CERUE T (= Hl ¥ B[ Vol. 44 No. 8
2021 4F 8 CHINESE JOURNAL OF COMPUTERS Aug. 2021

ZHiRHALEZERITEM IR REIR

Em»jﬁ?” /EE —,,‘321) EBE/E\AZ) E’S‘%%O)
DO TAE R LR 2 S E AR BUM 310023)
DI E M 31112D
PO RFHE R SEARE b 310023)

B B Z AR AR RE T O 45 bR A i T &5 NG R BRI AR B U R ORI R A R B
BENE = J7 TR P 0 3 T i 4 1) A B 19 A0 5% A i 2 X6 S A0 45 A B30 1 TR 9 0 A S SRS B 48 A 9% 8
REAR I 23 00 I 2 THRCE AR SR SE AR 2 FE RIS AR (ER A PR b, P T RO AR 8T 49 5 15 4 2SR A9 A A B bl
151 WSO S i o i iR 4 5 2 25 A RO U AT R L 5 20 P e 7 8 0 A 1) 34 50 R B8 5 RS A i (L ) RE ) L OF 1R

T2 B 53 g 3 AT PG A L A0E SR8 P A A [ T A8 6T VP A R S P B ) 45 S SOV R 2 R A L O 5 0E TV

BB 23 S 38 T b R TR AR A SCRTEE 3B T 77 T8 b 0 2 25 4 L LU e s ) T Ik () 52 2% 2 O DA i 4 L A o 1o
P B RE SURE (S5 A B R AR AR B O DO A TR X S 5 AR HEAT T AR ﬁﬁ}ﬁ%‘mi_ PR 148 AR 4R
PET7 ¥ LARE X AN R R8T B A2 20 )AL ) B T 2 b R AL B8 0k P RE BTN AT 15 1 — 2B B S 9 D .

KW L HAMAL AL PP b5 s e SBrE s Z2RE 4
HEESES TP391 DOI S 10.11897/SP.J. 1016. 2021. 01590

Survey on Performance Indicators for Multi-Objective Evolutionary Algorithms

WANG Li-Ping” REN Yu” QIU Qi-Cang” QIU Fei-Yue”
D (College of Computer Science and Technology . Zhejiang University of Technology . Hangzhou 310023)
D (Zhejiang Lab, Hangzhou 311121)
9 (College of Education, Zhejiang University of Technology, Hangzhou 310023)

Abstract  The performance of multi-objective algorithms is evaluated by indicators, which mainly
take three aspects into considering and focuses on the first aspect: the quality of the solution set
obtained by the algorithms, the efficiency of the algorithms, and the robustness of the
algorithms. Existing related work lacks mathematical analysis for indicators. In this paper, we
categorize the indicators into four groups based on performance criteria: counting indicators,
convergence indicators, diversity indicators, and comprehensive indicators. The counting indicators
tally the amount or the ratio of non-dominated solutions or elite solutions that satisfy the criterion
of the metrics, there are two main differences of counting indictors and non-counting indicators.,
one is whether the range of indicators is discrete, the other is whether the values of all objectives
are only used for comparison but not directly participate in the calculation. The convergence indicators
evaluate the convergency of the solution set mainly by calculating the distance of the solution set
to the approximation of Pareto Front or the reference set, univariate convergence indicators
evaluate the closeness between the solution set and Pareto Front, and binary convergence metrics

evaluate the closeness between two different solution sets. According to property, the diversity
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indicators are further divided into distribution indicators, spread indicators, and indicators measuring
both distributions and spread, the distribution of the solution set considers the uniformity in the
objective space, and the spread of the solution set measures the capability to obtain extreme
solutions. The comprehensive indicators evaluate the convergence and the diversity of the solution
set at the same time, which are further divided into general indicators and special indicators by
scope of application, what’s more, special indicators include that used for user-based evolutionary
algorithms, dynamic evolution algorithms, and multi-modal evolutionary algorithms. We also
illustrate the reference set, the comparison function, and the time complexity of 77 indicators.
Specifically, the reference set is used to assist in the calculation of the performance indicators
value, the comparison function can tell researchers whether the value of indicators bigger is better
or smaller, and the time complexity reflects the difficulty to calculate the indicators. Then we
analyze some indicators from four aspects: (1) many-objective adaptability, whether the indicators
are applicative in high-dimensional objective space, (2) outlier sensitivity, assessing whether the
values of the indicators are affected badly by outliers, (3) reference set rationality, discussing the
reasonable range of values for the reference site, (4) value optimality, some mathematical work
for the optimal value the indicators can reach. Through these analyses, we offer approaches for
researchers to choose the right indicators to deal with complex problems under different circumstances.
Finally, we end up with discussing some directions about performance indicators that show
potential from nine different aspects: comprehensive indicators without any prior information, a
new type of multivariate indicators for evaluating the performance of multitasking optimization,
indicators used for many-objective evolutionary algorithms, performance measurement in large-scale
optimization, the evaluation of the robustness of algorithms, novel indicators used for user-based,
dynamic and multi-modal evolutionary algorithms to overcome the deficiency of the existing indicators,
and last but not least, research on the mathematical properties of performance indicators.

Keywords multi-objective optimization; evolutionary algorithms; performance indicators;

convergence; diversity
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Fe bR R 40 R ECER bR IS R AR L 2 R PR R AR 2
BIEFE R

(D IBHE bR, XIS #AE S i L4
FE LR AR ST 1 B0 5L 7).

(2) WS 4R A5, X R I8 ARl it Pareto 3 M i
i 4E S B E 5L Pareto B WY YIS T FE .

(3) ZREVEAR bR, Z FE1E AT DL — 20 X 2 O i
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H\fk(z”“‘[>—fk(z“)|
k=1
Hirp »*=min fi(x") , 2" EPS, i€ {1, m},z" I,

FE 15,2 AR S 27 G L 1) AN

AR — ML S Ml A E BS(E X 13) 55% 5
() AR R PP A T AR A S WA A T B
R 4 A TEER KA R AR LE S 11 LE B R AT
MS Fl OS Wit B R 42K Om| S| M, Wit AR
ZREEH OGn|S1*) . SLWTHEE A OC[S|" D).
3.3.3  [vi) F A ok A A 1 R AE R 1 1 22 R P SR AR
Deb %5 N HE A By JERE EARE THEAR A

Sl—1

d,+d+>) |di—d|
A(S,P)= ks

— 69
d;+d,+(S[—1d (69

Horp d R WA SR Z R AR . d & d
B, He LR T AP d S5d. 51 A d, M d, &
R TR RE SR, B A R R R AE S
5 Pareto 1 5 Z A e /NI S A AT A" —FE i
T 2 419 B bR AL ) 25

Zhou N HE M bR AT R T 3 LE 1 1
VI d, T A B B i PR A TR d I e
TRF dMd w8 LT

|S|

Ed(x“"*,S)+E \d,—d|
A (S.P)="* = (70)
Zdu WS+ |Sld
;H\:EFI d(l‘”’*as) _rnelI;IHf/(l 1k)_fk<1) H 91'“1%6

PS.HFRIIETES & > H AR L Pareto 11 5% 51 21 fif 4£
S W /MRS AT d TR T

d;= min ([|F)—FG)I) (7D
‘1.] 6 sz’ / 1.]

Ibrahim % AP 48 ) T 28 M 45 46 (Line Distri-
bution, Ay )« FIZEC B4 L0, 11 23 (0] 24 5 4 4] 43
BT N S5y LIRS

18]
mem, F.(2)]
e (S,3) =1 3l (72
DAL (S
A (S, ) == —~ (73)
e F L B AE F JC 77 H13E B 5E Pareto Hi¥ {5
LAAT S A BUNMGERRREE S I 2R A S

A E’Jfr%i YEXIN OGn| S|P +m[S]-|P[)=
OGn[S[ | P AL B EIRE N OGn|S|9).
Cai 85 N2 T DIRH M ASBCE ) 46 H

% 1450 MR AR T M —1 £ 5 SRR
1< ,
 DIR* \/S|Z(c;—mean(c))
DIR(S) DR \M\ (74)
max S —
TSI VIST—1
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Horp e S Wm0 R B B R o Bl 1AL
[ S|

TR mean () = 157 ) e DIR BLAMU M
£ S R TR EZE R OGn| S|« [ M]).

Wang s U HR Y 4l #E B 85 (Pure Distance,
PD) i X} = 4k H x5 1 4k 7] Y ( Many-Objective
Problems,MaOPs) ., @it 58 M « 5% S i A
DL BE Sk Ml i iR AR WY 2 AR PR . 8 LI

PD(S) =max(PD(S—2") +d(2',S—2')) (75)

€S
Horp d W5 77 0 F
d(z,S) =min(dissimilarity(x,x'))  (76)

Hor dissimilaricy BT S AT LS 0 SCHRL79 ],
PD MR R MR S ZHEMEMAF, PD (1152 24
N OGm| S|5).

Jiang 8 NI T HV, , FEB R BT Al i 48
S W Z AP KSR S B BN KM Pareto T LHT
WG FE T HV H RT3

HV, 1357 XA 9 Bros . B 523843 1 B

(b) MR ERER
B o 54k HV, B0 7 2om 8 0

HV,7E 2 48 MOPs F{E. 9 Ca) i BB i R AR
il H2 2 BRI T8 9 (b)) Y B R T B /)N ik 4 22 B
PR 2. T B Y . HV, TG 2 i e Sk G i
x TR AR MU Z (B RE 2k ER8 B i OF A 2
B HV, A e HV AU A] fy i 20 R ESR G
PEFEAR. HV, 8 RACR B E S Z R8I HV, 1Y
WREERE R OGn| S| ).

Tian &8 A" 4 T Pareto §i ¥y 2 3 71 [
(Coverage over the Pareto Front, CPF), CPF ¥ f#
S h R« Bl Pareto JT AT b BE B %
ST B, IR B M 4R ST B B — 4 1 s e
TR R 5 J5 M 7 R 0y B 5 =S [A]. CPE 5
HIIE H 5L Pareto BiuT A5 S HAE B RICKR ML S
) ZAEPE G T [ P> | S| O R R A8 Ny
OGm|P|*).

AR B A — ST IR RN I IR ) ZRE R AR
s H A 3 F WA 9 DT DCTPY fit M-DIF o H
P 223 ] 8 57 b 0] 43 B T DA O AR 40 X A% 1N A 114
0 O A i i B 0 22 R I 5 3 T A SO A 6 AR ER
FCES™ 58 3 5% mi oA B0k Al T e 42 5 B I 5
Shannon pF £ 15 A (5 B0 5 38 T/ B2 19 48 45
D, R DS g5 T R SR AR [ T 22 R A
PRSI BT — 21 2 5 R S S 2 ) i DL
T3 R S e 2 15 25 o) 1 Le 9. e AT A ka2 E T
ZHOELABOE Bt 58 24 B s e AT 48 bR R
ML S ZFEME BT
3.4 ZEHEER

LE5 TETR b RE A% ] I 4 5 ik A2 i WSl v S 2
PE. 5 SITER LR G IEHE R B B IE T 46 S,
BREME SRS Z M EILTRE S, . I
A A BELE I AN I fig L [F B AR TR 4E S..

3.4.1 EMMEG AR IR

Coello Coello 25 AP F 2005 4EHE H T 254
Febr R HEACHE B IGD, 1158 19 /& Pareto ST RIHTVR P
FEASH SRS oM B AR R RT3 R
2. 1GD §5E LT

S
IGD(P.S) = (;1 7
ﬁ$¢=¥waﬁemﬁLﬁeﬂ¢ﬁ%%%
Pareto LRI P LS % S p SERIEMNF 22
Ji] F R =B
TE 451 LA K AE R T Matlab f§ MOEAs ¥ &
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PlatEMO"* ) BLA WA o, 763155 1IGD i 34 48 F
Do X B A R =B R B T, A Wi S HE GD sE
X IGD 9 A

| P| 1

(D)
| P
10 4l 1T GD 5 1GD B35 77 Uk 22 311
GD Z WS s bR 1M IGD 228 G P4 br . X 2 H
WA Z AR T AT, GD KSR v] LS B 42 47 1Y 35
PRAE. T IGD & 7> 2 % i A BRI (E, 25
IGD Fr g BH e 2%

A
h

\/

(2) GDIHHE T 2UREE

A\

(b) IGDIHH TR
B 10 GD 5 IGD i RERE

Czyzzak 5 NV 78 IGD $2 A 7 4 A0 5t 42
th 7 Distl, i+ 5 F LM T IGD, AF Z &7 T
Dist] 71509 B 2 2 5 H b i e KAE -

|P|

D1 (P,S)
. =1
Distl(P,8) =5 (79
¢ (P,$)= max {0,w (fi(p)—fi(a))} (80)

Ho w, Ay Pareto Hij T 7E % H br b 5 K AH 115k,
AT I3 — 1k i1k,
HIFERINNS -

IGD(P.S.1)=d(P,S)#Dist1(P,S) (81)

BRENSH SRR IGD AR 2 2Z A2
T GD A& 11 FR iR 5 S, i fif 34 % fig 5 S
(i S 4 S R T4 S, o (R 3 He
B IGD H &3 AR 45 ie.

10

O BHE
9 F O fi#fEES,
@ LS,

7
6
h5F
4
3
2

11 IGD R 2 A

IGD" "R T ER AR IETRE S E S p 5
il MBI T AR Sl E R E LR .
7

IGD*(P,S):ﬁ (82)

[P
Hd" = Z(d*)z e E /ML TRE N dF =

pilspEP,ELL, oD YRS B
M AE R A5 2 Je KK ) xi s
peEPE(l,.Did WA FTRTS% 3.2
A 3.
&l , Dilettoso 258 AN 42 Hy T 3T 81 (Degree
of Approximation,DOA), i[5 F:5 IGD™ #H[F.
Ibrahim 2 A2 321 T H A% IGD(Objective- wise
IGD, ObjIGD) , #1455 i B 2§ I 25 H A% i 21K -
2 min| F,(p) =F.(2)|

max{x;, —
€S

eyl di=m3§{p;—

ObjIGD, (P,S) =267 "%* Bl (83)
2 ObjIGD, (P, S)
ObjIGD(P,S) =" (84)

m
Tian % AV H& T K0 3E 5387 19 IGD 45 45
(IGD with Noncontributing Solution detection,
IGD-NS), & LUF
IGD-NS(P,S) = med(p,r)ﬁLmed(Iyi))
e T (g5
He d itB Rk 45 STPuaTAS S
IGD B i+ 5 i g . RIFE A ] IGD-NS B fig 4 S iy
T 2 SR E B A
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Schutze % NPV TP HZEM 2 RE®E A, ,
ZAetrgE S T GD 5 IGD, & Xn'F .
A, (S,P,q) =max(GD,(S,P,q) ,1GD,(P,S,q))
(86)
UHU{{:L P R = 1,0
|S] N
WY R B0 1S Z 05 S 1 GD (E 23/, HA -
\l{i%rE‘GD(S,P,[)):O (88)
(B 656 o 177 36 GD (1K 2 B2

Ko f B O L 1GD [ HE R e e GD 5 1GD
y GD, 5 IGD,. EATH & o5 h

R « 5 Pareto j

GD(S,P,q): 87

GD,,(S,P,q)=<‘S| > mind* (r,p))' (89)

s rEP

Hh S8 g AT ERER A, q BRI A, X5 253
’J LR . d TR R 2 B R
Van Veldhuizen ™ $& H T 25 & ¥ 45 5 5 K 44
i® & (Maximum Pareto Front Error, ME), 8] D/ [f]
B Ll 3 A 4 1) O R R S R LT R R o
#l| Pareto I IFTHY P P AHIE A IE S 7% i p MIFEES
I IOH o (8 e KABAE A48 AR . ME (958 LAnF -

1GD, (P.S.q)= |P‘E mind’ (p.o) )" (90)
P

ME(P,S)max«/minZ | fi () — f(p)]* (9D
pEP T€5
Czyzzak % \PY 32 1 19 Dist2 5 ME 2441 .
Dist2(P,S) =max(min >} | fi () = fi(p)| ) (92)
r TES p
WA E L ME [ R IE
ME(P,S,)=max(min > | f,(x)— £, (p) )" (93)
pEP xeS ;T

BRI KR
ME(P,S,l):DistZ(P,S):r;léif),((d(P,S)) (94)
IGD.IGD" , ObjIGD,IGD-NS. A, . ME,DOA
Distl,Dist2 iX 9 34 46 b5 09 B B/NMUR L S
LG TR, e A1 75 2 HE B 58 Pareto Hi iy
HR BN 2 OGn | S|« [ PD.

Li % AU 4 T 1 BB X E 48 AR (Performance
Comparison Indicator, PCI), PCI & — 4~ J& & 138
H 52 Pareto A {E B 19 n 63547, & 314 MOEAs
KA B 4 1 IEAT FSE L AR B 7 b 20 ) AR AR
RAEASH ST A4 *Tﬁ PCT /MRS S 1Y
R A A

RS bR HVE @I% f18 2 A R B SCE 1Y =S

)57, e, /] Bk Sl #8 b SE% (Size of the Dominated
Space,S). HHE I T . SH w2 W e 5 5 kS
2 CGEX 15)H XK. HV FE X .

IS|

HV(S.2™ ) =volume(J ") (95)
i=1

Horp R H AR 2 55 % 52 AR X A
LA L B S T A B AR volume (') 2y
volume(c') =
Jg(zk’*fk(x ) VG — fi () =>0) (06
10, Fe(z — fr (2" <<0)
KOOKRW THETSH N 2 WAL LB« 1
A2 5 HVisH. HV 17 —Ff&ik N
HV(S,z)= A ( U {x|x">a>2"

" €ePs

Horp A48 1952 8 DU (Lebesgue) W £ HV /31
7 12 P B2 4E 59 MOPs S i), B2
oy A AR HV Y {E.

- A rej
f 1 z !

1) (97)

HEAFHV

PF
=

E[S-ain s

Sy

12 HV it An s i

Fleischer™ JEB] T %t F 45 & 9 H o5 %5 1] f1 2
% i TR R V% AE Pareto HiWT FJ2 HV UG K
E I 7850 5 B SR Bt K HY B 5 SR i
Pareto fifp 8 /& S5 M 1. SCER[100-101 ]38 3o 55 3 &
W1, Mg 4R S ¥ 5 4r i ik HV 4K, B HV B
st B A S 1) AR,

HV AR L Z AT T 32 55 555 m i Kk
K BEE B bnas 84 B2 i 3 ﬁ%ﬂ*f}{@%ﬂiﬁﬁ.
WE 13 FrR L SR S, TEARR S % 4 2 T
HV A 5 30T #8916 L.

B LML Tt HV 3858 B B ko 5 RE
B R AR AR R AE H bR A R 3 A
MR R 8 SR IS A HV B 9 s 80
HHE SBT3 HV W 8E. (A 525 R 2 il i
SRAEI 7 A T — 8 BRSPS T SO Y
HV i /977 120 LLZ 2% SCiHk[104-105].
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Sz Z"f fl ? zrl
f > JT Z l
h
S, 2
(a) fREEZ FEELFHEHDE /N
< xl

A le =
h (535

K13 HV ARz bR EDe

Wu 28 1T T 4 s ) 25 5 ( Hyperborea

Difference, HD), 5 b5 | 31 55 09 o 8 14 1 22
(Hypervolume Difference, HVD) , & X 4T .
HD(S, P,z )=HV (2’2 ) —HV(S,z™) (98)
Horpr 2" =(0,0,+++,0) Jy A bl Jt . 24 3H 5 HD i
TX MOPs i 47 0 — AL #8845, (15 e (kA = =
(1,1, 1) BH R 2 = WA
HD(S,P,2)=HV(P,z)—HV(S,z*) (99)
H1 T 7E S B ] & b A7 7E L 52 Pareto [ij i AR K
1 O P fE ] — AR S5 AT & HV (P, 2™ ) =1, /)
HD(S,P,z)=1—HV(S,z) (100)
P (1000 i 35307 o B, &1 14 R B T 48 45
HD S 254 M 48 b 1 AE W SO 48 Ar 19 B R 9 52 3
Sy BN FE bR HD 76 2 48 MOPs _E () {H. HD i /h
B 14 Ca) H Y i AR 2 AR PB4 H HD 800N
K 14 (b) R4 Z A1 8 22 H HD 8RB ds A
HD 747 i W S ) 1] i n] LA & 22 FE 1.
WA 3R (Accuracy, AC) i 5 1) & f# 45 S V&
TE Pareto Hiiy LA FERE . 8 LN -

1
1—H(S)—HV(S,

2 AC BT MOPs #7715 — fb 4 , 115 5

AC(S,z”f): (101)

ref)

MR 2 = (1,100 1) B 2 =2,
HV AC KRR ML S LA ML HD

IMRFERRAE S &S TR HV  AC T 28
¥ OCIS|" ) HD Wit 8 245 OC P ).
Hansen 2 N H T — R ¥ — oL & s

(b) SR FHEZEEHDELR

Bl 14 545 HD J9Z54 P48 b i JE Sk 48 b 5t 9

br T REAR A R 78 1 2 i 4 S, T4 S i
T ] 2 AR

RI(S,.S,.U.p)= J C(S,.S, ) pGddu (102)

welU

1, u (S >u"(Sy)
C(S,,S,,u)=<0.5, u"(S)H=u"(S;) (103)

0, u (S <<u"(S;)
Hp U RZBERBIES w (SOMNEME S HyER

A PR RAE, B w (Sl)fmax{u(x) s p (W) FoR
H ARG PREL w ) B HE R X]L? Pareto Hij ¥ ™
PR KLY MOPs, 5% B AU 40 1 &5 K (Weighted
TchebychefD A 77, WN7E 2 4E () MOPs H1 4 .

we=kfi+O0—k) [, (104>
Febn R2VW M B 2 E A S IR T4 S,
W E LAE

R2(S,,S,,U,p)= J (u (S)—u (S plwdu

ey (105)
TRhr RV AT R L MEAE S AR AE S, L
He ] 5 SCAnF

R3(S, .S, U, p)= J

welU

uw' (S)—u' (Sy)

(S pGodu (106)
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KA FEAR Rlg R2 F1 R3S B4 R
WA T o5 — M RAE S N I AR TE 88 2 A4 fif 48 I 3kt
o fi 4 Z A B AR B MEST . 31X 6 S R &R A 048 b ik
RAFEME S WLEA ML R1.R2 1 R3 93158
RN OGm S|+ [S, 1), Rlg JR2x 1 R3x [ 3155
IR OGm| S|« | P|).

Fg bR PUOT R X MaOPs [ 25 4 1t 48 k. 163K
fiff 25 4 AR G AL 0] 80 I RS MR SR B 22 L 1GD
5 HV 5 R4 S (1) 2 KM I A7 76 38 K 0w 22 L 46 A
P fiff gl 73X A (] 8, B3 2 Jy 1) 1) & H AR 2 ) 2y
S)HLR 4y A T A ) R« 85 2 M OB
77 1l ] 2 0 PRS- O B BB R AR Py e X
.

M
P(S)=>)+ (107)
i=1 "1

SCof M 7 I o B T BB 0 £
SR B 2 WA AE I T4 = 0. eIy
0 A 0SSR

L w,F(x)
N w TTFC |
Horfw, g 05 1 i F (o) MR o B BAR R R o
BESS @ A R FR R P BRI A S 4
ARy Hat B 2 OGn | S|« M.
3.4.2 PMOEAs % il {2545 H#5 b
1GD il HV 1 9 F 10 25 4 48 b 75 D 4 2
Hirtifb b ¥ 838 H . o 78 PMOEAs A% &
fif 4 S I FEAE. A A A P B 22 R A R
Sk A bR e PMOEASs {739k 38 .
HV-UM"" 38 5 11 5 4 X 38k 9 1) HV Ok fy
AR IR TS BRT . (D 5% 4 S
15 Al D5 A AR 0 2 TR s (2) Ths
HVEE T XA O A8 O 4 DX 38 PN 1) 6 57 T 1 5
(3) VI E BT e i 1 8 S 7 IR AR B . HV-UM 1)
S SLUF

(108)

HV-UM(S)=HV(S,2°")
Hri 20 =2'46, i€ {1, ,m}.
HV-UM AT T el N e XS5 6
2 il s 2o DX 3 9 LS o B T HV 8 AR 7E D 47 2 H
PR fE. B R ZAE T ER PO SR E R
B Al o il 5 A o 3 P A DU B XS TR A 225 05
R U 36 B P O A7 3 B O S MERA L, A 18] 15 BTOR R
U127 m A P IO 4 IX 80 3. HV-UM #R
RS S TE by XA M 25 45 P gy i 2
ZeE Sy OCIS|" 1),

(109)

A
1o

Tl X 3 ROI

B 15 HV-UM #4822 db o 2 e

IGD-CF-*" J& — A~ JC 75 138 B 5L Pareto [ Vi
5 B0 n JTH8 b5 BB A Pareto Fi I 7 1t % 45 19
PERE . BRI AR T . (1) &9 % MOEAs 3K
A5 B f% B2 K BT A 19 AR 3G R A Ol B S8 Pareto B
T B G A R AR 5 (2) bl D SR 3 P i 41X 5k
248 o A B 4 X 38 (3) 38 2 A LI Pareto
BV T E 55 4 X380 19 IGD 48 5. IGD-CF 19 5% X
mr.

IGD-CF(S, .S, +++,S,,r ) =IGD(S,,+++,S,},S)
(110)
Horb o A2 80 i X3 ROT HE B
ROI={z|2'" >a>x""} (111)
Hi 2 ==, 20 =25+8,i€{1,,m}. 2°H
PR B 47 275 i r " SR I .

IGD-CF % HV-UM WL #FE T e v DLl &
JSCHIT Y 48 78 PR 2 A 4 2 2% a5 85 3 W Al 2 R R ol
RO RS I 15 TR i AL B IGD-CF {5 88 7
BN 46 7 A e DX HL BB 52 G AT U Y 5 T
BK.IGD-CF BRACEK M S 76 M 45 IX 38 N 1 25

ARG AT R O(mH 1S:1).

PMDA" &3 T fff 4 B 5 #0 4 A 2 1) 255 5
PEPPAN SR A5 BT RED BRI R - (D) ¥ i 45 2 %
r BE BT R — L AR bRl S 2
EER s (2) Ay i Jo o ~F 0 B R R 4 s (3D TR
i - #1 J2 F fid B B L OF 158 46 AR 8. PMIDA
MU S e U DX SR N B9 25 5 PRl g HH
BARE R OGm|SD).

PMDA B AE T B A 2N 15 5 s 45 IX
RN ER LRI TIRIR G T HE S 1T R
P (H7E PMOEAs o 2% 18 1 % &4 . [ g 23 X fiff 4k
S A G DX 38N 1) 22 R 2 R R A TR A
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3.4.3 DMOEAs % H 1 & &t fr
DMOEAs & F ) 25 & 8 b5 72 MOEASs i
P25 G PETe A 51 AT 35 T A B0 B e ) AR
¢, THEAE Pareto FiI Y M5 A2 AL AT A9 ~F- 3414
SF-Hy S AR B MIGD™ i LR .

MI(;D(P,,S)*‘,”ZI(;D(P,,S) (112)

Horp T 4% b —1K Pareto Bij iy 22 fL AT G B R — 1K
AR ET Y B A ACK 20 B — > BR 85 b A AR 2
TR MIGD BN S 1254 v by . ot
BEIE N OGn| S|+ | P]).
TR AT MHVE E@fé&(ﬂu?-
MHV(S,.2) = |T| DTHV(S, .2 (113)

teT

FEE AR F2E R MHVD i LA -

| ;HD(S,,P,,z )
(114)

bR b A S AN 48 bR a5 | A B[R] AR
i, BT AR S DMOEAS (19% 4845, W GD,SP,
A, %% ]2  DMOEAs B % 148 b5t ] F T i
A MOEASs 195K fift 38 B2 o B 3 A G 1 b #7525 Fr
SRR S f . I MIGD ] T Stk it B —
DGR T=1, iy MIGD {8 R 1GD ZEAL AL i
T HP B S 20 R B R st £ £k MOPs i 0% 45 31
/N MIGD. JF LLAS SCIA 2l 245 48 Ar ol B R
RO AR B b, DL A R A 4 S TE MR AL
AR R T AR S I 2R .

(ELAS 1 R 2 78 s Ak b A7 78 46 Aol (R R
b %8 (Hypervolume Ratio, HVR) , 5 &5 423 8] [t
F HR AN A HVR ZEF S AL A AL B i 2 S 1A
1 45 MOPs [ Pareto RS 45 K745, H HVR 32
BT HV (P, ) MR KT HV (S, 7).
BAES AL . DMOPs Hi ) Pareto R ¥ 7£ M1, ™
PREZ 8] 5 B AR AR, T HV 32 Pareto BivE TR AR 1 52
Wi 45K, Pareto [if 1y 20 ™ bR B 25 52 159 B 88 K Y
HV .,y [V o8 $ i 45 55 1% 8 48 /N i) HV 6 i
MHYV 5 MHVD %85 5 &85 13% 315, HVR °] DU
A0 Hb fifE R 3K A T AL G AN

HV(819Z
\T\; HV(P, 2" f)

MHV . HVR # kA iR S 1454 i,
MHVD & /R 3R A 55 S 19 45 & 1 B if, MHV,
MHVD it &E E 24 B4R OGm | S| ). HVR {4
HEE R OGn(|S|+ [P H=00n|P|" ).

MHVDC(S,,P, .z )= Tl T

HVR(S,, P, 2"/ (115

BT B T X FREE MRN8 bR b
KTV FR AR 1PN F6 b

EX 17 PFN AR bR W EE. PEAN 48 bR e
MOEA 5¢ K il — K MOPs J5 . 7155 8% i BB FR
R VRN HE AR B T R R AE 0 T

Jiang % ANVOUHR I T R TR ARME T 10E B P 1S
Fr (Robustness, R) , 71 (1 J2& A8 [6] BR 55 45 Fr (19
PR 8 XAnF -

T 2, I=D"

R(I’t)«/
teT

bR ROAB/MURIP fE bR E T 00& HE bk iy,

(116)

T8 A2 2% B B 1 R VRA 1 F A 48 A
3.4.4 MMOEAs & 46185
PR 28 [0 TR A B SO FR B ML o A M 4
B M, FZE RS bR M:D, 20 0 5 H R 2s 8] b g 8
*ﬂ‘ My M, My XT}#
PR 7S 8] N B 28 A AR AR IGDXM 5@ LR
IR |
>
IGDX(R,S) = ";‘ (117)
Hp R YRS RPN SHZE . dITENES %

R M Z7% i p SHEIENE o Z 18 B R 2.
Pareto 8438 it PSP #i £ Yt 3% 2% [a] P Pareto
LR PS RS S Z 1A AL & LA -
CR(S)

PSP(RyS):m (118)
Ho 35 CR & LT .
k 1
CRS=(]]&:)" (119)
i=1
= 8 = 1,
él T?m>7’k H T/« <7’L ET O =
HABAE LT 0, 18 LAnF -
8I7<m1n(1k "kmi_rii‘X(lkn’r] )) (120)
e T Tk

Horp R S % 5 r 7258 e A H
B LB B R AB 5 e ANME o™ R RS S RS K
A B AR RO S /M.

IGDX /MR S 785K 45 (8] v Y i o
U, PSP @ RAR F AR AE S 7E o 3K 25 (8] (1) JiT & B4y
AT EE 2 R Om | S|« |[R|). TR I 4>

T Z - 25 IS B A 5 B O AN A AE LR (Y 22 F
NIHE R — A BHE RS N A (R i 35 2 %
FO AR BN LR XA AT HR R 6 TR A 8 bR
A EAEX
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EX 18, KR A IEM AR s bR 1
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JEE R BE nm AR 22, B8 HV WE SR /N H ik HV
(7 22 R 2 A8 /N, (13X SE PR b I AR R PR A5 1
fift SEHOM R E . £ WEG R30I ) 1 | R A7 A
XFIETE . K A B B b 4k B 5938 Pareto i A
SRS D R B L AE B i, o Pareto i1 AR
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To solve various optimization problems, evolutionary
algorithms should be chosen wisely to deal with different kinds
of problem characteristics, thus how to compare the performance
of those algorithms has become an enduring topic in the
research field of evolutionary computation. In that case, the
importance of indicators doesn’t need to be overemphasized.

The performance of evolutionary algorithms should be
considered in three aspects: (1) The quality of solution set,

including the convergence and diversity; (2) The efficiency of
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algorithms, including time complexity and cost; (3) The
robustness of algorithms, reflecting the ability to solve
different problems. The indicators mainly take the quality of
the solution set into consideration.

We categorize the indicators into four groups based on
evaluation mechanism: counting indicators, convergence
indicators, diversity indicators, and comprehensive indicators.
The diversity indicators are further divided into distribution
indicators, spread indicators, and indicators measuring both
distributions and spread according to property. Comprehensive
indicators are further divided into general indicators and
special indicators for specific problems by scope of application.
Furthermore, we analyze some indicators {from four aspects:

many-objective adaptability, outlier sensitivity, reference set

rationality, and value optimality.





