20214 1 H
Fa2k M1

Journal of Zhengzhou University ( Engineering Science)

WM K 2 R (T % W) Jan. 2021

Vol. 42 No. 1

TEHS . 1671-6833(2021)01-0001-08

JER N Pareto BY G H £ HiriE L ML EiZHARLEZRIR

e —' XFFHF, BT R, 2Bw?
(1.7RMER% (SRR 5 R0, [ 2016205 2.55 B K2 iHEHRI% % %E 558 GU2 7XH)

WO LTS BRI Pareto W b @ 42 4R I AL X AE A K M 09 3400 % €8
%

AR RS, T IA M Pareto B & 8@ 5 AAFMLAC R M ey Ak AT B o 5 &

#7 %A

ARRACE B AR FHE BT XA RAELRBFZALAR AL EL, F2T HUG A
A AE HLI Pareto A7 % & 49 % B AR AL X A A BGR F A3 P M S S PR AL R AR 6 LA JE AL Pa-

reto A S @A S B ARHALF A

Fr A A2 A A MR Pareto 77 % & 49 £ B AR AL A 69 240 Ik 4

HAAMKRE MREHBSARAEAL OOk BRATQFTHEGA M F E A 85k RE
Foir R 675 ik 4 AT T S A Feit b, ALY AE 4T AA EHMN Pareto 77 % @49 % B AR AL
R G Ak B BRI T — R AR IUA Sk — A R SR 5 dE AL Pareto W7 % @ M A b & LA T,
iR PT AT KGRI Pareto WA @M E F EAFFA, AR EZRORALEHEN AW K
IR F 49 A A AR AN Pareto B & @ 89 5 B ARG AL 19 B AL R A AR S 69 BT S AR BAm AT AR 89, 5T 2L 9 B
Fosb 22 % KA PN Pareto B MO BT ER ARG TS, A SRR FF RS THFT
OB S S S ARNT AR TN M EER,

K % A ARKA; BACE K, EMN Pareto WL @ ik

FESES . TP301 XEARER: A

0 35

B Z H bR AL ] B (Y Pareto Hi T I
AR AE S B B S AR AL
W A 2 5K 3k 2 1R A 4 B D HAT AR MU Pareto
WV I 22 H bR A ) 2 H A kAl B
21 ( multi-objective
MOEAs) & # kW2 i ok 2 H b5 0 Ak 7] B9 A %5
ﬁﬁé,@fﬂﬁ%ﬁ&‘k%ﬁ@&lﬂzﬁﬂﬁ Pareto [ 52 i%
S AN 5 I € S & [ el |11 1 I € O =N S | 5/
Pareto Fif {7 i 09 A&l FRIAE, X2 h T, 8
e R TR MOEAs'® # BB Pareto Hip
WY BT 0 36 A5 A — 2 i AR LI Pareto B Y
T, AR LI Pareto R ¥ 1A [7) 75 AP JC &5 X 388 1) 4 A
nRE AR AR 4 Uk, T SRR R W
MOEAs"> &+ %} HL | Pareto B Y 1 4% T 89 £ ke
PRAFHLHTC 1 PR 35 E FL Pareto B Y T 19 £ FF

il 1

evolutionary algorithms,

I 5 B #7:2020-10-20; &7 H #7 :2020-11-30

doi:10. 13705/j.issn.1671-6833. 2021.01. 001

P55 = A2 MOEAs' " v i S5 34 8 1 359 50 4%
Ay BYASUAEL o) £ A BEAR 4 DE BC A AU Pareto BT Y T8I
70 A, S BOR RUX O 3 SRR s s, 2 T P
W JEAE Y MOEAs'™ i, 3 F e 58 25 1 43 fife 1 By [
PEACT i e LA R B AT S 2 MO G AR 14 TR0 i
FH B b o K figt ) D3 [ A 506 DR AR PR 2 A 1
FLEE IR E

UEAFEAR  WEFEFHATEE X AE L Pareto A HY I
Z A b AL R B TR Bk . AR SOR X
S RS 1 AR A LS BT vk 0 O AR S 2 ) B
2K S 1 BT k2R Bk K
Mor X3 I AT 7 KLk,

1 ERHHES R 218 5] &

1.1 #HEXES
H H 38 FH A 22 B AR A Ak 1) B3 B 0 4 3k
KD RN,

EEUH  EEAAR=ESFEIIA (61806051) ; i @ 48B4 54 ¥ B35 H (20ZR1400400)
BIEEE SV (1966— ) 5 VLR RITN R R EFFIE R, L E g B R 2P 88, Wt LR, 1%
MWFHEE R AL 2] RS B AR E AN EEM S, E-mail: yaochu.jin@ surrey.ac.uk,



2 O K R (T % D

2021 4F

Min F(x) = (f,(x),/o(x) [, ()", (1)
x=(x,,%,,,2,) e D,
Ay x BT o DRFAB R AR D C RHK
R F(x) e R"FEm NHBREEf(x) 4
B H AR 0= 1,2, m, HESE R H bR
2316,

E X 1 P AR B, WKx, x, e D&
K (1) BIWAFATIE R x, XHCx,, I0/Ex, <x,,
HHAE

fi(x) s fi(xy), YVi=1,2,- m;
f(x) < filxy), Fj=1,2,-m,

XF T X WA AT AT L BR x, AR SCIECARE x, A
PO IE M. WTAT AR DAY R ST MR B AR R
Pareto Fe i , 76 B 45 25 18] B9 Bl 55 44 B Pareto
iR

EX 2:1B LAY Pareto AV, — MKV, —
A m Bbs 002 BAREAL R A — 4 m-1 45/
Pareto BIUT I , 24 H Pareto B dT I B 4E 80/ N TF m—
1B BRI ATV A — A IR AL Y Pareto FTW I,
AICR I Hbr A 20 05 5 A 25 38 R b iy
Pareto HJ¥iS IA -

EX3: Wi ZH aMSHma, &
BT B A th W E N R 5 03 A i S
A, — MBI Das %5 R I SRR 1, B0 Y
NN = C sy EARGER m MR BCH
PE . 7% piZ B YRR G B AR SE

TEX 4 FHAH G RIS R R IR i R A
A E b 18 B /MBS B A RPR A SR /B R BT
1 EAR 25 1) v 4 i /N L ] 1 AL A5 o o Y
JE SCHE AR A B A H AR Y B I ARG B Y ROFR O f
JIG R B T AT H AR 25 (8] i1 B KAB G B A s FR
8727 W
1.2 BAEHEHN Pareto BI A MK &) &

FE DTLZ" Z 50 o] §7 8 iy 0 3 o) A5t b, = H
b & Lh b DTLZS, DTLZ6 [v) 8 H 47 iR 1k 1

(2)

0.5

0.4
l}% 0.3
m 0.2
0.1

0

02 Ny 05
05 0 e -
Hax104 0 0.1 .ZHO*.%OA 0.2 0;1:32 0871G1.0 Hixl
/)
(a) DTLZI1 (b) DTLZ7
1

Figure 1

Pareto HIVTIfT , 7 H A5 & LA F 19 DTLZ7 0] 8 A A
R BEHY) Pareto BV i, IDTLZI,IDTLZ2 " 45
{51 B (1 Pareto BUUTIA, & 1 24 = HFR Pareto Hij¥y
I, Hord = H¥r DTLZ1 AL B Pareto Hif WY I .

FE WEGH™ 2 51 A] 7 & 9 0 3 ) B v, 5
PR LA B WFG2 8] J8L 5 A7 43 BE () Pareto B T
1, = HAs &L B WFG3 [n) 8 5 A7 1R 4k 09 /i
T, fE MaF " 2500 5 8 /9 I3 i) A, = H AR
K LA b ) MaF6 , MaF8 , MaF9 , MaF13 £ i& 1k (¥
Pareto Bij V{5 1] ,MaF7 MaF11 A A~ Z#EZEH) Pareto B
Wi ,MaF1 1 MaF4 75 {8 & ) Pareto RIUT A, TE
UF ™ Z 50 038 ] B8 p g H B (¥ UFS \UF6 Al = H
Fri¥) UF9 #B8A45 AS % L2 1) Pareto Hij ¥y 11, A7 46 3C
FRIA S BAT U o B 5038 AT A 1Y % 22 45 2
Pareto Hif ¥ I [) & J& T 4E AL Pareto 1 ¥ T 1)
AR AR SCPIT 48 B AR BRI Pareto FIF U I [A) & JF AN
il 4 T B2 1 5] S A (R 3X 28 1)

A, ML AEE A ER Z B AR
Pareto Hij Y ] (14 1) R5E . 451 0, 3 4 ) A EL A A i 48
(1) Pareto BTV I 5 A28 1T AP A4 il 48 1 5% 1 i)
e — = B B A AN E L Pareto i 1 1 7Y
[F) AL 5 35 2 0 TR Al 5 1) L7 Pareto HIG VA THT X 49 A
FE 53 1) 38 43 X 3k 5 22 k1 8 4 1531 1)
2 TR HE K R 4 a2 A R K 1Y Pareto Aij TR
[T S 34 Bun sl P/ &2 L3 8y R A !
BELAG AN S Pareto BIVSTE P

2 EMMAENGE S Bt EE

H A, #4051 b 33 2 R B Pareto Hij 7
[N EZNE R 7y o Al I {58 O S 1 s T B L
OREMBE DM ESZ W ES QR ESH
] 45 G B T %, @2 % s ; @R KT, I
HNEA DR F A Ty vk . AN R 2R T i
BATAE M Pareto 1 VR 1 19 £ H b A 1L 18] 8 1)
MOEAs 503 1 fiR

1.0

0.8 :
©203

0.6 %

0.4

. 0
e S 0.5
02 04 006 PCHER 0457703 02 0.1 0
H#52 H#r1
(d) IDTLZ1

0.5
H#s1 1.0

(¢) DTLZ5

= H#x Pareto BB H

The Pareto fronts of three-objective optimization problems
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Abstract: In reality, the Pareto fronts of multi-objective optimization problems are often irregular.
Evolutionary algorithms for such problems have gradually become a hot topic. This paper provides a survey of
the existing evolutionary algorithms for the multi-objective optimization problems with irregular Pareto fronts,
gives a general mathematical description of the multi-objective optimization problems, and introduces the rele-
vant definitions in the research field such as dominated and non-dominated solutions. It suggests a taxonomy of
the typical multi-objective optimization test problems with irregular Pareto fronts, as well as the actual multi-
objective optimization test problems with irregular Pareto fronts such as car crash test problem. The existing ev-
olutionary algorithms for multi-objective optimization problems with irregular Pareto fronts are divided into four
categories; the methods of adjusting the reference vectors according to the population distribution, the fixed
reference vectors merging other auxiliary methods, the methods of reference points, and the methods of cluste-
ring and partitioning. Their strengths and weaknesses are discussed. Although evolutionary algorithms for multi-
objective optimization problems with irregular Pareto fronts have achieved certain success, existing algorithms
generally perform well only on some irregular Pareto front problems. Algorithms that can work efficiently on all
kinds of irregular Pareto front problems are yet to be developed. High dimensional, dynamic and the data-driv-
en multi-objective problems with irregular Pareto fronts remain to be solved. More intelligent evolutionary algo-
rithms that can identify and handle multiple types of multi-objective optimization problems with irregular Pareto
fronts are the focus of future research. Hybrid approaches, transfer learning or multi-task learning and optimi-
zation combined with evolutionary computation are possible solutions.

Key words: multi-objective optimization; evolutionary algorithm; irregular Pareto front; survey



