A3 BT T (= Hl ¥ B[ Vol. 43 No. 7
2020 £ 7 H CHINESE JOURNAL OF COMPUTERS July 2020

S % BRI R SRR
AER FRE A B EER

(P2 TR R R 5 G B R TP SRR 7% 710071

W OE WMWY RS2 S 2 AR A B (Dynamic Multi-objective Optimization Problems, DMOPs) , i%
JEIR) Y B br bR B (B AR 2P G . 9T HL B bR B AL 20 R B8 2 8RR T R A N ) 0 A8 A T e A AR k. 3X Rl B I ] A
W7 A8 Ak B0 R L 45 i e DMOPs i 7 B, 3076 S (0 ZE B % 368 25 B doe D0 A ) I 300 S22 SR 0 76 18 10 DR i b ) 2 2 1)
A5 A A8 W L AR SCXT B 2% 22 B ARG AL (Dynamic Multi-objective Optimization, DMO) i WF 58 $EAT T b 58 4 T Y 25
RN (D iR T DMO B RIS T 55 (2) BA T DMOPs (14328 3 %5 BUAT 9 3 M 1) 180 T 53 26 19
445 () TR IE T DMO BFFE I & AL ; (4) X DMO B3k 0 PR BRI AN 16 AR 2E4T T UAZR A 45 (5) 3l i 250 X Lk
T EH DMO LM HERE s (6) B45 T DMO RO AE — S GUg I L 5 (7) 4384 T fif e DMOPs 778 (1 Bk i LA K i 2
MR

XEiE S Z A 2 BAREAL s Pareto it s I o s 1 REHE b 5 52 BR i
HEESES TP301 DOI S 10.11897/SP.]J. 1016. 2020. 01246

A Survey on Dynamic Multi-Objective Optimization

LIU Ruo-Chen LI Jian-Xia LIU Jing JIAO Li-Cheng

(Key Laboratory of Intelligent Perception and Image Understanding of Ministry of Education , Xidian University, Xi’an 710071)

Abstract In real life, there are many dynamic multi-objective optimization problems (DMOPs) ,
in which the objective functions restrict each other and the objective functions, constraints or
parameters may change over time. This changing property with time brings challenges to solving
DMOPs. The algorithm not only needs to track the optimal solution, but also needs to respond to
changes in the environment quickly. This paper gives a comprehensive review of the research on
dynamic multi-objective optimization (DMO), including the following contents. (1) This paper
first introduces the relevant theoretical background of DMO), including the definition of DMOP,
the definition of Pareto-optimal set (PS) and Pareto-optimal front (PF). (2) This paper shows the
classification of DMOPs and summarizes the existing benchmark functions according to the different
characteristics of problems, for instance the change types, the shape of PS or the shape of PF,
the relationship between the variables, change in the number of objective functions, change in the
dimension of the decision vectors, whether there are constraints and so on. (3) Based on the simple
analysis of general framework of solving DMOPs, this paper discusses the research status of the
dynamic multi-objective optimization algorithms (DMOAs) in detail. When solving a DMOP, if
the environment changes, the algorithm must be able to detect the changes of environment
sensitively and respond to the changes occurred in the environments effectively; if the environment
does not change, the algorithm should track the Pareto optimal solutions of the current environment

as quickly and accurately as possible. Therefore, an environmental change detection operator, an
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environmental change response strategy and an excellent static multi-objective optimization algorithm
are three indispensable parts of a DMOA. Thus, the discussion of the status of DMOAs also
based on the above three parts. Specially, the review of response strategies mainly includes the
diversity introduction strategy, diversity maintenance strategy, prediction strategy, memory-based
strategy, self-adaptive response strategy and some new response strategies based on special models
such as transfer learning and support vector machine. It is worth noting that we have analyzed the
advantages and disadvantages of each method. (4) The main purpose of performance evaluation is
to evaluate the convergence and diversity of DMOAs. In this paper, the performance metrics are
classified and introduced according to whether the metric is for evaluation convergence, evaluation
diversity or comprehensive evaluation convergence and diversity. (5) This paper compares the
performance of some mainstream DMOAs through empirical studies, finding each algorithm has
more or less shortcomings and cannot solve every DMOP perfectly. (6) This paper summarizes
some practical application cases of DMOAs, such as control problem, scheduling problem,
mechanical design problem, image segmentation problem, resource management problem, path
optimization problem. (7) Finally, this paper proposes the challenges and the existing problems
in solving the DMOPs. On one hand, it is difficult to design efficient and effective environmental
change detection operators and environmental change response strategies to solve some complex

DMOPs. On the other hand, the research of DMO and practical application are disconnect, most

of the existing DMOASs can only handle theoretical DMOPs.
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(PRI-based RM-MEDA)"™ 3k fi# st DMOPs , 24 46 il
BN PRI AR A AR A Py s B85 A O A 1) 7 R A Ok
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SRR TR e N TR A AT =0 L i BT
P i N e NG BB T 1 N (S = 7
FDAL #1 ZJZ © 1L RE - 92 55 Uk W] 580 0k 1R A L 5
R LR 52 30 25 R A 3R W ) ) 2 1 98 B X 1 e A
R, I R] 7 S, B I R B, I [E] A2 2 B
1R R OGS 45 5 3 1 I T 9 B A - A4 A 12 M E AN
R 42 2% B — M B A 5 1) [ A

2010 4, Koo ¢ N#- 1 T —Fh sh &5 2 H pr 1L
6 E #8 2 (Multi-Objective Evolutionary Gradient
Search, DMO-EGS)"! 3 fi# k- DMOPs, DMO-EGS
A BHT R BT T — R B 0 AL L B RE 98 AR 4
[ S PR A5 B A B TN T — K A B A2 Ak 1 O 1w R
. AEFH ML T 5 B 7F FDAL,FDA3 . DIMP1 L) K&
DIMP2 | iy PERE » 52 55 ik W 245 30 52 A2 AL B i, 56
P REAS BAE O HLAE 5 o 52 R S A ) 900 A 7Y
O FHUI Aefs FBE AP TR 412 v R O R R

2013 4F, Ji % RSF A\ T RM-MEDA., [a] i 35 i
T —F &L F B BE 64 50 ML (Population Prediction
Strategy, PPS) 3 i [ ¥ 55 48 1k, & Hf T PPS-RM-
MEDA (PPS-based RM-MEDA)M* 3k 5k % DMOPs,
PPS fli i 40T - FpRERE 23 o O s FNRCIE & P st i 221
(9 JUAS H o AT RSB0 7 A= 387 B 20 A O i T TS
St 20 68 T R LT R T 5 A BT I 20 68 3 L A
FHIRIN AT 2 1) Hh O s FNAE AT LA™ A 8 i 210 9 0] 1
FRE. /EH 7E FDALL.FDA4,DMOP1,DMOP2 PJ K&
TR B DU Bl 3 e K ZFS ~ZF8 E K T vk
BE . SCEUE B PPS 1 F FPS DL K AL 46 46 7 i
E Hy 10 7 s A5 B RN A2 L TR PPS i 1
REAR AN G o A 255 A 0025 5 Al 7y oz 250 HIL 1 28 IR 5
AL T A 37 A 455 14 25 4

2014 4, XA TR SE SR T — AR S B HE R B3 [
4k £ H 8 5 (Non-dominated Sorting Cooperative
Coevolution Dynamic Multi-objective Optimization
based on a Predictive Model, PNSCCDMO) ™ 3k fi#
th DMOPs, 4 BR35 & A5 28 AL I o 53 2 2R T 4 [T 1A
BRI by A 55 78 b o7 AL o i PR A 5 20 1) PSS
T 7 A R I 20 0 w0 AR R R IR T A
DMOP1.DMOP2 A Nz FDA1~FDA4 FfytERE .t
AEAR NS FL 5 BHARL (H o 32 55 vk R AT R 80000 AL 1 5
PRI A ] o R 1 36 4% 22 20 AN Ty sk 30 55 09 45 5 o 150
BRI 1) 5 TR — S (ELAS 25 P Y ] AL

2015 4 K 4 A2 48 N7E RM-MEDA Hrg] A [ J
T 51 AN A ) F 0 %6 1% (Prediction Strategy based
on Guide Individual,GIPS) . $2 1} T GIPS-RM-MEDA

(GIPS-based RM-MEDA)"* 3k f# gl DMOPs , i% i
T ) 308 3 b A O B L A T e G A T
F8 77 1w) o 2 T 7 A T B 05 () 00 B R A S K
AR 3 R B TE T SR RE TR RE L AU 4G FDA1~FDA4,
DMOP1~DMOP3,ZF5~ZF9, 525 45 3R £ ] GIPS
PEREDL T PPS H & 5 45 i iy 2 w1 1 3R 45 28 Ak
IR I R AT REAFTE R 22 S B R TE R LI
S5 AR Ak b I A

2015 4, i HE 55 N BT 1 Pl 1) 48 2R R g
(Directed Search Strategy,DSS) ,DSS1 #f F/E ¥ 5%
AR A LA DSS2 J& — i R A R AL i IR n
R WS K DSS 5 3 T 22 43 #E b (Differential
Evolutionary, DE) () NSGA-TI[ 45 A 45 it NSGA-
1I/DE+ DSS(DSS-based NSGA-II with DE)"™* 3k
K DMOPs., 4 3 58 % A= A8 Ak if . DSST 3l 3 75 Hif
PTG SR EE 0 PS (4 L s 19 7% 3l J 1] B A= A
AR R T 7 A BT PR BE W) 46 A R s DSS2 il i 78
HELEPUGEARZ ] PS 197 3 75 1] A i B AR R
R S AR I T 35 7E FDALUFDAY,
DMOP1,.DMOP2 LL M ZF5~ZF10 F ¥4 68, S2 56
45 HEH] DSS M fE ik FPS 1 PPS. {H73 2 1
S » TR PR A AR A AR R B DRI 9] R85 50 i ) AN R
A, DSS A R AR A 4

2015 48, X4 IR 58 N4 & Ul oy i itk 2 B
FRCAL B (multi-objective evolutionary algorithm
based on decomposition, MOEA /D)™™ F1 1F 22 i il
(Orthogonal Predictive, OP) ## Bl & f OPMOEA/
D(OP-based MOEA /D)% 3 5k fi# DMOPs, X4 31 5%
AR B T R A BT T v B S A TR A
BIPASIZI ) PS g BRI H & % R 5 H
INZH A 4R Hp e 9 A R T R R A 1) A AR Sy ol g
Z1 00t B RE ) — W o AR AR E D T Sk
DMOP1.,DMOP2.FDA1 i & FDA3~FDA5 |
PhfE, 4 R R B3k 4F DMOPL ft DMOP2 _E % fiE
A

2015 48, X R A NAEHE T HE SO AR e e 5 1Y
% H b1 B = (Nondominated Neighbor Immune
Algorithm , NNTA)Y M gy B i B33t 7 —Fp @ 38 17
20338 B T (Adaptive Differential Evolution) , 3f:
HL&5 & — Ff ke ik (19 B 452 8 (Predictive ModeD)
2 H PDNNIAPY (Predictive Model and Adaptive
Differential Evolution based Dynamic NNIA) 3 f#
P DMOPs , 4 ¥ 855 & A 78 A0 B 35035 00 FH i 5 A s
ZI) PS 80I0 7 A B 26 58 0 B0 b AR AR I
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T & 78 DMOP1, DMOP2, FDA1 L) & FDA3 ~
FDAS | Mg, 45 R & B PDNNIA K& & ff o
PS 45 A7E . PF BE I ] 248 46 1 B B A5 ] 8 LA K&
PS BB AR L PF AR REASAE 1 = H A5 (0] 8.

2015 4F, X # J= 48 NFEF NNIA, $2 ) 56+ 1
I w1 3 A8 2 H s % 8 ik 5 3% (Prediction
Strategy-based Dynamic Multiobjective Immune
Optimization, PSDMIO)PY | 24 3R % % A= 48 4k i),
FEVE R T ILAS PR EE T B PS SR 0 7™ A= 7 36 5%
W] 46 FhEE. 38 2 £ DMOP1,DMOP2 ,FDA1 Ll &%
FDA4 I3 o8 0 _E (79 S EBF 58 3F B PSDMIO A&
A g PS AN BB R AE fb 1 PFORE B A AE fb Y
DMOPs.

2016 4£, Muruganantham %8 A ¥ MOEA/D-DE
(MOEA/D based on DE)P2 dhg| A T R IR & 1
¥ (Kalman Filter, KF)P (% 35 ) #1 #1, 2 0
MOEA/D-KF(MOEA/D based on KF)5* 3 3k i
DMOPs , 2 355 & A8 A8 fb i 3 5k — R0 ¥ 43 4L
il R He i R 3T KF 9 10000 BL 1 38 A2 R T B AL
WIE AL T k. R 13 I ok 5 (DMOPT
DMOP2,.FDA1~FDAS5 , ZF5 ~ ZF10) il i, T & %
FPEfE . 45 B 3 3] MOEA/D-KF £ DMOP1, ZF7
PLKe ZF9 FAPEREAS FRAL A7) 7 2R B — L6 i R 24
HERLZ R RE L L A0 R R RO L 2 R R Ok
W 5 1) 5] A R B A

2017 48485 AHE RM-MEDA fy 2 at . 5%
P17 3 T dr ot A8 Y T AL | (Prediction
Strategy based on Center Points and Knee Points,
CKPS) e )i S5 5525 4k, 42 1 7 CKPS/RM-MEDA
(CKPS-based RM-MEDA)™™ 3k fi# #¢ DMOPs, i%
T ML AR R - (L) 3 3 AT A BR B YR
P i A Py o 572 b She T 3 B B 1 e S A 4 11
PLE 5 (2) 2% T AL ] 38 8 5 s A S B A B B8 19 I3
SAFE R SRJE T AR [ [0 AR Y T 5 R B 19 45 A
(3) A 4fs 1) AL 11 O 2 A B o B AL 7™ A — 3 4 A 1A ok
IR 2 RE T 8 T = A A AR A R — A B
FEAE B0 B0 55 00 W) 46 b BE. A F Dl T SR T
DMOP1~DMOP3,FDA1~FDA4 L)} ZF5~ZF10
FHPERE 45 SR B CKPS 76 3540 I 2t o6 5 b 1 g
AN PPS. A 35 3% B 4 o] 58 4 3 43 50 53 4 B A
FRER PF . DT 4 19 4R 30455 A A9 P 9 J2 AR SR A 58
(1% o — T 5 2 T AE.

2017 45, Tk A8 A7 NAGA-TIPY dhg] A
T AL A 4R T BT 2 A B DMOA

(Prediction Strategy for Dynamic Multi-objective
Optimization Algorithm based on Reference Point,
PDMOP) " S it e DMOPs 3% 500 L 4 348 4 F
Xof DI B AH 7] 2 2% fd 1 > 14 2 S ) (8] 2 51 5 9 % X
L i A] e 71 3 3k 24 P 1] DA AR TR I 7 A PR A T Y
) ey b AR DT S5 3W XS B 5 A2 Ak ikt o L A o
4 AR FDATL, FDA3 ~FDAS B ik 1 3895 1)
PERE . PDMOP B8 9 %5 4 M8 1 A [) 26 85 1) 3 25 742
. AEL 2 52 50 R B I R A9 A 3 4 o o7 3 TE T A R
FIR 000 3 o I 6 0E AR 1 R R

2017 SEA B 4E S AR T — MR B AR A2
£ DMOA (Steady-state and Generational Evolutionary
Algorithm, SGEA) "™ 3R fi# DMOPs, H Dl fa & 75
ORI P58 28 4 5 o o7 3 358 748 A 24 46 21 B 5 A
A 37 B 58400 s A Tl R A0 45 P 00 < — BB AR 2
2 i PR3 R o A B B AR T — B A R i A
DC AR B9 % 2 7 16) A1 RS Bl 28 1Kok WU 7= A= AR & e
FDA % %l DMOP % %] [n] j | ik 1 55 vk 1 1
AE. LR KW SGEA BB A R BB Bl i 18] 22 £k 11
PF H A0 5 ) f 4 248 i 22 ) I AR FU A B8 28 i PR 05
AR BT B B 2 AR R I SGEA (19 7 fE
Al REAN AR BAR.

2017 4F HR 4 %5 AfE RM-MEDA # 5| AT
— PR & £ B AR 557 AL ) (Diversity Maintenance
Strategy, DMS), $2 i T DMS-RM-MEDA (DMS-
based RM-MEDA)P™ 3k fi# e DMOPs, 3% i 1] #11 ]
FIRUNR 5 SR T PO R B R B T 18] T 7 A
N —A PF R — S L CR lE 28 R W7
TR R 23 ) v AR i — 26 G A1 28 A B AR B TE
T—FRER) PS XN BEHL A — 2E AR R |
T 77 2 B A A IF B — AR b i HE SR HE R
AR PR B B ) A6 FhORE. A Sl A O A eR 2
M T 55 7% 4 Pk g . 4% FDA ~FDA4, DMOP1 ~
DMMOP3, ZF5 ~ ZF9, 5L i ¢t 1 % B DMS-RM-
MEDA 7ER Z 80 i [a] @ R R4 BR T FDA2.
[Fi) IR 5 U 2 HE A P AL g 2 0 v JHG e T 7 125 0k it
I R4 1) PS J& — N E AR FE 1) 5 [n].

2018 4 L B A NBHE 1 —Fh 22 05 1m) 15000 AL
# (Multi-directional Prediction, MDP) 4% & ki T #F
Ak Bk 42 MDP-PSO (MDP-based PSO)™ 3%
fi# e DMOPs, MDP FIJ I B [1] 3 371 45 50 35 300 4% 35 7
MBI Z A BT 1) O R R BE AL AR AR 5 AR
WM T 7E FDA1~FDA5.JY5.ZF8 | [ 1 fE .
255 R W AE 4 B A2 2% DMOPs B, MDP-PSO 74 5|
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2018 4 BRAGE AR I S NPV AR I T — A R T
ASORY) 4t BT — 25 5000 4 TR 5 b RE 500 SR % (Popula-
tion Prediction Strategy based on Fuzzy Inference
and One-step Prediction, FIOPPS) 3 i Jif ¥ 5 45
1k, [El Bt 32 MOTLBO/D(Multi-objective Teaching
Learning-based Optimization with Decomposition) ,
FE R 2 H AR AL 5 A B T He
oAb & = ( Teaching Learning-Based Optimization
algorithm, TLBO) ™ & {8 £f Fp #f 2 £ Pk, o 78

FDA1~FDA3.,DMOP1~DMOP3 Ll K& ZF5~ZF9
R BE SR L A1 S B FIOPPS 3 A fiE 52 BLAE it
A HR I3 R KB AT SR B R G O HAE A R Ak
TF L% A0 ] ) 45 /0 8 A 0 A A A F300 fige 6 Y
AR B DA /D i (1) 52 25 J5E A 2 ) S 2 JEE

5 T TN £ 1O 2 AL AR R T 2R R T S
AT HE ) R 23 ol L 2L Al A R AR T
LR AT AT RE 25 0% T RE A I 2. G L T P Y 5
g % EAT R PR PR 5 28 AR 9 DMOPs B4 3.

T B B K e AR AR AN A 3 BT,

|2 K f THER A
(;Jgﬁff f)) (PDNNTA) (PDMOP)
) Muruganantham
et al.
(MOEA/D-KF )
Hatzakis 8. Ja % A (NSGA- N (%ﬁ%g))
Wallace Koo et al. (PPS- 11/DE+DSS) ZESS i
(D-QMOO/FPS) (DMO-EGS) RMMEDA ) (SGEA)
I @ @ I @ @ I
20064F 20104F 20144 20184F
JA % % A tE ASIE R
(DMEA/PRI) (GIPS-  (CKPS/RM-MEDA)  (FIOPPS)
RMMEDA )
X5 TR
(PNSCCDMO)
4ttt
W% (DMS-RMMEDA)
(OPMOEA/D)
B3 TN Y & e B
4.2.4 gL AR G A R AR AT STY 1T ~STY3

BT AC ALY & B A7 Ak D s B B b 4k 2 Y
PSS A8 BRI v 5 o A i 1)

2011 4, Zhang Ml Qian™ &1 7 ah &L K £ H
Wb N T 40 9% & 48 (Dynamic Constrained Multi-
objective Optimization Artificial Immune System,
DCMOAIS) KAt # DMOPs. £ DCMOAIS H1, T
AR Al by s A5 5 4 7 30 B8 78 A6 0T W 46 AL FDRE. B
P TR YT PS, M BB i Pir A7 S
A, 24 A= AE Ay s MR RL By By T A5 51 49 4 A ol
. DCMOAIS ¢ F SR fif 7 24 )8 DMOPs, DCP1~
DCP7 LA Kz = 52 b A Ak 0] it (8l 285 03 16 R 3T 1)
RO Bl 2 K R B T R R 5l 28 s AL [R) D S 0
HEH] DCMOATS 3 45 fif AR 4E 0 A ) e

2016 4F,Sahmoud #1 Topcuoglu ¥ 12 L 5
NSGA-TIVS AR &5 4, $2 T — Bl 36 F g2 HL il i
DMOA (Memory-based NSGA-11, MNSGA-ID)7,
A A FAC A2 AL A i R Y R SRS AR 2
BT EREE AZ Al K A I A i R A R Bl R T AR

DT ARk M g L 45 R 3R W] MINSGA-TT H: g A
D-COEA, 55 L BB A 17 itk

FeTACAL 0 A A N & PL A B T i e e
AL ) DMOPs H & £ 75 B Bk 52 (D) fENAF
A4t s BB 4 £ 6L LA S A A A v S IO T 45 R
T S —E TR s (2) i A HLE HaE TR
JHAPEAZ AL ) DMOPs,
4.2.5  HaE A B

N T A AR o DMOPs, BF 5t &4 T B IE
IO o7 5 BIL A SR o 17 B 35 AR Ak

2014 4 0NMHSE N T —Fh B 3G 2 AR
A (Adaptive Diversity Introduction, ADD #L#t ,
S AR PR A AR AL Y o BE O N LB o 2 PR A
MG, AE 8 3 FDAL IR T ek ny g, 52
B R WY A & 5 AZ RV T80 E Z ARSI ALL
o). 2 I 33X ol S R AL X 2 AR ST AL
il B — 13 3 N AR 3, AT LA pE T AL L i 2 B
DL BIR A HLT B 3l 7 Ak B B0/ B i v e s T A
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2017 4, Azzouz 55 N$ i T — M I L =
TR BB HLH] 16 b SRS AR 255 1 B 3 TR G 2
HLE 25 A NSGA-TIV 4t —Fh 3 F 25 16 38 B2 1
I I BB ML 19 DMOA (Dynamic NSGA-II
based on Adaptive Hybrid strategy, A-Dy-NSGA-
D" LA %5 i b B2 DMOPs 32 55 125 14 56 4 J2: 1 5
G 24 7 A A B B 5 FP A DT O B R TR A 4R
AR5 2 K T AR B0 B 15 72 1 1) iR B Ok B i B AL A)
R A7 A B AR LA e DA T3 S8 BRI 1) 5 O At v P A
RAECE S N TTTE BT 20 58 74 0] fa b e LA ok 5 3
IS FDAT # FDA2 12t e 5 b 0 B0 52 50 Tk
BB 1 R BB R o (H 23X R B 3 0 24 P A Al
TACACHLHI L K Z2 R 51 ABLEI IR & B i N AL
B 5 TR B SR MR RE B AN S SR BUAE Y

2 H AT Ik, KT A & AL A RF 5T A AL TR
A B B i B RESR AR H A AR B b R AL .
4.2.6 T RPGRASE LAY I 25 HIL

A AR 2227 3R YT OB 1 R R R R OR i
DMOPs., Hen 2 £ 1 i 4L iR o7 ) 2%

2016 4, Tan% A3 T MOEA/D#£ T —Fp
DMOA (Inverse Modeling-based MOEA/D, IM-
MOEA/D)"*, 3% 51 1 F) F 48 Mk 3 455 A (Inverse
Modeling, IM) & 45 3 5 3k 9 4% 2 0d 2.l i 1
FDA1,FDA3 %K & I a0 o %5 1 1 S5 50 1E & R
IML AT Rl /b FH 3 6 000 722 A #3617 J32 Al Y 8o (H
JEFE SR IE A R

2017 4, VL & N 45 & i # %% 2 (Transfer
Learning) A1 3 16 51 o 4 i T — F 38 T 3T 5 % >
f) DMOA (Transfer Learning-based DMOEA, Tr-
DMOEA) ! % 55 R T B 2% I F o TR A4
B PR ) A6 R SR P SR 8 6 R o R R A
fk. Tr-DMOEA 7£ FDA4, FDAS5, DMOP2, DMOP3,
DIMP2 HE2 ,HE7 . HE9 I (80 S2 560 560 9F 1 4% 1T
B 27 ) FeR G B S0 58 1% v i e DMOPs i
R T R B o L B N ) A % B A B M
AR

2018 4F . ARIH M B AE SE AR I T — A Ik T 3l
5 Ak # 5% (Dynamic Evolutionary Environment,
DEE) # #! iy DMOA (DEE-based DMOEA, DEE-
DMOEA) ™™, 2 B8 3 A7 SO I+ 280 12 1 T a2t A
P B R s AR A b AR B IR A AE B O HOR

1ok AR A B4R AR, LI B AR T %5
B AT ST B A U Ak PR BT T RL RS Ol b R S N B
Wi AEF Mt 12 4~ DMOPs Wl 1 55 56 M RE X
12 A~ R 404y W & FDAL1,FDA4,DMOP1,DMOP2,
JY1.JY5 Ml ZF5 ~ ZF10, 52 % 45 5 % #] DEE-
DMOEA VEfE R U AXFE ZF5 1 G A X AS 248
EE B T BEORS ) 1) 30 25 8 1k R B A AR 47 2 R ok
(A BIF 5 77 1]

2018 4%, VL % N 45 &5 NSGA-TI™Y 1 3% ##
[a] ML (Support Vector Machine, SVM) , #& i} T 3
F SVM f#§ DMOA (SVM-based DMOEA, SVM-
DMOEA)™ i 83k A A3 81 ) PS %F SVM i 17
WG RIE R I 2 47 1 SVM X F — B 21 19 3 4
A 0] R A A 2 A7 43 285 DT B 4% A= 8 el I 25 0
(1 SVM 1550 1 A 5] A4~ 1A 20 B 19 00 s i B A & A
KRB bR 50 UE T 5k PERE . 5 FDA4,
FDA5, DMOP2, DMOP3, DIMP2, HE2, HE7,
HE9, 5055 25 B R B SVM-DMOEA g K& 47, {H /&
SVM-DMOEA H Z¥ SVM 5| A DMO ) — 4 J3
KAL) TAE Wl 2 261l 2 SVM 7502 — A4~ $k ik 1k
i TAE.

2018 4%, VLB 5 N $H T — F 3L F 803E
(Domain Adaptation, DA) #1dE 241 (Nonparametric
Estimation, NE) ] 3 2% £ H #5 4> v £ ] & %
DANE-EDA (dynamic EDA based on DA and NE)!*7,
ZE BN Z e - MER TS — &
TR SRR (AR S B0 B Al T M T AL AR A R
WA AR P DMOPs. fE# M1 1T DANE-EDA 1&
FDA4, FDA5, DMOP2, DMOP3, DIMP2, HE2,
HE7 HE9 I /)94 8 , 92 56 45 1 3¢ B 5 3k Ui S0tk 4%
U o LI B 1 1) 6 e R B A R R

BT Ry R LR (1 1 28 B O SR O iR Tk
DMOPs $2 41 1 57 i) S8 % . B2 5005 i 3 5 52 2 &
W A A5 R AT 5 A ) .

T 28 00 T A 2 AL TR PR 3k 2
A~ N 2 A LLE ) FDA R DMOP % 31 pfi 41
bk o SRzl ) e R B 1P T E N 1PN D (OO e
VEARBAFHE — >tk 6 FAS [F) 2 A0 1) IR B AR 4, 1k
P BB A T 22 5 T — A 55 1 L 28 BIL 1 I % g %
FH R b BEAS ) S5 78 11 A% Ak, 5 AT H: AR 0 FH Ok b B
R [ A AR AL
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x2 RETHEZNF
L 2B AL 43 28 IR AR 3 R E Lo
DNSGA-II FDAZ, 7K K H g 8 B2 a)
DVEPSO FDA1,FDA4 ) ) )
ZREMESI A DMOPSO FDA1.FDA2 Egﬁﬁs%?%@rﬁﬂ%ﬁﬂﬁ&
Bl D-COEA FDA1.DMOP1 ~DMOP3 NEE BRI AL RS A
T RE 2 15T A 1k
CMPSODMO DMOP1,DMOP1,FDA1,FDA3,FDA4,HE3, HE5,Z]Z
TD-NSGA-II FDA1.FDA4,FDA5,DMOP1,DMOP2,S]Y4,S] Y5
LR CSADMO FDAL DAL TE A fife P % S AR A o) B R Y R
B Z(I’C“ff/i“’“ Egii :i gf A5 LRI | B B T R AR 2
D-QMOO FDA1
RM-MEDA/PRI FDA1,ZJZ
DMO-EGS FDA1,FDA3,DIMP1.DIMP2
PPS-RM-MEDA FDA1,FDA4,DMOP1,DMOP2, ZF5 ~ZF8
PNSCCDMO DMOP1,DMOP2 P4 FDA1~FDA4
GIPS-RM-MEDA FDA1~FDA4,DMOP1~DMOP3, ZF5~ ZF9
NSGA-1I/DE+DSS FDA1,FDA4,DMOP1,DMOP2,ZF5~ZF10
OPMOEA/D DMOP1,DMOP2,FDA1,FDA3~FDA5 1SR VTN 5 SR A T 5L IR 4 B
500 AL PDNNIA DMOP1,DMOP2,FDAT, FDA3~FDA5 DU B AR 5 50 AFR RS 15 Y T30
PSDMIO DMOP1,DMOP2,FDA1,FDA4 ATRE S IR il Ll R
MOEA/D-KF DMOP1,DMOP2,FDA1~FDAS5, ZF5~ZF10
CKPS/RM-MEDA DMOP1~DMOP3,FDA1~FDA4 ., ZF5~ZF10
PDMOP FDA1,FDA3~FDA5
SGEA FDA1~FDA5,DMOP1~DMOP3
DMS-RM-MEDA FDA1~FDA4,DMOP1~DMOP3, ZF5~ZF9
MDP-PSO FDA1~FDA5,JY5,ZF8
FIOPPS FDA1~FDA3.,DMOP1~DMOP3, ZF5~ZF9
DCMOAIS DCP1-DCP7 . 2l 25 #5452 32 v v ] 2 3h 25 /K e 8 B [i] At T A i o A PR 28 A i) DMOPs, {H 2
e Az AL A B 8l 25 v AL ) TEIAE R AEAid T 545 B LA N A7
MNSGA-II SJY1-SJY3 RECHAMGE R T E—Enitaae
FaE R % ADI FDA1 B 3 ML RIS AT Ak TR 2B B B
ML A-Dy-NSGA-II FDA1,FDA2 U RE AR AR H A AL A I B
IM-MOEA/D FDA1,FDA3
;f H JTE jﬂi Tr-DMOEA FDA4,FDAS5, DMOP2, DMOP3, DIMP2, HE2 , HE7 , HE9 SofRs DMOPs 8.4 T 35 i B g, [
TR (14 ] 25 DEE-DMOEA FDA1,FDA4,DMOP1,DMOP2,]Y1,]Y5,ZF5~ZF10 e s e g e At A e
Bl SVM-DMOEA FDA4,FDAS5,DMOP2, DMOP3, DIMP2, HE2 , HE7 , HE9 REE TR EEERRAMS
DANE-EDA FDA4,FDA5, DMOP2, DMOP3, DIMP2 , HE2 , HE7 , HE9

4.3 BEZBERRULEZ

PG= V@ DI s VI e TGS QA & 7 N
DMOP 545 5 7 — 4> MOP. — @i & £

B P DMOPs B, 55 %05 5o 4 f
AU 5E 2 B PR BE L I B — Fh A Bk 1 M
HRedE T BL . W R M RE E

B4 bR
B 15 H A
LA B

g

H AR LA 5 1 RE 65 35 B B T — IR AR B A8 A 31k
ZHT PR L S B b8 R ) Y SRR PS. H AT AR
Z 1) DMOAs #§ & 75 4 1 £ H fs L AL 553,
NSGA-TI"*  MOPSO™" | RM-MEDA™" | VEPSO™" |
MOEA/D"" s 5| A4 1 i 28 58 28 16 A6 I 53 7 i A%
PR B K % e DMOPs, 3 H AL #R B T A 4%
MIRICR. 6 THAS 2 B Ar 0 A0 5 165X — S8l iy 3F i
CAAMRELERRE, AT A,

5 HEEZBERMUEERERITMNISR

FiE DMOAs ) A Wr $2 &, 0 ff 3 4 — 4>
DMOA 188 5 b PRt B8R — A4~ B A BF 53 5 1] . 24

=2k
5.1 HWiEEEIER
(D) H:ACHE 2 GD(Generational Distance)
GD'* 3 b B 5 5% T AR 153 1) Pareto BT 45 1L
St Pareto {ij ¥ 2Z 8] /4 BE 85 >k 37 4 380 3 9 e Stk
GD kAT
>1d (0. PF)

| PF, |
b PF St W ZIBARIE Pareto iy, PF it ¢
I} 205835 B 3845 1Y Pareto Ai{fy.d (v, PF)) & PF,
EWA R0 5 PF RS o R i AR 22 1] WX
WS, AT LAFE . GD WP J5 3 02 X 5703k B 3k 45

GD,(PF,,PF)= 3
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(#) Pareto Fijify PF, H & TEPRIE Pareto HiHT
PF; W43 5 & B8 f i 59 A PR R 31 AR A =2 1)
F 0 B 2 K T A R e SR R T - 3B
WM. W GD EA LI PE, 5 PE, Z 6] 1 #3E
FJE - GD B /N B 33 WA S e

B P B8 AE AL T UK WUFT A T A1 58 1Y
GD [ F3{E N

— 1
GD =

(6)

(2) % SR(Success Ratio)

SRM K B m B T ARAR 0 PS 78 H AR A5 A
WA B S 7 AR UME Pareto RV A B BT A L, HE R AR
HAF PR

sr, = LEIFDEPE) |
| PF, |
K PF J& ¢ B ZI 09 F5 1fE Pareto RBijiy , PEF J& ¢
By 220 58925 JUr 3145 1 Pareto A V. SRR R Uk B 5 7%
1) P fE B A
o A EE AL T,
()7 24 1E K

D

IR T S FRBERY SR

‘ﬁz——zﬁR (8

(3) Variable space GD(VD)
Goh I Tan"" 42 iy T — Fp 45 1 25 1] GD 45 45
VD & LR

xxxxx

VD oitine = 7ZVD('{) 1(o) 9)
TT =1

1, %zr
I() = (10

7 los s

|PS
VD = PS d? 11
(0= “8‘ (] \Z (1D

Hr, o &Y FJUL.VEU\’;%I,TTIEIT R*%E’J%K
| PS| %5 o IRFPEEh Pareto fi# 194 &, p 3 25
[ PS BRS¢ DR SR PS B gz Ak
B AT AR 2 18] B B 25 VD e (B 8 /)N 150 BH B 75
WS SIE

(4) weighted VD (VD igniea)

DMOAs B RE7E B M 3732 17 19 Bif JLIK 3R 85
P RE B SR 22 L R . Koo 28 AW 4R T — Fil
PRS- 34 5 v K st R 50 1 e Pk e s 8 LT

VD ighied = ﬁ%%BEP c VD@ s ) (12)
Horp T R AR B R AL VD i (8 18 /)N U8 W]
A WAL S

(5) WEEHE T F SC(Set Coverage)

SCU B Fr A C- i AR A B Ak

LA A PRI RSZECR ] L FR R R s
|bEB|Ja€EA:a<b]|
| B

C/(A,B)=1F%KHW ¢t B ZI%E A B h i ik
YL A PR LE,C (A, B)=0 %W ¢ i}
ZHEG B R T A NEEABES A By
Bic. R PEARI PF 3 2P AS R 52 A B
3 E|Y Pareto AWy, W C, (PF,, PFy) =1 3f H
C.(PFy PFO<1, 82 UEW] ¢ B 205835 A 19 1% 6E
LT3 B rykhe

e 0 52 A8 A T
C(A,B) WY R
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T
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1
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max (=1

5.2 ZHME=EER

(1) [a]#F3 (Spacing, S)

Schott"™ 2 T — Fh P4 45 b 6] B (S) K
JF B T KA Pareto B TE HP B9 AN AR 2 75 4%
fm¥s], FE W .
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e 2 ) 9 W R BE L d S o B9 F AL S AT LA E My
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(3) I KE T E MS(Maximum Spread)
MS™* F ke i B 325 BT 3R 45 1Y Pareto 1 U &

G R ifE Pareto VY AR B, H K XU T Pios
{minI:PF,, ,PF; ]—max[ PF, ,PF,?]} 2
=1

1
MS, JmE
(20)

PF; J& ¢ B} Z1 i #5 fE Pareto By, PF, /& ¢ B}
ZUB W AR 1 Pareto Fi Y. 2 1 PF, #1 PF, 43 5
JEe ¢ BV EE BT AR AR 9 Pareto RIVEIOES i A~ B ARIG
B AAE R e /ME L PE; A1 PE S 43 B2 ¢ B 20 2052
Pareto fij ¥ 19 55 ¢ A~ F bR 9 55 kB R & /D (. MS
LA T B 3 1

5 FF 525 AL T Yo W T AT T A~ FF 55 1
MS {31 g
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1 Tl]\zt

Tmﬂx t=
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3TF MS,Koo % N T — o BCE ¥ 5
ORI EE N R WIbERE . LU
9 T
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S eighted T(T—FI)Z;Z S

Hordr, T J& 2R 5828 1h 19 B B MS eigneea T R R 150 B
B SPE AT

(5) B = Ju [ CS(Coverage Scope)

CS" oK 12 b Al 3 e fige 4R 1) °F- 34 56 2l B %
JE L E XN

MS = MS, 2D
1

(22)

|PF, |

: 1
S, = D— fx; 2
S ‘PF[‘;;max{Hf(x) FGep |} @3

KX j=1.2,, | PF, [ . PFJ& ¢ W20 53 B 4k
31 Pareto HiI#y. CS fELA . 15 B B3k 3R A5 19 4R 32
ic gk 4 1) 2 S Y1 R K

fBE B AL T U WFTA T 3BT CS
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T

G--L e
CS T 2 CS,

(6) BT [ i 1) ZAEVESG br
2017 4F BEWTHESE N TR I T — R T S % )
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1 Z 3868 DIR (Diversity Indicator based on
Reference vectors). 567 HAR &S A P re A4 —4H Y
SIS H i A AT, e AY BRI FE ¢ B2 Y
PS iR B 5> 2 2% ) B A SRR SR ST i)
SRS H AR WA ST 3 AT
TE Y DX B AR BT 3 35 19 2 2% ) 1 19 1> B0
T—AESEmE C= (", C",.C"),DIR #{§ C
(1) 5 25 5 I e B ik i P e HLAE B/ L D0 B G309 T 75
#IHY Pareto Ry 70 A #i32. DIR %€ AN F PR
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DIR,= (25)

T
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DIR :T—ZDIR, (26)
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5.3 ZEEEER
(D) i HACIE B IGD (Inverted Generational
Distance)

IGD "5 b 2 4k L 52 Pareto | 5 507k BT 4k
744 Pareto Fif ¥ 22 [A) A4 42 30 A& B2 R DA 550 2 1 IR
SUMER ZRENE L IGD 38 FRE LW -

> d(v,PF)

wEPF /!

IGD,(PF;,PF,)=
| PF |

X PFJE ¢ 2 FRME Pareto Bifity . PF, ot ¢
I} 20 5005 B 3R A Pareto fif iy . d (o, PF) & PF, I
fAE v 5 PF R TR o S il 19 A 2 18] 9 e
. AT LAE . IGD B J5 3502 X FARME Pareto Rif
i PF, A MRAERIE TR Pareto Al PF,
TR 5 R Bl Y R T R E AT 2 T R R
15+ 22 e FT A T SRR P BT P4 D kg
IGD LT A PF 5 PF Z 8 BT TR 38
LA PE AR AR 5 20 A L TGD A8/ i B 5
L PR EI Pareto FiTHUSCSLIE -GS , o)A 42 ).

TBEFETAL T U MFTA T NIREEHY IGD
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27)

R
Thax (=
(2) # AR HV(Hypervolume)
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IPF,|
HYV,=volume( ,L—J; ;) (29)
AP PE & ¢ I 205002 FIr gk 74 1 Pareto Hij Y
v S AR B ) AR HV BB
FAE T B Pareto RIS BRGT , 43 A B 44 2.
1B E HIF LA T oo U WTA T MHEEH) HV
(RS SE )

T
max

HV=——>"HYV,

max ;=1

(30)

() R R HVR(Hypervolume Rate)
HVR"™ 235 AR iR
_ HV(PF)
~ HV(PF))

AP PF &t W2 i 45 Pareto iy, PFJ2 ¢
i) 20 95 BT 3R A% 1) Pareto Hij#y. HVR A5t b2 44
HV H—A4t . Jf HAkE HV 1 i K{H & AR fE Pareto
H VT T X 7 1) R A AR W) HV, HVR K 3t B 35
2 453 2 /Y Pareto i i O SKCPE B L 23 Al il 2 2.
EARE R RT3 HV R HVR i 5% #8454 H
b b 2 Y BB I H B AE NS AL

ABE FRBE AL T oo K I T D EREE ) HVR
(1°F- {8

HVR, 3D

T

HVR— - S HVR,

(4) #IRFH 22 % HVD(Hypervolume Difference)
HVD" {33550 F Fs -
HVD,=HV(PF)—HV(PEF,) (33)

[P PF J& ¢ W2 bR Pareto BT, PF,J& ¢
I} 20 5305 BT 3R A% /9 Pareto i, HVD /N
T3 2 ) Pareto Fi T SOME BUAF L 3 A1 825 2.

B E FNIF AL T W WA T DL HVD
IR SEEW)

3D

(5) Averaged Hausdorff Distance(A”)

1 T EE TR B Y B 0 A vT RE A (E 5% # (HL, Schutze
GENTUEET IGD M GD B3 T — Rl 5 R R
TENBIPEREFE bR A7 40T Fis

AY(PF,,PF))=
max(GD, (PF,,PF,),IGD,(PF;,PF,)) (35)

AP BN TR SRR RE F . BOE PR AE AL T e

WA T A FREE 1Y A? B 41 Ny
1 o

E:?ZAIP

3 BEBT UL ERESR AR I AR A LR 4
T GRS T AT PR RE VO 45 bR, KSR 3 T
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GD R ET IGD I 5 R 45 47
=3 EBEIER
R Ty i Bk & A&

D MOPSO, QICCA,OPMOEA/D,PDNNIA,DMS-RM-MEDA,

1 1 A*\\‘ SR, Szt 4 7] B
GD IM-MOEA,/D. DEE.DMOEA HUE i i Pareto Hij iy & A1 ] &
T SC U A 4%k Pareto R HY B 01 4 ] 5
Eiskan VD siiline D-COEA HUE A A Pareto fift 4 O A1 )&
VD yeighted DMO-EGS HE A A Pareto g4 8 1) 0] R
C/(A.B) PSDMIO, DCMOAIS
DVEPSO,DMOPSO.CMPSODMO, TD-NSGA-11. QICCA,
S PNSCCDMO, PSDMIO, OPMOEA/D,PDNNIA,SGEA, —
DMS-RM-MEDA , MDP-PSO, DCMOAIS
EZ2=2 i3 Sy A DOMOEA-II HB A FRifE Pareto | T C 5174 ) £
Eiskan MS TD-NSGA-II, QICCA, A-Dy-NSGA-TI LU3E A bR Pareto R UY T 21 1 ) 551
MS yeighted DMO-EGS HE A bR e Pareto | IF & 51 ) 5
CS DMOPSO,DCMOAIS, DANE-EDA —
DIR
CMPSODMO, TD-NSGA-1I, RM-MEDA /PRI, PPS-RM-MEDA
PNSCCDMO, GIPS-RM-MEDA , NSGA-1I/DE-+DSS, MOEA/D-KF,
IGD CKPS/RM-MEDA ,PDMOP,SGEA ,DMS-RM-MEDA , MDP-PSO, 3G A i Pareto By E 111 [n) 55
FIOPPS, MNSGA-II, ADI, A-Dy-NSGA-II, IM-MOEA /D, Tr-DMOEA,
. DANE-EDA,SVM-DMOEA , DEE-DMOEA
LR TR IR
HYV DVEPSO —
HVR DNSGA-II, TD-NSGA-1I, PDMOP, A-Dy-NSGA-11 3% A kR e Pareto B VY B 1) ) 15
HVD RM-MEDA /PRI, CKPS/RM-MEDA .SGEA . MDP-PSO, FIOPPS HIE A kR e Pareto BT B 81 14 i) 5
AP MOEA/D-KF HIE A br i Pareto §if iy £ %01 9 ] &
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A1 A SRS HE T 5 Bl 323 DMOASs 1
B BE 4> B J& DNSGA-TI-AMY , DNSGA-TI-BHY
FPS-RM-MEDA ( FPS-based RM-MEDA)'*, PPS-
RM-MEDA)™? Fi1 SGEAP™ il i 53k £ FDA &
FF DMOP 251 1 Jir A i) 85, 336 260 3 bR 45 1) 21 25
R AR R A S

=2
n, T
Horpron, RBEA LB RE, o REATELN
R T DN R AR A () PR AR A TR Y g
BV (o omp) B EH (10,100, (15,10),(20,10) ,
It H A BRI AT 20 YOk 4 i 5256 25 By T
5 EE.
6.1
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(1) DNSGA-II-A
DNSGA-II-A & H NSGA-II fE AR £ H 5
PEAL SR L 2R 0 20 IR R AR 1 5 BE DL T390 s 1k —
oA B RS AT BE R B PS 1 — 34 -k
752135 #5551 0 16 B

(2) DNSGA-II-B

DNSGA-II-B [6] ¥ % F] NSGA-II 1E h H A £
H AR AL 2 A I 2 3R 85 K A= AR AL IS % 24 i) 26
B PS ity —3Bor A AR EA T i A8 S AT X B 8 AR
A8 e

(3) FPS-RM-MEDA

FPS-RM-MEDA * H RM-MEDA g hHiA £
F AR AL B3 s [RS8 31 T — Ffais i 3000 AL ) FPS
ok 38 R PR 85 A8 Ak % U AL A AR M4 AR B AR b
S I B ERBE AR 46 AR T B ARG = A Ak
it B BB (Auto Regression, AR) FI| ] JJj 52 5
LTI 1 A 24 PR B A 8 43 E S C AR DL R A 1Y
T 53 BT 119 B AL

(4) PPS-RM-MEDA

PPS-RM-MEDA [E)#£% FH RM-MEDA fE ;3
A2 B AR S TR BT T — 5 T R Y 10
WML PPS i )i 36 355 45 4k, PPS $ili ik 4n R . A
BA3 Ay epts s RURIE B S B 10 A JLAS o a5 7T LA

U 7 A T Ak 2 1 F s i T S 220 A B AT
JH SR 0 77 A= 5 st 220 149 3 T & )P 0000 45 3 ) v s
SMTREIE BT LA Az i st 20 1 490 B ol

(5) SGEA

SGEA DRz 77 2RI B5 458 748 A6 - i 7 B4 358 2%
A 250 B R 58 A AR IR B R 5T 400 4 AL iR AL AR
R s — R A AR 24 A ER I R o A B AL 55
— R A AR T e e O 1A% B0 5 1) RS gl 28 KR T
=
6.2 ZHIZE

SRUICRFSITE S0 - NEE SN cE
e 4 Jron. 8 T HOEL S B BE 2 R A ok
FE 506 B A MR R A I B 85 1 A2 AL

x4 SHRE

Hix BHIEE
FREBLAL . N =100
B,k ) 58 AR pe = 15 38 ) A A
DNSGAII-A B =10
DNSGAILE %Iﬁiﬁﬁ%%ﬁ:pm:l/n;”yﬁﬁéj\%ﬁ%%(:
-

BB 2 FEHE ST HL B - 20 %6 (DNSGA-TI-A)
A3 5 Z R PEB] A B 40 26 (DNSGA-TI-B)

FhEERLEL . N=100

AR BEIRIGBy : p= 3 5 I i) J 51K 3 - M= 23
T A5 AN B 3 Cm 1) 5 1910 A 0 ) A 2R
P=0.9

FPS-RM-MEDA

il BLE - N=100
ARMERIFIBr . p=3; B M7 HICJEE - M=23

FAEHLAE . N =100

AL, 5k 52 A 2 pe = 15 38 A3 A 4
$ap =20

ZIAL TR po = 1/ns A8 5 53 AT 58K
=20

PPS-RM-MEDA

SGEA

6.3 KIWHR

FATRA IGD.SP .MS . HVD UL} GD R¥EH
A S A PERE . X T AR T3 ek B B A S A AR
FPERESR AR N YEREHE P 45 R W3R 5 o, B ik
TEBRRIPERESG B T 1 52 B0 45 5% UL Ff 5 B.

U A R LWL B ROk UL SGEA M RE R 45 .
FPS-RM-MEDA 1y J& % —, H ik & PPS-RM-ME-
DA. & J5 DNSGA-II-A #il DNSGA-II-B P fg #H 8 .
RIASA R, thR 5 7T LUR AR B L 7E A
[ 00 1€ o5 5 4 TR BE AT BT 22 S B A B TR BE S AR A
JIr A I3 R K B ARSI R G
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HUREWESE' Rank IGD SP MS HVD GD
Ist SGEA SGEA SGEA SGEA SGEA
2nd FPS-RM-MEDA DNSGA-1I-B DNSGA-II-B DNSGA-II-A DNSGA-TI-A
DMOP1 3rd PPS-RM-MEDA DNSGA-II-FA DNSGA-II-A DNSGA-II-B DNSGA-II-B
4th DNSGA-1I-B PPS-RM-MEDA PPS-RM-MEDA PPS-RM-MEDA FPS-RM-MEDA
5th DNSGA-TI-A FPS-RM-MEDA FPS-RM-MEDA FPS-RM-MEDA PPS-RM-MEDA
Ist SGEA SGEA SGEA SGEA SGEA
2nd DNSGA-II-A DNSGA-II-A PPS-RM-MEDA PPS-RM-MEDA FPS-RM-MEDA
DMOP2 3rd DNSGA-II-B DNSGA-II-B DNSGA-II-B FPS-RM-MEDA DNSGA-TI-A
4th FPS-RM-MEDA PPS-RM-MEDA DNSGA-II-A DNSGA-II-B DNSGA-II-B
5th PPS-RM-MEDA FPS-RM-MEDA FPS-RM-MEDA DNSGA-II-A PPS-RM-MEDA
Ist FPS-RM-MEDA SGEA FPS-RM-MEDA FPS-RM-MEDA FPS-RM-MEDA
2nd DNSGA-II-A DNSGA-TI-A PPS-RM-MEDA PPS-RM-MEDA PPS-RM-MEDA
DMOP3 3rd DNSGA-1I-B DNSGA-II-B SGEA SGEA SGEA
4th PPS-RM-MEDA FPS-RM-MEDA DNSGA-II-B DNSGA-TI-A DNSGA-II-A
5th SGEA PPS-RM-MEDA DNSGA-TI-A DNSGA-1I-B DNSGA-1I-B
Ist SGEA SGEA SGEA SGEA SGEA
2nd FPS-RM-MEDA DNSGA-TI-A PPS-RM-MEDA FPS-RM-MEDA FPS-RM-MEDA
FDAL1 3rd DNSGA-1I-B DNSGA-1I-B DNSGA-1I-B DNSGA-II-A PPS-RM-MEDA
4th DNSGA-II-A PPS-RM-MEDA DNSGA-II-A DNSGA-II-B DNSGA-TI-A
5th PPS-RM-MEDA FPS-RM-MEDA FPS-RM-MEDA PPS-RM-MEDA DNSGA-1I-B
Ist SGEA DNSGA-TI-A DNSGA-II-A SGEA SGEA
2nd FPS-RM-MEDA DNSGA-II-B DNSGA-II-B DNSGA-II-FA DNSGA-II-A
FDA2 3rd PPS-RM-MEDA SGEA SGEA DNSGA-1I-B DNSGA-1I-B
4th DNSGA-II-B FPS-RM-MEDA PPS-RM-MEDA FPS-RM-MEDA FPS-RM-MEDA
5th DNSGA-TI-A PPS-RM-MEDA FPS-RM-MEDA PPS-RM-MEDA PPS-RM-MEDA
Ist SGEA DNSGA-TI-A SGEA SGEA SGEA
2nd FPS-RM-MEDA DNSGA-II-B DNSGA-II-B DNSGA-II-A DNSGA-II-A
FDA3 3rd DNSGA-TI-A PPS-RM-MEDA DNSGA-TI-A DNSGA-1I-B DNSGA-1I-B
4th DNSGA-II-B FPS-RM-MEDA PPS-RM-MEDA PPS-RM-MEDA FPS-RM-MEDA
5th PPS-RM-MEDA SGEA FPS-RM-MEDA FPS-RM-MEDA PPS-RM-MEDA
Ist FPS-RM-MEDA FPS-RM-MEDA DNSGA-II-A FPS-RM-MEDA FPS-RM-MEDA
2nd PPS-RM-MEDA SGEA DNSGA-II-B SGEA SGEA
FDA4 3rd SGEA PPS-RM-MEDA SGEA PPS-RM-MEDA PPS-RM-MEDA
4th DNSGA-II-A DNSGA-II-A PPS-RM-MEDA DNSGA-II-B DNSGA-II-A
5th DNSGA-1I-B DNSGA-II-B FPS-RM-MEDA DNSGA-II-A DNSGA-II-B
Ist FPS-RM-MEDA SGEA DNSGA-II-A SGEA SGEA
2nd SGEA FPS-RM-MEDA DNSGA-II-B PPS-RM-MEDA FPS-RM-MEDA
FDA5 3rd PPS-RM-MEDA PPS-RM-MEDA SGEA FPS-RM-MEDA PPS-RM-MEDA
4th DNSGA-TI-A DNSGA-II-A PPS-RM-MEDA DNSGA-II-B DNSGA-II-A
5th DNSGA-1I-B DNSGA-II-B FPS-RM-MEDA DNSGA-II-A DNSGA-II-B

7 BMEEZBERRUEENEA

AR EEANE T DMOAs [ 56 0 F 52 6. R
EATAEVF Z 9P i) DMOPs. fH 22 0 DMOAs
Je AR AR S B 1] AL HEA T A 11
7.1 = E

T S A A A 1) R EOR R G AE A e
DU A A 2 20 B0 R A SE B CELAS AR T
D). SEbr byl T RGBS R AR R S8 AT RE
e I 11 g A2 AT A2 A DRI S T 0 PR B R 4 4 g
R N TR e B A AT BOE I RE 7. DA 3R AR R
RG] it BB ) B 4 e R B 2

SR o B30 58 B AR e 0 4a ) 2 8O0 % B
FI3E N R % . 2004 4F Farina 5 N\PHRH T —Fhah 25
s il e Ak 1) g B 2 285 L ] AR 43 43 (Proportion
Integration Differentiation, PID) 5 il #§ £t 4k [n] 31,
H T AMNE R 2 A5, LA PID 58 6 28 45 R 5 61 T Bt
4 T R S8 9 2 50 7T RE & AR U L O HOZ A 1 &
GEI 25 AP RE S bn 2 8] 2 A0 B P 2 1 B, PID 45
il 7% 19 2 Bt Ak & — 4 DMOP. {H & 45 & 3 B A 2
BRI 5320k fif DX A~ DMOP. 2011 48, 85 5% 45
BT T B R T — e A ) R G ok A
AT EAH Y PID £ i 8% 19 2 B A 1) 2. 52 55
BRI R T DMOA By 6 Rk JE A
B AT PAR ) R Go k. 2013 4F A B R SF NHE
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B VR K $ 0 S0 R 4 e Ak i 2t 5
B X Ll o A 28 e B %) B33 AH X R 16 g R 4

I A AR A H A I e T i i
T T SO BORE 1 7 o R . H AN 2 7 H bR CRP
7 g R AR AL 6 TORE 1) S ) 2 A B P S /Y 9 ozt
FEBE TAE S AN T A5 40, 9 G 75 22 sl 45 i p b i
AL R DL 4R 3] Bl B ] 42 fk ) Pareto f (R fif. 2013 4%,
Kong,Chai, Yang Fil Ding $2 i — Fl & 4 DMOAM",
T R i 8 B4 ) B PR R AR AR, RO 2R ) §
Bilf . 48 TR HE S UE AL IR A8 2R L T HLAE B R R
P8 B8 0 T itk R A 7 ok R b AR [ L DA S
S50 LUE Bk 0 22 i nT LA 5 MOEAS
Xt PS (36 B 68 77 88 )5 il a2 MOEAs 19 1 1k fii X}
FLHEAT OO BEA R BE AR O L3R R A

W T AEAE bR LA & — > 3 1k n]
Fe 28 H AR RS B 5 A0 AN R B kA, OF HLUBL
SR RN S R A E VT 2, i A g
J1 8B AT I E] 0 A8 Ak 3k 26 A28 fh A 1 S BUOERAE 4R A
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Background

In real life, many optimization problems involve optimizing
multiple objectives simultaneously which are in conflict with
each other, and the objective function, constraints or related
parameters may change dynamically with time, such a
problem is called as dynamic multi-objective optimization

problem (DMOP).

DMOP has uncertainty, so when the environment changes,

Since the optimal solution set of the

how to quickly track the optimal solution set of the new
environment is the difficulty in solving DMOPs.

In recent years, more and more scholars begin to pay
attention to the research of dynamic multi-objective optimization.
This is because dynamic multi-objective optimization has
important theoretical research value. and it also has a very
wide application prospect in many aspects of real life and
industrial production, such as transportation management,
energy saving and environmental protection, production
dispatching and so on.

The characteristics of DMOPs changing over time have
brought great challenges to solving DMOPs. Algorithms
should not only be able to track the optimal solution, but also
be able to quickly respond to environmental changes. These
challenges make it difficult to design effective algorithms for
various DMOPs, let alone design effective algorithms to solve
the

miscellaneous complex practical DMOPs. Therefore,
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study of dynamic multi-objective optimization needs to invest
more energy to explore the characteristics of DMOPs, and to
design efficient algorithms to solve various theoretical and
practical DMOPs.
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In this paper, we give a brief review of the dynamic
multi-objective optimization. (1) This paper first introduces
the relevant theoretical background of dynamic multi-objective
optimization. (2) This paper summarizes the existing benchmark
functions. (3) Based on the simple analysis of general frame-
work of solving DMOPs, this paper discusses the research
status of the dynamic multi-objective optimization algorithms
in detail. (4) In this paper, the performance metrics are
classified and introduced in detail. (5) This paper compares
the performance of some mainstream dynamic multi-objective
(6) This paper summarizes some

of
optimization algorithm. (7) Finally, this paper proposes the

optimization algorithms.

practical application cases dynamic multi-objective

challenges and the existing problems in solving the DMOPs,





