99): 433-448.

[3] HE Zhenan, YEN G G, ZHANG Jun. Fuzzy-based Pareto optimality for many-objective evolutionary algorithms[J]. IEEE
Transactions on Evolutionary Computation, 2014, 18(2): 269-285.



[10]

(11]

[12]

[13]

[14]

[16]

[17]

[18]

[19]

[20]

[21]

[24]

(25]

Bl ATREARBAZANSE S AR % 647

IKEDA K I, KITA H, KOBAYASHTI S. Failure of Pareto-based MOEAS: Does non-dominated really mean near to optimal?
[C]//Proceedings of the 2001 Congress on Evolutionary Computation.[S.1.]: [s.n.], 2001.

YANG Shengxiang, LI Miqing, LIU Xiaohui, et al. A grid-based evolutionary algorithm for many-objective optimization[J].
IEEE Transactions on Evolutionary Computation, 2013, 17(5): 721-736.

YUAN Yuan, XU Hua, WANG Bo, et al. A new dominance relation-based evolutionary algorithm for many-objective
optimization[J]. IEEE Transactions on Evolutionary Computation, 2016, 20(1): 16-37.

TIAN Ye, CHENG Ran, ZHANG Xingyi, et al. A strengthened dominance relation considering convergence and diversity for
evolutionary many-objective optimization[J]. IEEE Transactions on Evolutionary Computation: A Publication of the IEEE
Neural Networks Council, 2019(2): 23.

YUANJ, LIU H L., Yang S. An adaptive parental guidance strategy and its derived indicator-based evolutionary algorithm for
multi-and many-objective optimization[J]. Swarm and Evolutionary Computation, 2024, 84: 101449.

BADER J, ZITZLER E. HypE: An algorithm for fast hypervolume-based many-objective optimization[J]. Evolutionary
Computation, 2011, 19(1): 45-76.

BEUME N, NAUJOKS B, EMMERICH M. SMS-EMOA: Multi-objective selection based on dominated hypervolume[J].
European Journal of Operational Research, 2007, 181(3): 1653-1669.

LIANG Zhenping, LUO Tingting, HU Kaifeng, et al. An indicator-based many-objective evolutionary algorithm with
boundary protection[J]. IEEE Transactions on Cybernetics, 2020, 51(9): 4553-4566.

ZHANG Xingyi, TIAN Ye, JIN Yaochu. A knee point-driven evolutionary algorithm for many-objective optimization[J]. IEEE
Transactions on Evolutionary Computation, 2014, 19(6): 761-776.

LI Miqing, YANG Shengxiang, LIU Xiaohui. Shift-based density estimation for pareto-based algorithms in many-objective
optimization[J]. IEEE Transactions on Evolutionary Computation, 2013, 18(3): 348-365.

LIU Qi, JIN'Y, HEIDERICH M, et al. An adaptive reference vector-guided evolutionary algorithm using growing neural gas
for many-objective optimization of irregular problems[J]. IEEE Transactions on Cybernetics, 2020, 52(5): 2698-2711.
FRITZKE B. A growing neural gas network learns topologies[J]. Advances in Neural Information Processing Systems, 1994,
7:625-632.

GU Fangqing, CHEUNG Yiuming. Self-organizing map-based weight design for decomposition-based many-objective
evolutionary algorithm[J]. IEEE Transactions on Evolutionary Computation, 2017, 22(2): 211-225.

ZHOU Aimin, QU Boyang, LI Hui, et al. Multi-objective evolutionary algorithms: A survey of the state of the art[J]. Swarm
and Evolutionary Computation,2011,1(1): 32-49.

ZITZLER E, LAUMANNS M, THIELE L. SPEA2: Improving the strength Pareto evolutionary algorithm[J]. TIK Report,
2001, 103: 95-100.

JIANG Shouyong, YANG Shengxiang. A strength Pareto evolutionary algorithm based on reference direction for multi-
objective and many-objective optimization[J]. IEEE Transactions on Evolutionary Computation, 2017, 21(3): 329-346.

LI Li, YEN G G, SAHOO A, et al. On the estimation of Pareto front and dimensional similarity in many-objective
evolutionary algorithm[J]. Information Sciences, 2021, 563: 375-400.

De FARIAS L R C, ARAUJO A F,R. A decomposition-based many-objective evolutionary algorithm updating weights when
required[J]. Swarm and Evolutionary Computation, 2022, 68: 100980.

R M, B FE TR SRS R AU A 2 AR AR5 (7], 1 B TR 2 Be sl , 2022, 41(6): 1-11.

WANG Gaige, LI Kuichao, LI Gui. A bi-criteria many-objective optimization algorithm based on partial dominance relations
[J]. Journal of Nanchang Institute of Technology, 2022, 41(6): 1-11.

ZITZLER E, KUNZLI S. Indicator-based selection in multi-objective search[C]//Proceedings of International Conference on
Parallel Problem Solving from Nature. Berlin, Heidelberg: Springer, 2004: 832-842.

LIU Y, ISHIBUCHI H, MASUYAMA N, et al. Adapting reference vectors and scalarizing functions by growing neural gas to
handle irregular Pareto fronts[J]. IEEE Transactions on Evolutionary Computation, 2019, 24(3): 439-453.

WANG Rui, ZHANG Qingfu, ZHANG Tao. Decomposition-based algorithms using Pareto adaptive scalarizing methods[J].
IEEE Transactions on Evolutionary Computation, 2016, 20(6): 821-837.



648 R E B L Journal of Data Acquisition and Processing Vol. 39, No. 3, 2024

[26] XIANG Yi, ZHOU Yuren, LI Miqing, et al. A vector angle-based evolutionary algorithm for unconstrained many-objective
optimization[J]. IEEE Transactions on Evolutionary Computation, 2016, 21(1): 131-152.

[27] DEB K, JAIN H. An evolutionary many-objective optimization algorithm using reference-point-based nondominated sorting
approach, Part I: Solving problems with box constraints[J]. IEEE Transactions on Evolutionary Computation, 2013, 18(4):
577-601.

(28] DEB K, THIELE L, LAUMANNS M, et al. Scalable test problems for evolutionary multi-objective optimization[C]//
Proceedings of Evolutionary multi-objective optimization: Theoretical advances and applications. London: Springer, 2005:
105-145.

[29] JAIN H, DEB K. An evolutionary many-objective optimization algorithm using reference-point based nondominated sorting
approach, Part [l : Handling constraints and extending to an adaptive approach[J]. IEEE Transactions on Evolutionary
Computation, 2013, 18(4): 602-622.

[30] YING Weigin, HUANG Junjie, WU Yu, et al. Multi-dimensional tree guided efficient global association for decomposition-
based evolutionary many-objective optimization[J]. Information Sciences, 2020, 531: 97-118.

[31] HUBAND S, HINGSTON P, BARONE L, et al. A review of multi-objective test problems and a scalable test problem toolkit
[J]. IEEE Transactions on Evolutionary Computation, 2006, 10(5): 477-506.

(32] ISHIBUCHI H, MASUDA H, TANIGAKI Y, et al. Modified distance calculation in generational distance and inverted
generational distance[C]//Proceedings of Evolutionary Multi-Criterion Optimization: 8th International Conference. Guimaraes,
Portugal: Springer International Publishing, 2015: 110-125.

[33] SUN Y, YEN G G, YI Z. IGD indicator-based evolutionary algorithm for many-objective optimization problems[J]. IEEE
Transactions on Evolutionary Computation, 2018, 23(2): 173-187.

[34] ik, Bl , JRIWT , 45 . — B 56 T A B8 b 1 22 H bt A 58 1 (D], AR R B R 24 2 e (A AR B2 1D, 2020, 46(6):
780-791.

WANG Xuewu, WEI Jianbin, ZHOU Xin, et al. A multi-objective evolution algorithm based on hypervolume index[J]. Journal
of East China University of Science and Technology, 2020, 46(6): 780-791.

[35] TIAN Ye, CHENG Ran, ZHANG Xingyi, et al. PlatEMO: A Matlab platform for evolutionary multi-objective optimization

[J]. IEEE Computational Intelligence Magazine, 2017, 12(4): 73-87.

fE&E ® I

BERA(1997-), 5 , B0 BF 5T
AL WRSE TS 1) s BE AR
FEA B 5075, E-mail:xm-
fqzy@126.com,

FME(1987) , BIEEE,
B YR WF 5 5
HEAR TS R 45 1T R BE
1 fig #9% , E-mail: to-

wangpeng@163.com.,

EEE(1975), B W+,
PR W O B AR
% B R E B AL B AL 5
%9 2

(%d. % F &)



