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Figure 1 Schematic diagram of evolution stage
2.1 TEHEMMRMLRE

TE AL BN AT Ak T) B | 2 17 14 R 22 Bk Ak
BV R BT A e AL A Sy — AR R AT A
SR, BT LCMOP A5 i 4k BEAR vy | phe 5 2 [ 48 R 7
PR, AT SR A BT A 19 78 o R R — S AR TR R AT
Pl B0 AR W 2 S [ Ry B d A I LM LR 3R]
Frid, PIE, 32 SCHER [ 18] B9 i & , AR SCH T — il
I3 A A SR o X 7 B AT A

Zhang 55" ) FH 2R 26 43 7 6 DL SR A8 k4 O 1
2 ZREIEAR B SR AR R O TR TR
1 % H b 31k 832 (large-scale many-objective evolu-
tionary algorithm, LMEA ) 3¢ i 18 £ 1k Wi Ff 28 &, LA
SRS R R L T A R O R B B
TEACR I BRI (8], DR AR SOR U LMEA SR X
AR AT

IT 5 e PRk LA ek i, Xt 4 % R T A
AR S B IRAT B A Bl R AR B B AT 0 — S
HHREFMEER SV HERZHNMAE, ZFHR
i A R R X PSR AR B R AT RIS KA B NI
HA BNV B (H 19 722 905 O Yo s vk A AR
(CV) s HoA S B R Sy Z RS B4 (DV) 1t
Sh T RZEER SN CV,cv AR L H
BE FEXE CV #EAT AR SR B R A 20 1A 4
etk — AL REARM AL ™" B o (x) LMY



4 KM K Al (% WD 2023 4
PR, N Ix a, . a, b, b, T2 U A, WA ";2 . WA
R x, 5« *EEVFFH o 00| < HIM 7
e(X) 1,y <@ 1, s < e N,
(5) 75 & %
QD(.X') l"i:“z"/:[’z > gD(x) l ¥=by© 7.0 /Ay k
BRI LR/ 22 Zlﬁ] E/JXFM/EFH 0§ 28303231363840 0 2 4 6 8 10 12
JeE , BMORUL AR S TH PR RS — 7 /
(a) YL SHPEAR B (b) TR R

EAHEAEN, R EZ AL EAER, }r“Jﬂl
A g AR — S A5 T AN 2R T A A R A B A,
HAE—DTH, L, LEE A1, 1CVI],

BAS A G, LMEA 28 85 5 e S0 28 7 fn &2
PR s AT LA . (HAE R — R A, HAR e 2
XTSRS B AL AL 10 56, X 4 AR 2 K& nY it 8 5
U, R T AR, R B 38 2 % B bR 2 )
172, ATCMEA 7£AH N 1 B B2 A [m] /9 48 & 1 3
N7 1 HEAT AL

B2 45 T A8 A G IRt B . ES— B
B e Z R EAR B X (D -K) AN Skt AR i
HEAT A W R A5 1R IS SR AT VT4, BN K A 2 M
A TR AL 5 B BR T AR Y PO R B R
T3 CPY,MAR 548 K 28 B s #Aa ¢, W

B B PR AL A F A5
-—
Wt B ﬁm
B2 TEMLITE
Figure 2 Variable optimization process
2.2 ATCMEA WE—H &

TE 5 — B Be, BT A7 B 290K B 20w, L T 4%
UPF, 7EK DR SEAZ 5 oy WS A2 & 5 Z e AR i
Ja T 2 RAR R A [R] 6 S AT AL

FE W H bR MW6 [ 1 1= "2 b 1 vl i) 1 4 ple 5 7%
T3 AT BRI Bh e A B A R RN R 3 PR
Fovp 20 (8 53 0 SR R0 B it | 1 0 0 [ AR
i A AR R AT PSR A . LR, B 3 (a)
FP R AR e B A W S R R DR O 2 R s A B
I, 25 ol P figp A B — — Sy, BRI AR IX A2
IR, e b AR A S 52 M0 5 K5 i 1 3 (b)) H Y A
PN ZREPEAS i 0 Y Bl i 25 A i 2 A EL AR
EIES'Z@EE’J%/%,EWMKL%Q SEEI XA Y 24

AR N

PR, 75 58 — B B, Bk Sl d Wi Sl A2 B R AT A
e, B1E2 IR Hbpas ), L s i UPF, 2
Jei [ E WSS B O T AR A R 2] o A R R RE , X 22

B3 WHARLENTSE
Figure 3 Two different types of variables
FEPEAE AL . SR — B BEEIE AR

Step 1 WIHRILFIEE P,

Step 2 WIIRILIMERAFRSI R, % R = P,

Step 3 T UL RAHY I AL B oy
S A AR CV 5 2R AR R AE DV

Step 4 X WSSO A8 S HEATAH S A 2 B, 4 I &)
R T U

Step 5[5 DV, % CV 14— F AR RAMAT
WN A AT MR O KR RE P 5 0 BN S
JE S i R — AR RE P

Step 6 Ty CV T —R )5, 152 50
0°, % 0° 5 R EIFFEHAR,

Step 7 40 2R 2 AH N B U0 e %
Step 8, & M| Bk%% 2 Step 3,

Step 8 [ E CV, RALfL DV, AT F i 0
¥ P 50" G508 SIEHEH i FAUREE P

Step 9 ¥ 07 5 R 4 IF I EHAER

Step 10 Qi R 3% b B W 12 U0 4 5%, 0 56 — Bir
Beah e, B W Bk = Step 7.,

Horb AE Step 5 BY BB b I B B xSk AR
AT, B L2 ALY A 3k i e A SCC R
e B BN 2 Bl s B R ) Y AR SRS TR L,
L) AR Y IR TG B B /N A A S R A A
e AL, BB A B Al S i

1 Step 8 HYFFT b, 5 SEX S #EATAR SCRCHR R
ZIa A BB AE LU P45 . O FERT (2 - 1)
RV i e, o z 22 1 S, U S, U US| >
| PIRE/MA (S8, LS, BHUERE 1,2, 2
JEEIAR) s @R S, EM'J oL fift 75 H AR 25 8] Y i
UL FERI A B A, ELBR BIFPRELAE | P I

1E Step 6 5 Step 9 M AR AR g 2 B Y R

e, Bl 47 fif E AT IR A, IFFIA SPEA2" (strength
Pareto evolutionary algorithm 1) B9 ¥ 35 1% 3 S X 17 #4
HEAT ST, TS W48 e Ol S 15 24 . Step 7 5
Step 10 H DI 20 2 0T AN 26 4F

ZRAE (1)« SRR R A AR 2 T AR

7, gk =)



%5 W

FHRAS S O P B B R ML 24 SR 2 H AR A S 1 5

FAE(2) T AURFREAE RS H AR LAY E S
AR AR RN T 45 B o

AR A R
filx) = fm
filx)=——3 (6)
x flvn]dx — fl min
T zXGlj‘;(x)
f = (7)

HRAAX(6) ¥ BAREIE — 1k, Hd x Hy b
HEP I —"; f(x) Nt x 7555 i D Bis LB R
8, fi(x) R x 55 i B LIH—1b)E01E; £
5 R REEAESE 0 A bR LR R A A 5 K R B/
i, ZEMMART)IEHE, LA, N R P
(AR, £ BN P AR i A F bR i,

) mE AR N

LD = ()" < a, (8)
Ko ()75 ()" 4B R YR — R AR
PIME s o H—ABE T B R R R e R

SR T ROBE RN SE AR, O TR
R RE RE 4% 75 40 HEAL , 75 BL B 3L ol T A 50,
JEACE (2) D58 P 24 i R R O B A DS BUIE A X AR
SE KR o« 40,01,

AR AW SR 72 i 55 2 A 1 A i i 2k SR
—E H A B B TR B RS TR L A Akl stk
AR T RS MR R H bR A )l e G
UPF, BRIt R 8 A7 7 A S Fe R 5 — 2 19 SR Y
YO W58 B Boxh 2 A AR AT Ak 09 H 1 &
IEFPREREAS7E UPF L SE 350 b o0 A, PR LG 40 O B 75
T AT A
2.3 ATCMEA WIS E

TE 5 W B, % 58 T AT Y 24 ok e 0 AR R A
HATRAL . N T A AR R AT AT X8, SR H e 2R
A B AN B HE N UPF 0l CPF, ZFTLLRH &
2T AD B AR R PR O FLET DR B — 2 A B A N AT
FTf R AR R A I 2 (9 ol A7 X 3k, Hop 2 i 5
e AKX R
e, =eo(l - t:ﬂ) (IIMPB)) ° (9)
X e, A W B RAREL B W e, TR
el B S50, 150 0.5 e, AES By Be W) In AP e 19 4
KL H i I FEH

B BEAL BRI,

Step 1 BF55 — B B 2¢ 1k s 14 Fh BE FNLAE £ 152
LR FIEE P 5 ANRAERY R,

Step 2 MEFIRE P 1T 4R e K2 HE
&y, A 1=0,

Step 3 X AERBEMAMNMA, AR TR O, B P
0 &R SIE N & 295 b PR AR SR % H B8, 15
B —ACFEE P,

Step 4 ¥ 05 R BIFIEEHAAR,

Step 5 t=1t+ 1, MIGL(9) X & HAEATEHr,

Step 6 I Wi 15 35 B 5 1Y Je RPN IR, 47
RE G k2 0k O B A ERAE RS R, A DU B
2 Step 3,

Horr Step 3 A FlE BB I 2N 5 AN AE RS AT AT
figk ST 7 AR — B

3 XWIREMER

9 T AE TR ATCMEA 7E LCMOP | (4%
fie , vE#: ccmo'® pps MScMO'"! _DPSEA'
LMOCSO'* il POCEA" 3% 6 P E A MR EHA A K
%Z A tr B % £ LIRCMOP"™ | DASCMOP'™' #iI
MW 203 A4 1 15X H
3.1 ERSHEE

FiE K /N A 100, PR S R VE O IR BB R
10 000xD, S5 D I HUE 43931 7 100,150 F1 200,
TN A R LG R i S80S TR R SRR R
Fr—8, mMAMNERYEAEZBHRILLTA
PlatEMO ) |- 528,

3.2 EMIERR

PEHUAT A7 % FR A ) EACEE S 16D 1 vt
febr. FRIZEHIE Z /DR —AFAT R 012 17 IR EL
5 RGBT RBON LR FR ORI 4 B ]
AT R R AL 22 | i e KOAR 249 TR 22 H #ip [ 3
(9 RE MBS o 1GD F5 b5 4 5 19 52 T SR A5 fe AR wiT T
AT AR i 45 B EL S Pareto BV HY Y A 22 1] de /N B )
SERE Y IGD s 3 BT Bk A i Sk £
3.3 TWRHERRDW
3.3.1 100 409 28 k64 25 R & 547

L THEA R 100 EEN T, T A H
A 3 A EEUER R EE /) 16D 5 FR, TE IL#
B, Se A w178 Al A7 R — O] L AL 16D 48 b5, O
P ERAESS R UK R AT R . “ NaN” 278 A b
IR TR AE 30 YIs 4T i — BB RE 4R 45 T AT i
BI FR # 100% , 763X F 1 & T, & B X NaN
(FR) ;X4 FR=100% i, 2 BB X8 16D ¥{E (J7
2) . f# FH Wilcoxon FkFIK 4 76 8 2 /K4 0. 05
T AR S A BE R,



6 MR 2 Al (0 R 2023 4
F1 7TFERE 100 &5 LK IGD & FR
Table 1 IGD and FR of seven algorithms on 100 dimensional problems
i FR=100% :IGD ¥J{H (IGD #5ifE2% ) ; FR#100% : NaN ( FR)
CCMO PPS MSCMO DPSEA LMOCSO POCEA ATCMEA
LIRCMOP1 ~ 3.14e-1(2.40e-2)+  2.79%-1(1.25e-2)+  2.92e-1(1.92e-2)+  3.02e-1(1.80e-2)+  1.34e-2(1.1de-3)-  4.95¢-2(1.83e-2)- 2.07e-1(1.28¢-1)
LIRCMOP2 ~ 2.37e-1(2.69e-2)+  2.36e-1(1.29e-2)+  2.46e-1(1.02e-2)+  2.62e-1(17de-2)+  1.52e-2(9.79%-4)-  5.75¢-2(2.18e-2)-  9.27e-2(4.0le-2)
LIRCMOP3 ~ 3.03e-1(2.83e-2)+  2.93e-1(3.29e-2)+  2.8le-1(1.97e-2)+  3.18e-1(2.31e-2)+  1.69~1(1.22e~1)= NaN(96.67%)+  1.27e-1(9.88¢-2)
LIRCMOP4 ~ 2.85e-1(3.19e-2)+  2.69e-1(2.97e-2)+  2.63e—1(1.85e-2)+  3.0le=1(1.93e-2)+  2.12e—1(8.42-2)+ NaN(93.33%)+  1.05e-1(4.3le-2)
LIRCMOPS ~ 3.66e-1(3.35e-2)+  1.22e+0(2.79-3)+ L 13e40(2.7le-1)+  3.65e-1(2.42e-2)+  1.22e+0(2.53¢-3)+  L1.20e+0(L 6le-1)+  9.97e-2(2.67e-2)
LIRCMOP6  4.22e-1(5.16e-2)+  1.30e+0(2. Me-1)+  1.10e+0(4.19e-1)+ 4. 12e-1(3.85e-2)+  1.35¢+0(L.06e-3)+  1.35e+0(1.40e-3)+ 1.03e-1(4.25¢-2)
LIRCMOP7  1.47e-1(1.82e-2)+  2.52e-1(3.88e-1)+  1.54e—1(1.%4e-2)+  1.46e-1(1.25e-2)+  1.69e+0(1.41e=3)+  9.80e-1(7.70e-1)+ 8.09e—2(3.42e-2)
LIRCMOPS ~ 2.53e-1(2.30e-2)+  5.22-1(5.%e-1)+  2.56e-1(2.29¢-2)+  2.4de-1(1.82e-2)+  1.69e+0(1.37e-3)+  L.4le+0(5.Tde—1)+ 7.29e-2(5.88e-2)
LIRCMOP9 1. 17e+0(1.35e-1)+  5.58¢-1(1.19e-1)+ 1. 17e+0(1.52e-1)+  1.05e+0(2.53e-1)+  5.21e-1(9.36e-2)+  9.97e-1(3.10e-1)+  1.0le-1(2.86e-2)
LIRCMOP10  2.82e-1(1.27e-2)+  4.11e-1(3.89e—4)+  5.24e-1(2.33e=1)+  4.19e-1(1.78-1)+  6.38e-1(9.65e-2)+  8.12e-1(2.24e-1)+  2.31e-2(4.80e-3)
LIRCMOPI1  1.57e=1(7.78¢-2)+  4.03e-1(1.56e-1)+  4.2le-1(2.95e=1)+  1.6le-1(1.06e-1)+  5.37e-1(1.22e-1)+  1.03e+0(1.06e-1)+ -3(4.41e-3)
LIRCMOP12  8.58e—1(1.1le=1)+  3.13e-1(8.28e-2)+  8.86e-1(9.34e-2)+  8.5de-1(1.08e-1)+  2.65e—1(2.3le-2)+  7.46e—1(2.70e-1)+ 1.69e—2(1.26e-2)
LIRCMOPI3  9.31e-2(9.70e—4)=  1.3le+0(1.64e=3)+  2.62e-1(2.93e—-1)+  9.31e-2(1.20e-3)=  1.30e+0(1.02e-4)+ 4 94e—1(5.68¢-1)+ 9.27e~2(9.82e-4)
LIRCMOP14  9.58e-2(9.26e-4) + 1.27e+0(2.00e=3)+  3.11e-1(3.86e~1)+  9.63e-2(7.27e-4)+ 1.26e+0(1.69e~4)+  5.25e-1(5.66e-1)+ -2(1.08e-3)
DASCMOP!  7.8le-1(1.87e=2)+  7.60e-1(3.29e-2)+  7.80e-1(1.5le=2)+  7.87e-1(1.62¢-2)+  3.55e-2(6.45¢=3)=  4.57e-2(1.65e-2)=  8.3le=2(7. 12e-2)
DASCMOP2  2.92e-1(8.74e-3)+  2.93e-1(1.64e-2)+  3.05e-1(1.49-2)+  2.9e-1(1.2le-2)+  4.26e-2(6.%e-3)+  4.0le-2(7.22e-3)+ -2(8.92e-3)
DASCMOP3  3.49e-1(3.78¢-2)+  4.86e-1(1.97e-1)+  3.13e-1(7.91e-2)+  3.40e-1(1.10e-1)+  4.6le-2(1.40e-2)-  7.04e-2(4.30e-2)- 1.22e-1(5.72¢-2)
DASCMOP4  1.14e-3(8.75¢=6)—  1.82e-1(7.19e-5)+ 1. 14e-3(1.0le=5) - 1. 14e-3(1.39%-5) - NaN(6.67% )+ 8. dde-2(7.03e-2)+ 1.16e-3(2.2le-5)
DASCMOPS 2. 68e=3(2.21e~5)— NaN(53.33%) + NaN(70%) + 2. 69%-3(3.39-5) - NaN( 13.33%) + 3, 14e=2(1.66e-2)+  4.88e-3(1.96e-3)
DASCMOP6 ~ 2.23e-2(1. 11e=2)= NaN(80.00% )+ NaN(90% ) + 1. 65e=2( 6. 54e-3) - NaN(6.67%) + 7.556-2(9.77e=2)+  2.12¢-2(5.39%-3)
DASCMOP7 ~ 3.08e-2(5.37e-4)—  1.0le-1(1. 1le-1)+  3.07e-2(4.32e-4)—  3.16e-2(8.77e—4)- NaN(20% )+ 4. 84e-2(5.4Te=3)+  3.216=2(6.TTe—4)
DASCMOP8  4.08e-2(8.03e-4)=  6.67e-2(3.88¢-3)+  3.99e-2(9.85e-4)—  4.10e-2(7.68e-4)= NaN(13.33%)+ 2.68e—1(1.25¢-1)+ 4.08e-2(1.00e-3)
DASCMOP9 4. 60e-1(7.48e-2)+  5.5le=1(1.09e-1)+  4.25e-1(4.45e-2)+  4.55-1(5.04e=2)+  5.4de—1(5.23e-2)+ NaN(3.33%) + -2(7.95e-3)
MW1 NaN(0%)+ NaN(0%)+ NaN(0%) + NaN(0%) + NaN(0%)+ NaN(0%)+ 1. 62e-3(1. 03e-5)
MW2 NaN(0%)+ NaN(0%)+ NaN(70% )+ 1. 80e~1(8. 40e-2) + NaN(0%)+ NaN(0%)+ -3(4.4e-4)
MW3 7.06e-3(9. 58e—4) + NaN(93.33%) + 3.79e-2(1.66e-1)+  6.22e-3(7.43e-4)+  1.47e-2(2.02e-3)+  1.85¢-2(3.58e-3)+ 5.06e—3(1.92e—4)
MW4 NaN(0%)+ NaN(93.33%) + NaN(0%)+ NaN(0%)+ NaN(0%)+ NaN(0%)+ 4.06e-2(2.99-4)
MWS NaN(0%)+ 3.36e-1(3.58e-1) - NaN(0%)+ NaN(0%) + NaN(0%)+ NaN(0%)+ NaN(93.33%)
MW6 NaN(93.33% )+ NaN(0%)+ NaN(93.33%) + 6.67e~1(2.48e-1)+ NaN(0%)+ NaN(0%)+ 2.76e-3(3.08e-5)
MW7 5.40e-3(5. 55e~4) + 1.27e-2(2.30e-3)+  6.91e-3(8.49e-4)+  5.10e-3(5.42e-4)+  7.84e-3(8.97e-4)+ 1.56e-2(2.48¢-3)+  4.30e-3(3.15¢-4)
MWS NaN(36.67% )+ NaN(0%)+ NaN (40% ) + NaN(73.33%) + NaN(0%)+ NaN(0%)+ 4.29¢-2(5.76e-4)
MW9 NaN(0%)+ 6.73e-2(1. 67e-1) - NaN(0%) + NaN(0%) + NaN(0%)+ NaN(0%)+ NaN(93.33%)
MW10 4.94e-1(1.56e-1) + NaN(0%)+ NaN(6.67%) + NaN(30%) + NaN(0%)+ NaN(0%)+ 3.43e-3(5. 10e-5)
MW11 5.91e=3(1.06e—4)+  7.57e=3(4.57e-4)+  5.87e=3(7.43e-5)+ NaN(8.82e-5)+ 3.35e-2(6.32e-3)+  4.62e-2(1.04e-2)+ 5.56e-3(3.24e—4)
MW12 NaN(0% )+ 1.02e-1(2. 15e-1) - NaN(0%) + NaN(0%) + NaN (0% )+ NaN(0%)+ NaN(86.67%)
MW13 7.49e-1(3.32e-1) + NaN(20.00% ) + 8.80e-1(3.80e—1)+  3.7de-1(2.75e-1)+  3.22e+0(7.0le-1)+  2.99%+0(1.02+0)+ 1.18e-2(4. 17e-3)
MW 14 3.30e-1(1.17e=1)+  7.08e=1(1.30e=1)+  3.14e-1(1.18e=1)+  3.33e~1(1.37e=1)+  1.75e+0(3.6le=1)+  3.80e-1(2.0le=1)+ 9.69e-2(1.5%-3)
T RS 47 =" R =" 43R ATCMEA W1 @ 47 T W18 25 T AR LT X5 15k, TR,

MR 1 AT LLAE L FE IGD J71H , ATCMEA 7E
37 MK R A P A 25 S FRMERLE, W TFHAR
2, KHERAE 0~4 AN pR Kb B
Wilcoxon Bk A 55 , X T i A3 1 i pR %%, ATCMEA
Iy SAESS 31,34 .34 .31 .32 33 AN pR B b i PERE I 3
- F CCMO ,PPS MSCMO .DPSEA . LMOCSO FI PO-
CEA, AN, ATCMEA 7E 90% L I bR 5P 1Y FR 4B
ik 2 100% ; #H S, Ho Ay 6 A%t 5k Al 4
2 LHAE MW a8 b fE el Sr s

=l=]

5 B

HEaiR, &

TR 4
Z 17 30 X, 15

WHRARR BN T AT i (15 00 . JAE T MW [a] 2 4%
HA AR A, AT 47 Einjiﬁ%ﬁzﬁllﬂl’ilﬂﬁfr FAE

Wit 5 R S A A T 0 0

, MW [n] 4R 7R

45 5 in A

ME A SCHE HE B9 ATCMEA AE?Eﬁﬂiﬂﬁ%’UtﬂT%

MW [5] 1,
150 % B 200 %19 8 b 84 2 R B 5
A 6 IE B L T A o KA 29 R 2 B bR

3.3.2

T

[ bR PERE, 2R 2 43 i T ATCMEA 7E 100 4 150
2k N 200 4E 0] 8 ) Wilcoxon MR 45 B, WAk, Xt



%5 W

THIZR A ¢ B B R U AR L H R e 7

TAE— M LR TR IGD $8 45 b +7 KR AR T

MRTF-"FEE, XFTE7IEH T ATCMEA 7 [H]
b1 B W Gl W R T 2 £ A
£ 2 ATCMEA 5HME XKL LR

Table 2 Comparison of adrantages and disadvantages

between ATCMEA and other algorithms

ATCMEA ATCMEA ATCMEA
(100 4k) (150 4t) (200 %)
+ - = + - = + - =
ccMO 31 3 3 31 3 3 30 2 5
PPS 34 3 0 33 2 2 34 3 0
MSCMO 34 3 0 32 3 2 33 2 2
DPSEA 31 4 2 31 3 3 31 2 4
LMOCSO 32 3 2 32 4 1 33 4 0
POCEA 33 3 1 33 2 2 34 3 0
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Figure 4 Percentage of problems with 100 %
feasibility of the algorithms
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Figure 5 Convergence curves of the algorithms
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Table 3 Running time ranking of algorithms

2 ik BAT I )/
1 LMOCSO 80. 93
2 ATCMEA 154. 19
3 MSCMO 165. 53
4 POCEA 247.87
5 PPS 298. 24
6 CCMO 307. 42
7 DPSEA 842. 66
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Adaptive Two-stage Large-scale Constrained Multi-objective Evolutionary Algorithm

YU Kunjie, YANG Zhenyu, QIAO Kangjia, LIANG Jing, YUE Caitong

(School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract: To address the difficulties of slow convergence and difficulty in finding feasible solutions when solving
large-scale constrained multi-objective optimization problems, an adaptive two-stage large-scale constrained multi-
objective evolutionary algorithm was proposed. In the first stage, the algorithm adaptively selected some variables
for optimization according to the nature of the decision variables, without considering any constraint to make the
population quickly cross the infeasible region and approach the unconstrained Pareto front. In the second stage, the
algorithm considered all the constraints and optimizes the variables as a whole using the & constraint-handling tech-
nique. At the same time, the feasible and non-dominated solutions obtained in the evolutionary process were saved
and updated using archive to continuously improve the convergence and diversity of the population. Finally, the
proposed algorithm was experimentally compared with the other six algorithms on 37 test functions, and the results
showed that the proposed algorithm could achieved the best results on 25 functions and outperforms the comparison
algorithm on at least 31 functions, respectively; meanwhile, the feasibility rate of the proposed algorithm in more
than 90% of the functions could reach 100% , which could effectively solve large-scale constrained multi-objective
optimization problems.

Keywords: large-scale constrained multi-objective optimization; algorithm; self-adaption; archive set; Pareto

front; convergence rate; test function



