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Abstract

In recent years, constrained multi-objective optimization problems have been widely applied in
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real-world energy systems and engineering challenges. However, solving these problems often en-
counters difficulties such as narrow and discontinuous feasible regions, slow convergence rates,
and uneven solution distribution. To address these issues, this paper proposes an enhanced multi-
archive cooperative evolutionary algorithm (EMFEACD). The algorithm utilizes convergence, diver-
sity, and feasibility archiving, while introducing a skill factor to facilitate knowledge transfer across
archives. Additionally, it dynamically adjusts the operator to balance exploration and development
intensity. The proposed algorithm outperforms existing mainstream algorithms in most of the 28
typical test problems, including MW and LIR-CMOP.
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1. 5|8

2 HARUAG IR 2 S T TR BRUR AR BE . R AU flaE b, TR IS R AR AR A R
WZRILIRAE, AR 2L B btk 17 @ (Constrained Multi-Objective Optimization Problems, CMOPs) i it H
1] [2]. SEALRKITEOMEL, CMOPs FIR A ICERUT & HARZ A IR, 38 BRI 7T AT 4
ANFRI A AR LR W B A a5 o AE48 2R P an SROTG VR HER (4R B nT AT B TG VA AR € (WIE T Pareto HIVE, R
AR 2 B N R, BTLAAAT eSS e . 2 REE . RO a] 4T 1 = 2 N A SR 2 F 75 CMOPs [ 1)
ki .

2B &AL IRLPRE MR, LRI IRAE S 4 . AT RIS R B T PR R AR AT
o AEEk, HACEER T IEWIHERE, FRATOU L AGE B R ) RSS2 SRR A CMOPs 1]
@, MR Ry vk B G 5 T 20 R SZRE JR U (Constraint Domination Principle, CDP)H NSGA-II-CDP &y
MOEA/D-CDP HIE[3]LA S 45455 1) C-NSGA-IT HyES:, X7 il I i 55 1 46 351 7 i fuUsked
IS 7 ATATVEAERFRE 0 ORI 24 AT AT 384 ) A0 A B H B o R S5 I, AN A9 5 B — ) 240 SR AL T S mes
A TH DL RAIE AT S 2 AR 22 A

N T D IRTHE YL CMOPs [l B EIERIPERE, ARFFESINT 2 ARG . A5 %5 T U B R4k
S5 BN, 22 AR SR E AN ST AR AL SO B Y (R I 3B ST AR K 22 R, AT LA T A ) A
[4][5]- PPS(Push and Pull Search) &2 it #EFIFL 43 A R IHER R AN F AT A& [6]: P [EI#EAL AN 24155
AT 2 D003 5 A B R e R T S B AR R TR RS SRS [ 7] 8]0 ERARIX LTI AT 1 AW AT I
AEFRHBE S BR AR LERF BT, HRARGEAEL T AL . S —, ZEAAR TSR 75820
VARSGEEH, TR 2 Tal sk Z A5 B AISSR AR 55, AR 0 PR RS A BRI , RRA R A
W=, BRETEARD B> BENT, MEAESRITR R SEE R sha-Fi: B0, &
GrITER ZHOS B, DR T BRI A e . B DA () REUAR SCHR H — P G 5 R 2 VR i ) A B
(Enhanced Multi-Archive Cooperative Evolutionary Algorithm with Differential/GA Operators, EMFEACD),
L B E R RS, AIAT IR 2R E . BRI T RTIR R . SRR, SR TR A
ZRDyReME AN, TEREA I T H R A UMERLE] 2 AR S R, R AR B S A5t A R BE SRS A
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ARG B A ERE R AERNE T, WTSEBIRR ST R MBI TT; e 5INSRER T M AL
PETTHLA, D0 AR RS A A TR BRI IE RS, DABRTE AT AT IR 2 AR I i -l 8

ARSI B TR -

(1) R — R RSO FINLE], R, 2 REES AT RS AN RS, i i v B S i3t s L e )
FIFIIERS, $m AL R IR

() B E G B TR AL, IR T IIRR IS 710 G R EE, 2 TE e
AT RRR S Rk

(3) FINBCRER TSR ATHLE], SRS IR S e 51 %, (R IL S, IR AT IR R
HARTHR IR BUE -

WIEAE MW 5 LIR-CMOP S5 it RUELHE W]l ERSES, 99F 7 EMFEACD SUAEWCSIGRE . wIAT 1
U5 5 Pareto HIWYE nAE I T ININALSS s JFRoR 1 HAE AR U7 5 T M RE R 5 Bk

2. HXTI1E

XA % B AR AL S B 70 3 B A LR A AR FE v SEAUAE SR T DA R U A F 1 R A B
77w, BIRIAECH MINECARIS T AR, (AR AT R YRE R%E P Al
TR EE B R R AT R 2 H BRSSO 18, mTAT PR AN 2 FE A 2 ) )

& 438 11 R HO7 VAR I AE B AR BR A RN TR ST TSI AT AT 5, AR DR ) O e RO L5
BN ] ) 5 s LA U s AR ) 3 BT AT A A LA R 2R I AR BN SR S o D SO IX — R
2 W58 51 N2 3 37 L JE I (Constraint Domination Principle, CDP), $i #1483 41 NSGA-II-CDP 5 MOEA/D-
CDP, 1ZZEJ7 3l 7 3CHE K # o€ X W X 7 WIAT il 5 AN ATAT MR S8 20, A R0ss 10t 31 B 4K
BB o SR, 24T AT IR e A% BRAS T AT X 2RI 2 0 o A 45 K B, UK EE CDP F— 2 AR B 50
T DALRAE BVETE B 8 R S A 4 A e i AT PR R e

TEHACHEZL S W FIHLEI T, NIRRT ERAR S TR, HREZL I D ENS 2
555 2% 0 AR . AERMET I CCMO BRI e 2 - B S 4 BB R M E AR, B ) RS B R
VORI ANATAT X4 10 2 A 55 BEALAE S8 (MFEA) I i By 45 66 X - (Skill Factor)SEEESAE 55 (1) AR = 5108
[9] [10], RESRF THRSEARCE . HUEEAAERHRRR: A RS B P2 ) 1 2 R 80K
B, FIER AN 5 KR 2 R FUE RN, i PSR AR s R, 2287 iE X MBI LR 4540 5
PIMERE AR B B, e DAAEAS [FREAE B 20 3R 22 H AR Ak il R ) ERIEFR A iR AR A 2 TR

AR AR N 2 H AR A 4EFF AR SIME 5 2R E AR O HOR, 232 KTE . Two-Archive 5
F 77 158 i A3 A R SRR 5 2 AR A, JFR A IEAT R HLERI[11], fE5REAE Pareto HIVRIEL 5%
FETE 5 ME 22 W B ST B AT, PPS (Push and Pull Search) 77y N “HE - 377 B BAR ZHLH], 5051
AL A R AR R B ) 5 AT AT VAR BRI, (R4 AR A5 HI I CMOPs FRHUR T #AF A sk . Rim, 3R
A2 AR RBANAAERZEA L — T, AEIERAZ L “IHFr” #7017, shZ R r i EL
il AR BARLE S VRS Z B PE R RCRAR R, MECLSCIB S B Abs 75— 7, MRE FEA R BT
ERMH AR, SRERKRRYE RIS 18X DL & NP0 R, R S AR 1
HE o

zi b, WA LR EZ BRI A 4% CMOPs I B I = K OBk © 22 M= 5
ROMENLE], PR RHCEAR R @ FATH. WSS 2R =38 2 IR RS2 P A HLHI R st
M LUE R 2 2 B R EE M ) MR BT I B IE N A R G, ToiARE AL R ) A5 ITRL R
REIFRTER NE R POX LG 0] 8, A SCHE 38 58 B 2 )38 3 [5] 1 44 527% (Enhanced Multi-Archive

DOI: 10.12677/aam.2026.153091 97 I3RS


https://doi.org/10.12677/aam.2026.153091

KRB, MR

Cooperative Evolutionary Algorithm, EMFEACD), @it #4 % 2 BRI &iF s T e i 1 3
TE LR B S LA K BT NBRE R SIS E A AT R, B R A IR A TE B A L RS T NS
AIAT PR RE ) RS 2 FEIE
3. EEWI

ARG VEL ) AR 1 50 Y 22 RS B [F) 140 559 EMFEACD 592 125005 f A% O JBARAE T 28 4 T W
(2 AR S, AR 1 RE S imt SE ISR 1) B R S B AR AR, R A AR ARSI . AT
1715 2R (A L Bh 3 P4 .

3.1. BERIES

MiakiBE SHREEF
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Figure 1. Flowchart of EMFEACD algorithm
1. EMFEACD B ERIZHESR
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EMFEACD 5 R 45 =Fp D ge A UA4Y . 117 7148 2 9 £%(Forward Exploration Archive, FA). Z £
58 T4 (Diversity Archive, DA)5 A 4794 F 9 #%4(Feasibility Exploitation Archive, FEA) [12], 45l#&$H
FWCSIHERE . ZAEVEORFEA AT AT PRI TH IR BT, IR I R b AT A . SRR A 1 PR,
AN+ B8 R 7 A DC T 5 vy (A SR BRAAR,  JFAE 2273 #EAK(DE) 5 1 A% 55 (GA) 51 1] H 1& M ik
A RFAR[13]; Bl ST ATATME L SCC G A0 22 A P v DU S &% N AR s o E e A IR R VA RS P ATL
il SEILAR BT H

TR R DR

Bk 1 T EMFEACD &3 MAELR

BIN: FOEERIBL N, SRORVPANKEL MaxFEs

. Tl Pareto B IR MRS

1: VI FiEE P, #JE FA. DA. FEA

2: ARSI H R+ sf(d)

3: while FEs < MaxFEs do

HHE IHALYERE B & N EHT H A= wpDE,wpGA

RN ARE AT AT -
PR RE Rl IR B ALAR
WE TR EIEFE DE 5 GA AT
FRYE 20 3R 5 SR SR BT IR

9: MCHE IF AL PE B 22 A R ARG T B

10:  FHHAER T 5 H AR E

11: end while

12: IR [EE 9 5 AR AL R4

AN

3.2. ZYIAHREZIZT

(1) BURERZ AR FA: $2THISioR
FA [0 AE 52 51 48R 1] Pareto BIVHEIL. W TF x HHIRIE F (x) = (£ (x),-. £, (x)) B3

B A 2 (BRSO
d(x)=|F(x)-="|,

z; =min f,(x) )

xeP

FA SEHTI RS R B AR SCIEAR, I 4% d (x) THFHERS AT LA RE AR SIORE L
(2) ZFEVERESRIARY DA: CRIFMFERE

DA K HI 5 K B/ IR 2 Max-Min 5S4 T H b5 23 7] i) 20 A B 2 4
BLOEMFERN S, WRIEM N x K ZHEERE RN

D(x)=min F(x)—F(y)"2 3

yes§
DA FFR#EILESE D (x) ORI IARS, PriEf A i R .
(3) FATHERIH RS FEA: 32T+ nI 47/ Ho sl
M x 2052033 [ (Constraint Violation, CV)E XA :

OV (x) = Y max (0., (x))+ )i, (+) @)

i=1 J

M
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FEA SR H 2 CDP:
o WATMRUG AR T AT AT M5
o NEITfRYE CVHTHT A
o AT AR N R FH Al SCBCHE Y S5 40 45 R 2 0k
FEA fRUE AR S rIAT UK, 785 I gtk 5.

33. REBRFETSRENRBE

(1) Z7i#HE F(DE): e mRE
DE # At 72 43 ) 2 AE AR S M
v=a+F-(b—c) (%)

Bt i s XA AR

v;, if rand; <CR
u; = : (6)

7 |x;, otherwise

DE KBk R X IR, EARB AT R S E R4 .

(2) BALHT(GA): H5RJRHEIT K

GA KA A8 X5 /NEAL 5«
o TXMEE(p, =0.9);
o WRME (p,=1/D) (D N4EXD).

SR E 5 T SR AR R R U S e

(3) BT H &ML

I T AR AR M RESR T 5 N (AFA, ADA, AFEA), 57 DE 5 GA 7E % HRI I TTER (50,56, ) ©
R S 7 A

wp, (t+1) = (1=1)-wp, (t)+n-—~—— k < {DE,GA} (7)

Spe t56a
Horpp R 318 13— JE IR HR 8 BRI AR AE RO B e PR, (507 B & A R R B .
34. A FENEBENF T

T x A BREE T sf (x) e FA,DA,FEA , ARiRH R IE T 1% > A4 o
(1) VRS Re B
=RIEFRR A R TG A5«
o P, : UNSKIEE T FEIEE;
o B, : ZFHEIEREIE;
o Pp.: WATARILEIEALELTE CV 4
PEREZ Min-Max H—1k:

P P, —min(P) @
a max (P)—min(P) )
w,(t+1)=(1-a)w,(t)+aP ©9)

BCEM T 5] SRR T o i 5T R
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(2) HfeHTHIDIRE
BeRE 7 R mi =5 1 «
o SCARIERR T 70 MK RV RS 3k
o P IHRGIT RIS Bk A A g ik
o JARERBLEAL, WEARFEES, TERIE AR BE .

3.5. JFAEEH RS

DR THEE ARG F1R R 2%, EMFEACD 5 [ 52 AR BEAT P R 2 -
(1) JEARE B bR RS E
o URIERSE S H M AR AR A
o HARAREUMERER 59
(2) IEBAMRIERE
o M FA I HUIS SR 3 (PR H AR 15 5507 )5
o M DA JEHUZ FEPE I AR (TR BE K s
o M FEA IEEUATAT FE i im M (CV /) o
(3) BARARSEH
RS BRI E G, @I HAF SPEE B HEF Y, R R B Z R
LT BRI B R, BT R AT IR A Bt A I IS

3.6. ERES

VRN N, HRSHEN M, BFRECA m . BREE RS,
RS (O(MPm)) (ESZRAT):

TARADE/GA): (O(ND));

PEREVPAE SECESERT: (O(N)) s

AR MEILR: (O(M logM)) -

BAEREARELIN (O(ND +M2m)) , FEFFR E = IR ¥ 30 ST R 1

4. IWEHR
4.1. Gt REMHHRE

ATV EMFEACD SiEMERE, 6 MW 5 LIR-CMOP 3t 28 4Nt v b5 1, 5 NSGA-II.CMOEAD.
PPS. CTAEA [14]. NSGA-III [15]3E47 X} bk, SR5G B B AL 100, SR PE 2L 100,0000 =244
HEWN100. n=0.1. a=02. TENEE 1018, 70 IGD. HV. w4747 I 7] DY 75 [ PPl
SER W 1~4. IGD F8545(F 1) EMFEACD 7£ 24/28 AN i EEUS &L, £ MW1/2/5/6/9/10/13/14 %
LIRCMOP3/4/6/7/8/9 %552 4+ £y o 1] #_1-USCSIOkS B 2 3B 4015, A MW4/7/8 S5 /b 3 1n) /SR BILAE 24 HAR i 7 3%
WEL/N, FGEMEME; HV f8Fr(E 2)RaB K2 H @ BRI HV., iEEE S 2 RFR I, X
LIRCMOP7/8 B&idh; wIATPEZR(E 3) a3 28 ANl B R EF 100% 7173, REHL T CTAEAGH! 73 il &
AR 5%), FEA VARSH QLRI ATHE; BATR AR 4)ERA 1.3~10.2 2, T NSGA-II {HEZH(KT
CTAEA(30-69 ), ZVARIHLEIRR 1%, 4, EMFEACD 7EUNSIGHE . VS 7 o5 5 al AT P 4k RF
AT, WUFE T 2 AR [R5 I T AL A R
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Table 1. Comparison of IGD metrics of various algorithms on test problems

1. BEZRAMR 61 _EAY IGD 1RFRELER

Problem CMOEAD  NSGA-II PPS CTAEA  NSGA-III EMFEACD
MW mean(std)  V0883e2 2557463 12304e-1 201363 101172 1.7770¢-3
(155¢2)— (1.8le-3)— (1.84e-1)— (5.50e-5)— (1.37e2)—  (7.16e=5)
MW2 mean(std) | 234%8¢2 29518e2  17666e—1  1.7534e2  25166e2  4.9205¢3
(8.46e-3)—  (1.09¢-2)— (2.0le-1)— (6.49¢-3)— (7.73e-3)—  (4.56e—4)
MW3 mean(std) 03097673 S8711e3 64126e3  55124e3  5.5406e3  5.1383e3
(7.71e-4)—  (3.71e-4)— (4.0le-4)— (5.76e—4)— (4.23e-4)—  (1.89¢e—4)
W4 mean(std) 20062 579982 64918e2  46538e2  l484e2  4.6739%2
(2.48¢-3)+ (24le-3)— (9.22e-3)— (4.08¢—4)= (L.66e—4)+  (9.62¢—4)
MWS mean(std)  F9443e3 30511l 17597e~1 160862 35182l 2.0550e3
(.4le-3)— (3.78e-1)— (2.96e-1)— (3.76e-3)— (3.55¢-1)—  (5.26e—4)
MW6 mean(std) | SS189e2 2325402 44664c—l  8.0931e3  10A26e—l  2.7947e-3
(13le-1)—  (7.65¢-3)— (3.16e=1)— (6.56e-3)— (1.73e-1)—  (5.83¢e=5)
MW7 mean(std) | S02383 94375e2  56739e3  75816e3  S7344e3 546523
(2.90e—4)+ (1.88e-1)= (3.63c—4)= (9.55¢—4)— (4.09¢—4)=  (3.40c—4)
MWS mean(std) | S2A11e2 65271e2 13127e-1 57116e2  54034e2  5.0921e2
(2.65¢-3)= (7.69¢-3)— (6.18¢2)— (6.46e-3)— (7.02¢-3)=  (2.83e-3)
MWO mean(std)  1996e2 108Sle2 3456le~l 901933 18900e—1  5.3197e3
(2.99¢-3)—  (4.52¢-3)— (3.04e-1)— (726e-4)— (28le-1)—  (4.3d4e—4)
MW10 mean(std)  SO836¢2 998662 331S3e=l  17346e2  171S8e-l  3.5415¢3
(5.47¢-2)—  (7.90e-2) - (2.24e-1)— (1.03e-2)— (1.76e-1)—  (9.95¢-5)
MWL mean(std) 33860 256621 7.2233¢3  1.6552e2  6.6479%1  7.5403e3
(3.24e-1)—  (3.30e-1)= (2.22e-4)+ (1.71e=3)— (1.05e-1)—  (2.83e—4)
MW mean(std) | 32729¢3 5607663 29317e~1  8.1449e3  2.6803e~l 5277503
(633e—4)= (334e-4)— (3.07e-1)— (5.00e-4)— (3.36e-1)—  (1.96e—4)
MW13 mean(std)  0329¢71 10656e=1  53192e~l  42566e2  3.5272e~1  1.6260e2
(4.32¢-2)—  (2.13¢-2)— (4.0le-1)— (2.62¢2)— (427e-1)—  (6.00e-3)
211581  1272le-1  1.6557e-1  1.2673e-1  1.4226e-1  1.0239e-1
Mwi4 mean(std) 5960 3y~ (315e-3)—  (44le-2)— (428e-2)— (1.99¢-2)—  (2.29¢-3)
27102e-1  3.0452e-1  7.6575¢2  2.697le-1  3.1970e-1  4.1979¢-2
LIRCMOPT — mean(std) 5900 ) (3716-2)~  (5.5602)= (1.03e—1)— (2.98¢-2)—  (l.14e-2)
24968¢-1  2.6005¢-1  2.7178e-2  2.1923e-1  2.6417e-1  3.7234e-2
LIRCMOP2  mean(std) 3700 0y (119e-2)~ (1.77e-2)+ (1.05e-1)— (3.08¢-2)—  (7.02¢-3)
27664e-1  32148e—1  1.1392e-1  3.1490e-1  3.0126e-1  3.7813e-2
LIRCMOP3  mean(std) 510 5y (062e-2)—  (682e-2)— (1.0le-1)— (3.94c-2)—  (1.39e-2)
2.8023¢-1  2.8679%¢-1  5.1002¢—2  2.841le-1  2.9070e-1  3.6711e-2
LIRCMOP4 — mean(std) 3570 5y~ (321¢-2)—  (532¢-2)= (6.51e-2)— (2.56e-2)—  (2.16e-2)
1.3606e+0  1.2182e+0  1.4032e—2  1.2294e+0  1.2297e+0  2.9864e—2
LIRCMOPS — mean(std) 4570 1y —  (1060-2)~ (1.67e-2)+ (8.10e-3)— (5.06e-3)—  (1.21e-2)
1.3464e+0  1.3458e+0  7.7146e—2  1.3466e+0  1.3458¢+0  1.7804e—2
LIRCMOP6 — mean(std) 5010 4y (21le-d)— (623e-2)= (1.22¢3)— (2.09¢-4)—  (3.54e3)
1.5398¢+0  9.1449¢-1  1.2253e-1  5.1994e-1  7.8154e-1  6.8175¢-2
LIRCMOP7  mean(std) - j's50 1)~ (g10e-1)— (1.94e-2)= (6.29e-1)— (1.76e-1)—  (6.21e-2)
1.6830e+0  9.6860e—1  1.9898¢-1  7.8190e-1  1.4423¢+0  8.1882¢—2
LIRCMOPS  mean(std) 1" 19. 3) " (753¢-1)—  (1.70e-2)~ (6.6le-1)— (5.12e-1)—  (6.96¢-2)
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8.9715e-1 1.0038e+0 4.0144e-1 6.0242e—-1 1.0391e+0 3.1587e-1

LIRCMOPY  mean(std) 3071y (951e-2)~ (7.826-2)= (6.56e-2)— (2.75¢-2)—  (L.17e-1)

LIRCMOP10  mean(std) 8.0763¢e—1 8.9706e—1 3.1489¢-1 4.9328e-1 9.1391e-1 1.8839¢-1

(153e-1)—  (5.88¢-2)— (142e-1)= (1.12¢-1)— (lL.14e-1)—  (6.40e-2)
9.0345¢-1  7.6286e-1  2.7375e-1  2.7090e-1  8.7625¢-1  5.2608e—2
LIRCMOPIL  mean(std) g 3079y (129e-1)~ (254e-1)= (1.32e-1)— (147e-1)—  (5.44e-2)

LIRCMOP12  mean(std) 7.1400e—1 8.6606e—1 2.2542¢e-1 3.2906e—-1 9.3560e-1 1.1399¢-1

(1.68e-1)—  (1.65e-1)— (7.86e-2)— (1.42e-1)— (8.76e-2)—  (4.88¢-2)
1.3048¢+0  1.3261e+0  1.5106e-1  1.1015e-1  1.3052¢+0  1.9286¢-1
LIRCMOPI3 — mean(std) %70 4)"  (344e-3)—  (207¢-2)= (3.35¢3)+ (5.58¢-4)—  (4.63c-2)

1.2611e+0  1.2821e+0  1.2360e-1  1.1190e-1  1.2617¢+0  1.6961e-1
(4.00e—4)—  (2.40e-3)— (6.86e-3)+ (3.36e=3)+ (6.78e—4)—  (3.86e-2)

TR 1. FALEN R B LR IGD $R bR P IME G+ R T AR, — RRFT AR,

LIRCMOP14  mean(std)

Table 2. Comparison of HV metrics of various algorithms on test problems

2. EREAEMNKERE LR HY $EARELAL

Problem CMOEAD  NSGA-II PPS CTAEA NSGA-III  EMFEACD
MW mean(stdy 1209471 LM3esl - 2.0348¢-1  12163¢-1 1.0626e-1  2.2166e-1
(8.82¢-3)— (9.71e-3)— (2.95¢2)= (3.08¢-2)—  (9.72e-3)—  (5.49¢-3)
MW2 mean(std)  22875€71 22958e-1 348791 264361 224601 34137e-1
(1.75¢2)— (8.51e-3)— (L.12e-2)+  (2.96e-2)—  (1.33e-2)—  (4.65¢-3)
MW3 mean(std)  0765e~1 9.8673¢2  1.6098c—1  1.0641c-1 1.0217e-1  1.9192e-1
(1.40e-2) — (8.04e-3)— (2.53e-2)—  (1.39e-2)—  (1.18e-2)—  (5.84e-3)
MW4 mean(std)  9014e=l 197031 294321 19650¢1 1.8928e-1  2.9839%-1
(142¢-2)— (1.26e-2)— (2.10e-2)=  (2.49e-2)—  (1.09¢-2)—  (9.93e-3)
MWS mean(std) -0000e£0  0.0000e+0  2.8566e=1 000000 0.0000¢+0  2.8029¢-1
(0.00e+0) —  (0.00e+0)— (1.28e-2)+  (0.00e+0)—  (0.00e+0)—  (4.02e-3)
MWE mean(std) 0000650 0.0000e+0  1.7761e=1 000000 0.0000e+0  1.9072¢-1
(0.00e+0) —  (0.00e+0) — (1.60e-2)=  (0.00e+0)—  (0.00e+0)—  (1.82e-3)
MW7 mean(std) 214622 12028e—1  24604e—1  1.7551e-1 1.3804e-1  2.6904e-1
(6.79¢2)— (1.27e-1)— (4.80e-3)= (9.87e-2)—  (L.19%-1)—  (2.47¢-2)
MWS mean(std) 0000060 1.0865e=1 - 22645e—1 133881 33319e2  2.642le-]
0.00e+0) — (1.15e-1)— (3.82e-3)—  (9.84e-2)—  (7.38¢2)—  (2.53e-2)
MWO mean(std) LS227e71 12433e-1 41484e-1 20983l 8.9580e2  4dll0e-l
(7.34e-2) — (4.26e-2)— (5.25¢-2)= (3.19¢2)—  (4.27e-3)—  (4.15e-2)
MW10 mean(std) 482571 847352 53747e-1  418le- 8.8403e2  6.0896e—1
(1.08e-1)— (1.90e-2)— (L.13e-1)=  (9.10e-2)—  (5.09¢-2)—  (3.41e-2)
MW mean(std)  9080e=1 23385e—1 - S0837e-1  S642el 203591 6.624le]
(1.94e2)— (7.87e2)— (1.83e-1)= (825¢2)—  (6.99¢-2)—  (3.49¢-2)
MW 12 mean(stdy | 06537l 237481 5.074le-l  4.6849¢1 1.9870e-1  5.6178e-1
(5.46e-2)— (9.92e-2)— (4.02e-2)— (3.74e-2)—  (4.51e=2)—  (2.70e-2)
MW13 mean(std)  H1848e=4 12957e=4 470651 SddeSet  43357e4  43387e-1
(4.43¢-5)— (143e-4)— (2.72e-2)= (2.66e-3)+ (1.64e=5)—  (5.20e-2)
MW 14 mean(std) 20277674 36181e=4  S51899¢-1 545521 956144 4.6412e-1
(2.84e-5)— (2.74e—4)— (1.18e=2)+  (1.62e-3)+  (6.53e=5)—  (4.81e-2)
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477651  4.8870e-1  3.8396e—1  4.8888e—1  4.7715e-1  4.8933e-1
LIRCMOPL - mean(std)  1'73. 5y (368e-3)— (1460-1)— (3.89c—4)—  (149¢-2)—  (2.13e~4)
54847c-1  5.397le-1  3.8497¢-1  5.5819e-1  5.4586e-1  5.8067e-1
LIRCMOP2 - mean(std) ' 450 ) (150e-2)—  (1.63e-1)—  (1.12e-2)—  (1.15e-2)—  (6.15¢-4)
54268¢-1  5.4309e-1  5.425le-1  5.4412¢-1  5.4396e-1  5.4363e-1
LIRCMOP3 — mean(std) g 110 4y (6700-4)— (7.99c-4)—  (5.62¢-4)+ (9.85¢-4)=  (4.09¢—4)
8.3998¢—1  8.2180e-1  7.9482¢e-1  83812¢-1  84129¢-1  8.326le-1
LIRCMOP4 — mean(std) %70 300 (2960-3)—  (1.626-2)—  (230e4)+ (2.12e-4)+  (1.72e-3)
3.2222¢-1  2.2488e-1  2.5640e-1  3.1507e-1  2.020le-1  3.2329¢-1
LIRCMOPS — mean(std) "5y 3~ (1 jge-1)—  (8.8le-2)—  (1.90e-3)—  (1.09e-1)—  (3.93e-4)
2.9598¢-1  2.983le-1  1.3223e-1  3.1749e-1  2.7833e-1  3.2820e-1
LIRCMOP6  mean(std) 37490 5y ([04e-2)— (1.00e-1)— (1.0le-2)—  (449%¢-2)—  (1.65e—4)
4.1082e-1  3.782le-1  4.1115e-1  4.0815e-1  4.1079¢-1  4.1106e—1
LIRCMOP7 — mean(std)  y yoo 4y~ (7.040-2)= (1.97c-4)= (9.0lc—4)—  (8.04c—4)=  (5.75e—4)
52619¢-1 4.891le-1  3.5880e-1  5.1127e-1  5.1583e-1  5.2512e-1
LIRCMOP8  mean(std) 751 o) (2.07e-2)—  (1.06e-1)— (2.14e-2)= (2.17c-2)=  (8.95¢-3)
3.8387c-1  3.8623e-1  1.7613e-1  3.9079e-1  2.7869¢—1  3.96121
LIRCMOPY — mean(std) oo 3) (6.04e-3)—  (1.660-1)— (22le3)—  (1.52e-1)—  (3.30e-3)
4.0317e-1  3.7787e-1  2.5533e-1  4.3529e-1  3.4175e-1  4.5381e-1
LIRCMOP10  mean(std) 3710 5y (487¢-2)— (1.05e-1)— (1.12¢-2)—  (8.960-2)—  (5.95¢—4)
351631  3.8112e-1 447181  4.4099e-1  2.7760e-1  4.4618e—1
LIRCMOPIL — mean(std) 330791 (§50¢2)=  (2.00e-4)+ (1.13e3)— (1.71e2)—  (3.37e—4)
6.0406e-1  6.0393e-1  3.5750e-1  6.0044e—1  3.9149e-1  6.0334e-1
LIRCMOP12  mean(std) g 500 )1 (5760-4)+ (2.63e-1)— (4.13c-4)— (Te1)—  (3.73e-4)
42828¢-1 42774e—1  24281e-1  4.6020e-1  3.7056e—1  4.7144e-1
LIRCMOPI3 — mean(std) )50 )" (151e2)— (129e-1)— (1.23e-2)—  (7.65¢-2)—  (5.29¢-3)
44019e-1 4.5277e-1  43607c-1  4.5944e-1  4.5910e-1  4.6720e-1
LIRCMOP14 — mean(std) 335 3y (426e-3)— (1240-2)— (1.17e-2)— (T4Te-3)—  (2.65¢-3)
Table 3. Comparison of Feasibility Rate metrics of various algorithms on test problems
2 3. SEAEMIR AR _ LA Feasibility Rate $FR3TEL
Problem CMOEAD  NSGA-II PPS CTAEA NSGA-Il EMFEACD
MWI mean(std) 1000060 1.0000€£0  1.0000e+0 1.6000¢-2 1.0000e+0  1.0000e+0
(0.00e+0)=  (0.00e+0)= (0.00e+0)=  (1.65¢-2)-  (0.00e+0)=  (0.00e+0)
MW2 mean(std) 1000060 1.0000e+0  1.0000e+0  3.0000¢-2 1.0000e+0  1.0000e+0
(0.00e+0) =  (0.00e+0)=  (0.00e+0)=  (1.63e-2)-  (0.00e+0)=  (0.00e+0)
MW3 mean(stdy 100000 1.0000e+0  1.0000e+0  1.1000¢-2 1.0000+0  1.0000e+0
(0.00e+0) =  (0.00e+0)=  (0.00e+0)=  (1.45¢-2)-  (0.00e+0)=  (0.00e+0)
W4 mean(std) 000060 1.0000e+0  1.0000e+0  8.0000¢-3 1.0000e+0  1.0000e+0
(0.00e+0) =  (0.00e+0)=  (0.00e+0)=  (9.19¢-3)-  (0.00e+0)=  (0.00e+0)
MWS mean(std) 0000€+0 1.0000e+0 1000040 1.0000e+0  1.0000e+0  1.0000¢+0
(0.00e+0) =  (0.00e+0)=  (0.00e+0)=  (0.00e+0)=  (0.00e+0)=  (0.00e+0)
MW6 mean(std)0000€50 1.0000e+0 100000 1.0000e+0  1.0000e+0  1.0000¢+0
(0.00e+0) =  (0.00e+0)=  (0.00e+0)=  (0.00e+0)=  (0.00e+0)=  (0.00e+0)
MW7 mean(std)-0000€%0 1.0000e+0 1000040 1.0000e+0  1.0000e+0  1.0000e+0
(0.00e+0) =  (0.00e+0)=  (0.00e+0)=  (0.00e+0)=  (0.00e+0)=  (0.00e+0)
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MWS mean(std) 1000050 1.0000e+0  1.0000¢+0 100000 1.0000e+0  1.0000e+0
(0.00e+0) =  (0.00e+0)=  (0.00e+0)=  (0.00e+0)  (0.00e+0)=  (0.00e+0)
MWO mean(std) 000050 1.0000e+0  1.0000¢+0  1.0000+0 100000 1.0000e+0
(0.00e+0) =  (0.00e+0)=  (0.00e+0)=  (0.00e+0)=  (0.00e+0)=  (0.00e+0)
MW10 mean(std) 00000 1.0000e+0  1.0000¢+0  1.0000e+0  1.0000e+0  1.0000e+0
(0.00e+0) =  (0.00e+0)=  (0.00e+0)=  (0.00e+0)=  (0.00e+0)=  (0.00e+0)
MWL mean(std) 10000€+0  1.0000e+0 100000 1.0000e+0  1.0000e+0  1.0000¢+0
(0.00e+0) =  (0.00e+0)=  (0.00e+0)=  (0.00e+0)=  (0.00e+0)=  (0.00e+0)
MW mean(sid) 0000€+0  1.0000¢+0  1.0000e+0  1.0000e+0  1.0000¢+0  1.0000e+0
(0.00e+0)=  (0.00e+0)= (0.00e+0)=  (0.00e+0)=  (0.00e+0)=  (0.00e+0)
MW13 mean(sid) 0000€+0  1.0000¢+0  1.0000e+0  1.0000e+0  1.0000¢+0  1.0000e+0
(0.00e+0)=  (0.00e+0)= (0.00e+0)=  (0.00e+0)=  (0.00e+0)=  (0.00e+0)
MW 14 mean(std)-0000€+0  1.0000e+0 100000 1.0000e+0  1.0000e+0  1.0000e+0

(0.00e+0) =  (0.00e+0)=  (0.00e+0)=  (0.00e+0)=  (0.00e+0)=  (0.00e+0)

8.0000c-1  9.0000e-1  1.0000e+0  1.0000¢+0  9.0000e-1  1.0000¢+0
LIRCMOPL - mean(std) 4 50 [y = (316e-1)=  (0.00et0)=  (0.00e+0)=  (3.16e-1)-  (0.00e+0)
1.0000c+0  1.0000c+0  1.0000e+0  1.0000¢+0  1.0000¢+0  1.0000e+0

LIRCMOP2 - mean(std) 60040y = (0.00e10)=  (0.00e+0)=  (0.00e+0)=  (0.00e+0)=  (0.00e+0)

1.0000e+0  1.0000e+0 1.0000e+0 1.0000e+0 1.0000e+0 1.0000e+0

LIRCMOP3  mean(std) —  joe 10y~ (0.00e+0)=  (0.00e+0)=  (0.00e+0)=  (0.00c+0)=  (0.00€+0)

LIRCMOP4  meanSid) (600000 (0.0000) = (00010 (00010~ (000010)=  (0.00erd)
s w0 (OGSO e
s w0 (OG0 SOTHU Jne
ncor s [ U e e
oo s [ U it o e e
om0 S e
LIRCMOPIO  mean(s®) 500/ (31ge= (0006t~ (00000~ (00060~ (D00es0)
I A e T O et e
S A A T R et e
o e JESH LSS e
1.0000e+0 1.0000e+0 1.0000e+0 1.0000e+0 1.0000e+0 1.0000e+0

LIRCMOP14 — mean(std) 60040y = (0.00e+0)=  (0.00e+0)=  (0.00et0)=  (0.00e+0)=  (0.00e+0)
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Table 4. Comparison of runtime metrics of various algorithms on test problems

F 4. SEFAENN D) _ERY runtime FEFRXTEE

Problem CMOEAD  NSGA-II PPS CTAEA NSGA-Il EMFEACD
MWI mean(std)  L174et1 13935¢10 63036650 3.7770ex] 1.8542e+0  4.1010e+0
(6.10e-1)— (1.94e-2)+ (2.88e-1)— (2.46e+0)— (1.3le-1)+  (6.57e-2)
MW2 mean(std) 116911 13820er0 6.0760e+0  3.6687ex] 1.5075e+0  4.2040e+0
(641e-2)— (2.28¢-2)+ (3.73¢2)—  (3.10e+0)—  (5.24e-2)+  (4.73e-2)
MW3 mean(std) 1174061 13828er0  6.1441ex0  3.6009<1 1.6154e+0  4.1571e+0
(623¢-2)— (1.62e-2)+ (3.38¢-2)—  (1.75e+0)—  (1.38e-1)+  (6.94e-2)
W4 mean(std) 184861 13998er0  6.1495e+0  4.1047e] 1.9647¢+0  4.1478e+0
(5.51e2)— (23le2)+ (3.90e-2)—  (3.15e+0)—  (4.67e2)+  (7.02e-2)
MWS mean(std) | 1641eFL 13471er0 61692640 53627er] 2087310 4.5011et0
(6.19¢-2) — (1.08¢-2)+ (1.22e-1)—  (8.38¢-1)—  (5.30e-2)+  (8.58¢-2)
MW6 mean(std) 1617e+T 13338e+0 608220 52432etl 2064910 4.5676¢+0
(291e-2)— (1.57e-2)+ (5.77e-2)—  (7.58e-1)—  (4.16e-2)+  (1.09¢-1)
MW7 mean(std) 1750etT 1.4006e+0  62094e+0  54AS0lerl 2062060 4.3381er0
(9.83e-2)— (1.46e-1)+ (2.48e-2)— (2.74et0)—  (3.68¢-2)+  (7.71e-2)
WS mean(std) \1709et1 72880e=1 620500 53752erl  21549e+0  2.5023¢+0
(1.06e-1)— (8.94e-3)+ (2.79¢-2)—  (1.02e+0)—  (5.57e-2)+  (1.56e-1)
MW mean(std)  L1631eT1 73468e-1  6.1141et0  5.0016eFl  20958e+0  2.5600¢+0
(4.82¢2)— (3.20e-3)+ (3.77e-2)—  (1.48e+0)—  (5.72¢-2)+  (1.19¢-1)
MW10 mean(std) 222461 T6870e-l  63621er0  4.7004e+] 1.9533¢+0  2.6763¢+0
(129¢-1)— (1.26e-2)+ (3.80e-2)—  (1.86e+0)—  (2.07e-1)+  (9.06e-2)
MWL mean(std) 20791 7.5930e=1  6.3543¢+0  4.7105e+] 1.9802¢+0  2.7639¢+0
(1.70e-1) —  (2.49¢-3)+ (9.09¢-2) —  (1.89¢+0)—  (5.49¢-2)+  (3.95¢-1)
MWD mean(std)  L20%et 736321 6.1690et0  4.7538ex] 1.9296e+0  2.4591e+0
(6.66e-2)— (8.78¢-3)+ (1.05e-1)—  (1.24e+0)—  (5.32e=2)+  (9.57e-2)
MW 13 mean(std) 16231 7.6315e-1  6.1659e+0  6A152ex] 1.9601e+0  5.1879e+0
(1.00e-1)— (7.03e-3)+ (3.88¢2)— (l.4le+0)—  (4.40e-2)+  (1.09e—1)
MW 14 mean(std) 16831 7.5786e-1  6.2382e+0  5.4701et] 1.9179¢+0  4.5986e+0
(4.40e-2)— (6.68¢-3)+ (4.13¢-2)—  (7.76e-1)—  (4.56e-2)+  (1.19e-1)
1.2004e+1  1.7950e+0  6.4051e+0  5.5531e+l  2.5594e+0  8.8133e+0
LIRCMOPL — mean(std) 7570 ) (184e-1)+ (12le-1)+ (3.18¢+0)—  (855e-1)+  (2.71e-1)
1.1845¢+1  13073¢+0  63662e+0  6.0798e+1  2.0686e+0  8.4273e+0
LIRCMOP2 - mean(std) 51070y~ (124e2)+  (6.61e2)+ (542-1)—  (483e2)+  (1.30e-1)
1.1592e+1  1.2629¢+0  6.3242e+0  53670e+1  2.0324e+0  5.0474e+0
LIRCMOP3 — mean(std) 7 540 5 (106e-2)+ (5.57¢-2)—  (8.460-1)—  (477e-2)+  (8.31e-2)
1.2217e+1  1.6646e+0  6.9398e+0 62778+l 2.5919e+0  1.0180e+1
LIRCMOP4 — mean(std) 5570 5~ (157e-1)+ (464e-1)+ (825c-1)—  (41le-1)+  (7.78¢-2)
1.2306e+1  1.6238e+0  6.7544et0  4.5429¢+1  2.3543¢+0  5.3262e+0
LIRCMOPS — mean(std) o760 5y~ (4.00e-1)+ (5.10e-2)—  (7.00e-1)—  (5.91e-1)+  (9.06e-2)
1.1816e+1  1.6782¢+0  6.3990e+0  5.8191etl  2.0770e+0  7.1956e+0
LIRCMOP6  mean(std) — g'gp0 5y~ (328e-2)+ (276e-2)+  (1.92¢+0)—  (6.84e-2)+  (1.10e—1)
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4.2. SYHRMESH

NPl EMFEACD S50 RS H &, AE MW )@ B B & R 2 ) R o MEIHIEH
W2 g I, S E A IUE {0.1,0.2,0.3}), TRIFHARBEAZR, MAMIIEIT 30 R, GRNAE 5. %
BWRW: Ha=02,4=02MEEERREMN, IGDIA 1.7770x 1073, HV 4 4.8933x 107!, HARHEZE &/
L SEENBUR, [BE a=02/, SRS 0.1 2FEIGD BT 3 5, WG B RRIER M VR
FEREE, M2 T o BONREE, 1E[0.1, 0.3)FEHI N VBB BN, Ha =03 I PERER A N
Bo 25 b, HEFERH a =02, =02 {FNBRINSHL & BRI S .

Table 5. Sensitivity analysis results of parameters « and 7 on MW1

F# 5 B¥ o My EMWI EE EPFURMESFTREER

SEUGAH a B IGD HV
H— 0.2 0.2 1.7770e-3 (7.16e-5) 4.8933¢—1 (2.13¢—4)
H— 0.1 0.2 2.4077¢-3 (1.94¢-3) 4.8816e—1 (3.56e-3)
H= 03 0.2 3.9758¢-3 (5.28¢-3) 4.8554e—1 (8.73¢-3)
4y 0.2 0.1 6.7128¢—3 (7.80e-3) 4.8098¢—1 (1.29¢-2)
AT 0.3 0.1 8.5132¢-3 (8.73¢-3) 4.7793¢—1 (1.44¢-2)

4.3. BIENMEZRHZIH

B 2 MR AUE AL ZE 0T WL, EMFEACD SR ILH R AP0 G RNAFAE . eI, SH 7%
BRI AT B2 R R 6] BEAREOE N, 558 TR ek s S5t 2E 204k, L DA S 7 A FE AR BE
LR PP RMYERE Z AL BB E TTIR, ERA ETHEZ 049, XA BENLHIIAE 15 %RREA RR
P A B B 75 SR P 4R 2 (Exploration) 5 7 & (Exploitation) %R, A& SV AR5 m PERE I G .
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Figure 2. Adaptive weight variation

2. BENWNELK

5. &g

ARSCEFXT AR 2 B bt Ak i @iE H EMFEACD 5%, @i 2 9RhA . RN 7 B & N2 ) IR A
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