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Abstract

In constrained multi-objective optimization problems (CMOPs), existing constrained multi-objective
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evolutionary algorithms often struggle to effectively balance multiple conflicting objectives with
complex constraints, resulting in insufficient convergence and diversity. This paper proposes an
adaptive dual-population evolutionary algorithm (DPSCEA), which classifies the overlapping posi-
tional relationships between the constrained Pareto front (CPF) and the unconstrained Pareto front
(UPF), and then adopts targeted evolutionary strategies based on different positional relationships.
DPSCEA uses a dual-population framework: the Pc population approximates the CPF, while the Py
population approximates the UPF. The evolutionary process is divided into a learning phase (clas-
sifying relationships) and an evolution phase (adaptively adjusting parameters and evolutionary
operator strategies based on overlap type). Through an enhanced transfer mechanism, nondomi-
nated and elite individuals from the Pc population are migrated to the Py population, improving the
utilization efficiency of high-quality objective populations. Experimental results show that, compared
with six state-of-the-art algorithms, DPSCEA exhibits significant advantages in IGD and HV metrics,
and the results validate the effectiveness and superiority of DPSCEA in handling constrained multi-
objective optimization.
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TELAEWTE. R REHlIE . BRIR ARG K L B 24 R SR S5 SeBn N A [1], A A 1) R A A [ B 325 22
ZAMEMR B, 23] — RGNS E XL AR S, XML T i 0E 5 R 2 2R 2
H A& AL [7] & (Constrained Multi-Objective Optimization Problems, CMOPs). CMOPs %27 & Xt F -

min F (x) =(f,(x), f,(x),-+-, fy (X)) o))
AV SUPSE
9,(x)<0, n=1,2,3,---
h,(x)=0, n=1+11+2,1+3,,q O]
xeScRM

Fobt x = (%, X %0 ) FHRAITRL, F:S —> R NEFREEL g, (x) B, (x) 5B RE RIS R4 5,
ARERAGH, q-1 XL

RTPERASE x, 1E5R n DML IS AR EE AT BLR A R A k5
{max(o,gn(x)), n=12,-,1

max(0,h, (x)-5), n=l+L1+2q ©

oV, (x)=

Horr, s FoR— M EF/ANIEE, T BIRLR.
V(x)=>"cv,(x) (4)

T M X = (%0 X1 X0 ) » 4 AL OV (x) =0 B, BREAMR T ATAR . 35 2 A 2% P AR
S PR B A W ZE L2 T T B0 MR O FT 47356 o1 CMOPS 2 i A o 1 H AT AL e
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DT 75 380 1R P AT 2 1) A S B — R AR A, T2 20 A BB ATV - AR CMOPs (1) H AR A2 8 B — 4 T 417
Pareto FfLfif, JERHT 203K Pareto BTV (CPF) [2], SEH R UF MO SIORI 20 AT o MK e 32 SR ] B AR Ak 22 A
REVS, [FEBHE—HL W, KR — R IESIE bR 2 A AU . AR — P TR i A
%, BASRRIEERRE S, Jraei i — AT, &G SRR E MR AR A a) . Rt 5 N DA A ) T
RS VL SRR CMOPs, & MR 2 2 H br i ik 57 (CMOEAS) 2 #i 1 £

CMOEA i S i AMZ O 4. 2 HARE LS (MOEA) A Z) H AL FE A (CHT) . MOEAS 7E{iE #fh
REEAC AR PR FEOCHAE A, AR FERBEIR BN, T/ A =38 BETHRARINT . BT 2 R 77 LA
FHEET A T XA EVEAE T A R 2 B A ) U U TR ah R, (A Z AR R R J) .
R HFK MOEASs B 13K fiE CMOPs, R AT Re13 2] —4 AW 28 € AR IMfE. T RBEZR, 2t
FE)T it CHTS, 1% B4 AR AT DLTE T 2 205 (0 fd AN & 29 IR 2 [0 AT IR B [3] - Rk, e AT il
# A MOEAs MM BTk FIFEH, JEA CMOEAS KKfi# CMOPs. [FB, AT ¥4 % 11 CMOEAS 7£
KA T TR RE ST, AT RITR 1 ORE AL ANt ] AR

HAr A2 7eE it AR 1) CMOEASs, {HIEH A& Toi2A RCF H AR 5200 UK 51 2R £
CMOEAs TS Hoi 4], T L5 Sl 5 U (CDP) ) J7vE /T REdd FEAR Je AT AT 1, 208 H A s B [5].
AT FCE T TR ZR A 23K Pareto ¥ (CPF) 5 JC 213 Pareto HiyfY(UPF)2% & LLIE i 1b[6]. UPF $&4t
T HIMEE, WASRHAAZSRINEETFEME SR, HNFHERFHATRES SR DR HEHEZE 535
YE4r CPF Al UPF FhEE, SLILXLAI Y, (FOE & AAERCE /7 BCA & 3RO, R BeE A FALE O R [7].
PRI B SR S PR 2R SO 5 R R 77 X 88k, AHZ 7 VR AT e 2 S R RIS EO SRR IR PR (8]

BT X, ASCHEH EE R XU T AL (DPSCEA), FIf CPF-UPF 8 3¢ 2 1% il e K figt
CMOPs. DPSCEA KHIXUFiiE: Pc M#fiELT CPF, Py M#fiELT UPF. it bR B 2 STH B (fd
GA fil DE AT AR, R R) MM B (TR R HIENRES, WS HORER 2 A RE). M PcFf
B RS AR SCIC SRS S/ MA 2 Py FREE, 12T BARRIH . R DTk a5

(1) B A E N UM EAE LY, I IR0 2K CPF-UPF H & K /MEBL,  SBAxP: Js Ak S

(2) £ HIEN. GA il DE k. SHOH%E K 2 et ints, “PHEIRE S5FIH;

(3) HTRAEAEHLM, UedE Po MR SCHC S B HFRAS S M B Pu BB IEAL

2. BHE®
21, EkiEss

%75 1: DPSCEA M&ARHEZR

N FOEER/AN Ny S KPP IREL FES. 2% ) W BOVR Al ICER o e KPPk 8 7 43 b
Btk B2 RATHTR R AR

1: BRI Pe FE(GELT CPR)AI Py FRE (GBI UPF), AEFMEERIRE N, RSEA & x e R®
2: WA AR E bR R f) ML AR R CV(x) = > max (0,9, (x))+ 2. |h; (X))
3:inLearning < true, cnt «— 0, t — 2N

4: while t < FESmax do
5:if inLearning then

6: PAT I B (H 2)
7. else

8: PAT AL B (B2 4)
9: endif

10; t—t+2N

11: end while

12: M\ Pe FEHRIUITAT AR S AT AT MR E v e & PR
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Bk 1 BRSO EEARNE LS . A SO H ) B O N SR R AL 572 (DPSCEA) & 72 F1 | CPF Al UPF
Z ][R B B 2 2R K CMOPs, & 20 A& i 14 1 Fios o BRI XURPREAE LS . Pe FhE £ E THE T
Y3 Pareto RV, Py FhEELIE TET LA K Pareto BTVR » JEALI 4 N AN B« 2% ST B Ry AL oY B

22. FAMER

HE 2. AW BRI

BN WIIRFNEE Po FHEEAT Pu M EE, 27 ST B BTk CH S S RV Al (R8O 40 B
B WA S Y Pe MEEAT Py FREEAT flag (& 2K7Y)
1: while inLearning do
. _( _ Problem.FE
et =\ ™ maxLearnFE
3: // GA + DE_current_to_rand_1 4R TAR(&—2)
4: for pop € {Pc, Pu} do
gaOff = GA_TournamentSelection(pop, Fitness, N/2)
deOff = DE_current_to_rand_1(pop, N/2, F, CR)
offspring < [gaOff; deOff]
end for
0: Il 55
10: [P_C, Fitness_Pc] = FirstStageEnvSelect([Pc; offspring], N, «_,....)
11: [P_U, Fitness_Pu] = FirstStageEnvSelect([Pu; offspring], N)
12: /I &M F. CR
13:  if success_rate > 0.5 then

N

op
) (HrF ¢, =max CV of initial PC, cp=5)

14: F < min(F + 0.05, 0.9), CR < min(CR + 0.05, 0.9)
15:  else
16: F < max(F — 0.05, 0.4), CR « max(CR - 0.05, 0.1)
17:  endif
18: ifcnt > T and (H #3125 4L < e and flag £2.52) or Problem. FE > maxLearnFE then
19: inLearning « false
20: endif
21:  flag = ClusteringClassification (Pc, Pu)
22: end while
f2 —— CPF f2 —— CPF f2 —— CPF
—— UPF —— UPF —— UPF

AT A7 AT47I

4 ¢ K

0 0 .
A f1 il A4 f1 T A0 1

Figure 1. Classification of CPF-UPF relationship types
1. CPF-UPF X R R 532K

S5 2 NI B R E [ 5 3] S AL P A FRE . LAJIIEE CPR AT UPF Z [A](I5G & o Pe il
R Py I [R] I A FH 180 4% 5102 (GA) B 22 3T AL (DE) % A2 i TARE — 2, Bl JE 4 SRR RE A AR AT
ZXAEI, I P AT RIE R, BT B R BE S ORISR A iGN L, 153 m i
FEAME, OB SCRR Y. TR T AMAZ R P PR ARE B, A5 BT AR AR R, ARAE
TR 0 22 REVEAR B3 S T BE A R 7 F FIAE XORE CR, AR EEAE 2 ST BURAR R o 4RIt AL 2035 2
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I B R SRR, Pe AR Py RS T AT AT MR R SCRC K R A E CPF-UPF X R 1 Fon(A &
Z. PESHKES), P IWNBEHR, HNELME.

% 3 1T CPF-UPF X R KA. 1l JESCHCHE AT P B3 — ATV AR ST AR, 47 Pe MBI ZE
— ATV S ACAR A BRI Pe R 10%, T Po R 28 — R s =l SO AN 2 ) 79 7 R B
FF AR Z I BRACEE B P 35ME s # Pe FREFI S — BT AR SCRCR AN 08 I Pe FREERY 10%, @ TH5
Pe FE IR 5 — AT VR AR S BC A A 2 18] 9 7 Qe B, 30kt 79 1 P 2 K] 10% 1Ak, [RI IR 75 H i P
KN 109 RRRR PR 25 10~ 35 08, 120 B0 v, DLB PRI IR 25 5 K1) 10% MAC N ROy, 1 o2l
BAFH BRI, tHE Py FEFR7E R B MAS, B AER AN S Pe FREEAMASL, S ESE], 4
HSHHIKT 0.8 1, INENEESHN; JBESHE/NT 028, INENBRESHN; JESHEIMT
0.2~0.8 Z[f], AEANTEHRSHEN.

HyE 3: CPF-UPF &R

BN: KN N B P FHEEAD Py R

#ith: flag € {1: high, 2: medium, 3: low}

1:Pc_nd — ESCHCHE of Pc (CV SCREIRSG)

2:Pu_nd « JEZHCAR of Pu (X HARSCIC)

3:if Pu_nd 747 then flag < 1

4: else if Pu_nd 22/ A[47 then flag < 3

5: else

6: combined « [Pc_nd.objs; Pu_nd.objs], labels «—[1...;2...]
7:  [idx] < kmeans(combined, M)

8:  for each cluster k do

9: overlap_k < min(count_Pc, count_Pu) / max(count_Pc, count_Pu)
10: end for

11: overlap « mean(overlap_k)

12: if overlap > 0.8 then flag — 1

13: else if overlap < 0.2 then flag « 3

14: else flag « 2

15: end if

2.3. RILHrE

TEBEAGBY B, AR 2% IR B AT S B G &R, WorhAH B (V8 AL SR IS SR 32 =1 H AR (S BRI 2%, &
Ui 51 SR EEIE, HiZ 0@ TSR ESE, SRS EMLE T, F
B EIENIRR S TT RS, TETEAHY B S N B SRS S50 P, HLR I 48 2 i e 16 2 R AR AT
RIE . Pe MR H 5 2 2 B Bot [8] 1 [ 8 TR & SR AR AR, ANBEFIIF O R, SRIEBHEAS ENE. Py
TR 0 A2 o SR S 2 AR A1 ol 1) 2 28 P R 24 iy 22 BEPEELEAT B & D) 4t

DPSCEA Hy%4E LIRCMOPS JIi [ @ ¥ is 47 W] 2 fros, 1E I B 45 )E, 193] CPF 5 UPF (1)
HBHIRT 0.8, KLHIW & EBEN, EE K BRI & S5 DL AR R 5 A A . Y
AR EMERRSEES, BAURMEER, RIGRWILREFRFIH, DR85S, @4
JRAERRKE B . (R B G, NMBHRA G TR EIE S, W19 2 58 B 0 s 20 ST AT AR AR

DPSCEA Hy%7E LIRCMOPY JUR (] ¥ is 47 ] 3 Frow, 7RI B4 H s, 193] CPF 5 UPF (1)
HEHIZ2 0.5, L HIW g & 8 S 15 0, 7R BRI 46 3 B 15 0 VA SR B Sk 5| SR 1k
HHEEE S T ARBIR R B SR HRE, RAHZRIEREE, FN-FERE 5P E, BRI Pc F
PR PR R A A, EI PR R S E. AR NG, XRER S F# TR RS, W1E
B E R B 20 BT ATV R AE
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Bk 4 ALK B

fiN: KN N B P FEAN Py R, flag

By mEZM RILHT AR

10/ SR AL

:nd_Pc — Pc 1 ESCAC AT AT i (FrontNo==1)

selite_Pc — &4~ B bn EHEF AT 10%H M4

: transfer_set < nd_Pc U elite_Pc (2= )

: proportion « {0.05 if flag=1, 0.10 if flag=2, 0.15 if flag=3}

: BEMLEEL proportionxN > transfer_set MAEIIN Pu (Bt 2 ME)
SN Pe FiEE: [EDETRG S

: Pc_off « GA_TournamentSelection(Pc, N/2) + DE_current_to_rand_1(Pc, N/2, F, CR)
9: /1Py FhEE: MY flag BEZEIR A B

10: switch flag

11:  case 1 (high):

12: with prob 0.6: GA + DE_transfer(Pc — Pu)

O ~NOoO O WN

13: with prob 0.2: DE_current_to_other_pbest_1(Pu, Pc_pbest, p, F, CR)

14 else: DE_best_1 5% DE_rand_1(fK £ #£1%)

15:  case 2 (medium):

16: with prob 0.5: GA +DE_transfer + DE_current_to_other_pbest_1 (% 1/3)
17: with prob 0.25: GA + DE_transfer

18: else: DE_current_to_other_pbest_1

19:  case 3 (low):

20: with prob 0.7: DE_current_to_other_pbest_1

21: with prob 0.15: GA + DE_transfer

22: else: DE_best_1 5 DE_rand_1

23: end switch

24: 1| IREGEFE

25: Pc « SecondStageEnvSelect([Pc; Pc_off; Pu_off], N)
26: Pu < SecondStageEnvSelect([Pu; Pu_off; Pc_off], N)
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Figure 2. Performance of DPSCEA on the LIRCMOPS test problem
[& 2. DPSCEA £ LIRCMOPS5 Uiz [B] @R R 1T 1E 5
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Figure 3. Performance of DPSCEA on the LIRCMOP9 test problem
[& 3. DPSCEA £ LIRCMOP9 Uiz [B] @R KB 1 THE A

DPSCEA H3:4E LIRCMOP3 M il B fiz AT an & 4 B, %M EEH)S, 53] CPF 5 UPF |
BEEIEI N0, BRILHIBONRESFE N, EHEANBCRPUKE S O E L RSk 5 SRRt diL, [KES

Yyt WY R SR Z R B2, UM Pe AR UL B DR, IREEFZIR Pc M IPLALIE /0

» B AR

WS MBI RTT M, HIAT RN AR BETRG, SRS 5 BT #E, R85
BRI RITATI L

o 15 fw@o—
1.5 —e—
= ., S PHATTE T ® DT IR
R o o PR Btk Lar T © PuREEA 1K
]
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Figure 4. Performance of DPSCEA on the LIRCMOP3 test problem
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24. HHERE

DPSCEA [y F I A2 15 > B 5 0 AU B3 AR BT, SEETSE A SRR N FI A
HHOR M. DA R D AR G B I (ESTIARIE AT R, ML, TAVER,
SRBGHEFE B B RERTIOE R SR 00 158200 M O(N*-M ) . O(N-(D+logN)) . O(N?-M).
O(N?-M) o MmN, FARECRE R RUHINEA, BB TS AR

T =O(N?-M)+O(N-(D+logN))a (5)
X T EIEARRECN G AR IR, SRR S AR
Tow =O(N?-M)+0(G-(N*-M +N-(D+logN))) (6)
L B (M N EEL. D< N?), HfEhA:

T

total

=0(G-N*-M) @)

3. SCEESr 4R
3.1. EEXEE 5MR e @

T L VAL AR SRR PR R, R T H TSR e 2R 2 B AR SRR AE X LG APSEA[9].
BiCo [10]. CCMO [11]. CTAEA [12]. URCMO [7]. ToP [13]. MXF-& N PlatEMOV4.11 [14]. il ]
BAEIEEL LIR-CMOP i £E[15]F1 ZXH-CF JliX4E[16]. LIR-CMOP liA&EIA 14 ANt n) &, H
LIR-CMOP1-LIR-CMOP12 A3 H A5 @, LIR-CMOP13 1 LIR-CMOP14 A= H ¥[8, ZXH-CF Jllik
FEIH 16 NI, Hp ZXH-CF1-ZXH-CF12 = H A5 1 i, ZXH-CF13-ZXH-CF16 A3 H bx 7] .
RIR AT, 0T RN R, K AR N BB 100, B R PPl #Ch 100,000 &, BEANEIEET
30 RSB, BUSH G MFRMEEAT L. DPSCEA B S0 B 1 fir.

Table 1. Summary of DPSCEA hyperparameters
%z 1. DPSCEA S HILR

ZH (] Eifipa
Vg F 0.6 DE 4R 1% 2 B B J&E )
¥I4h CR 0.2 DE & X MEZ (%% > Wi BL 1 3& )
cp 5 e FEIFaHL
T 3 flag FasE M 1
HiE p 0.2 DE_current_to_other_pbest L4
Z R A 0.8/0.2 x initial_diversity p &SR R
e L 0.05 (high)/0.10 (medium)/0.15 (low) R ST LLf

3.2. 1EREFEHR
VA AS [F) S RE R A5 R FH I ) tHEACEE BS (1IGD) [17] A1 AR A (HV) [18].
S A tHAREE B (IGD) & X

IGD(P’Q):W (8)

DOI: 10.12677/csa.2026.164105 8 R HURLE 5 R


https://doi.org/10.12677/csa.2026.164105

TR

Horr, 245 Q NS RAF M AR SCRCAR 4L, P W FUSCH) Parato SRARARLE, |P| MAELE P IO, dis(X,Q)
TR P AP X BIRAE Q MURKGER B 1B/ ME . IGD BN, SRSARI SR G P REBRLS .
AR (HV) I 52 X

HV:Q[LSJVij ©)

i=1

Hr, o BRI, || RoRSFERG ARSI ISR, v RS | MERR S5 S% 1
PR . HV UK, RUIFIEM SR TE RS .

33. KWHERSHH

ASLHFAE LIR-CMOP IR AE A ZXH-CF M4 b 5% b FVERHT HERE VP4l . Seit o Ry id B3
PE7KF 2 0.05 (1) Wilcoxon FRAIELS, SKUREE RUNRAG P oA bRt A Jk 4 R 250 1) e A0 AR R AT Ik
BoR, HFEIREFIH T Wilcoxon BRFIREIG G THEE R, 75 “+7 o “=7 M “=7 5 RR LR ER
T BT EG U LS ARSCEERE.

3.3.1. LIR-CMOP MiR 45 R 04

£%F LIR-CMOP k%, A3C# DPSCEA S5/3M FmBEEFATILEL, H IGD M HV F8FR S50 45

B 2, % 3w

Table 2. Comparison of IGD index of DPSCEA and other algorithms on the LIR-CMOP test set
7% 2. DPSCEA 5 H{h &A% LIR-CMOP Uit 849 IGD $5#RELEL

Problem APSEA BiCo CTAEA CCMO ToP URCMO DPSCEA

2.9376e-1 2.4374e-1 3.1941e-1 2.7602e-1 3.2474e-1 1.6969e-1 2.3080e-1

LIRCMOPL (3056 2)—  (2.82¢-2)= (819-2)— (6.33¢-2)= (1.726-2)—  (6.35e-2)+  (1.0le-1)

2.5408e-1 2.0622e-1 2.7007e—-1 2.4577e-1 2.8094e-1 8.7651e-2 2.1805e—-1

LIRCMOPZ 5956 2y~ (241e-2)= (7.276-2)— (447e-2)— (1.47e-2)— (7.11e-2)+  (3.98¢-2)
LIRCMOP3 2.9805e-1 2.4437e-1 3.4166e-1 3.0361e-1 3.3999e-1 1.2626e—-1 2.5816e—1
(4.70e-2) — (2.83e-2) + (4.16e-2)— (4.73e-2)— (8.13e-3)— (6.28e-2)+  (9.63e-2)
LIRCMOP4 2.877%-1 2.3333e-1 3.0578e—1 2.7124e-1 3.1468e—-1 1.4247e-1 2.4760e—1
(3.97e-2)— (2.18e-2) + (7.65e-2)— (4.43e-2)= (1.04e-2)— (7.63e-2)+  (8.21e-2)
LIRCMOP5 1.1872e+0 1.2239e+0 1.2027e+0 3.0959e-1 1.1244e+0 6.5381e-1 2.8007e-2
(1.65e-1)— (5.88e-3)— (1.63e-1)— (6.35e-2)— (2.53e-1)— (5.23e-1) - (1.22e-2)
LIRCMOP6 1.1471e+0 1.3454e+0 1.3462e+0 3.1751e-1 1.2930e+0 4.2106e—1 6.6647e—2
(3.68e-1)—  (1.86e-4)— (8.19e-4)— (9.17e-2)— (2.05e-1)— (4.52e-1)—  (6.63e-2)
LIRCMOP? 1.0906e—1 9.1660e—1 4.8845e-1 1.1396e-1 1.4287e+0 4.8293e-2 1.1704e-2
(3.88e-2)— (7.78e-1)— (6.25e-1)— (2.88e-2)— (5.78¢e-1)— (4.81e-2) - (1.12e-2)
LIRCMOPS 1.8102e—-1 1.3551e+0 7.8220e-1 2.0022e-1 1.5587e+0 4.6723e—2 8.2798e—3
(6.33e-2) — (6.02e-1)— (6.58e-1)— (6.53e—2)— (3.84e-1)— (4.90e-2)—  (3.24e-4)
LIRCMOPY 8.5093e-1 9.9812e-1 6.0004e-1 5.6786e-1 5.7674e-1 4.3682e-1 1.9716e-1
(1.65e-1) - (1.20e-1)—- (1.49e-1)— (1.12e-1)—- (1.29e-1)— (9.10e-2) - (6.09e-2)
LIRCMOP10 8.4532e-1 9.9163e—-1 4.9910e-1 2.2146e-1 4.4861e—1 2.5900e-1 5.2741e-2

(156e-1)— (5.07e-2)— (1.3%-1)— (6.91e-2)— (9.32e2)— (L.27e-1)—  (5.42e-2)
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LIRCMOP11 6.4376e—1 8.4795e—-1 2.5452e—-1 1.1940e-1 4.1064e-1 1.8494e-1 2.9957e-2
(1.61le-1)— (1.49e-1)—- (8.90e-2)— (6.23e—2)— (1.02e-1)— (1.41le-1)-— (3.72e-2)

LIRCMOP12 5.0813e—-1 7.2852e—-1 3.7804e-1 2.7325e-1 3.0855e—-1 2.0099e-1 8.9617e-2
(1.71e-1) - (2.41e-1)—- (1.62e-1)— (1.43e-1)— (8.30e-2)— (7.65e-2) - (5.03e-2)

LIRCMOP13 1.3158e+0 1.3189¢+0 1.0923e-1 9.3916e-2 1.3341e+0 1.0416e-1 9.3973e-2
(1.91e-3) - (2.63e-3)— (2.04e-3)— (1.09e-3)= (5.77e-2)— (2.58e-3) - (1.47¢-3)

LIRCMOP14 1.2725e+0 1.2752e+0 1.1118e-1 9.5954e-2 1.3029¢e+0 9.7883e—2 9.6438e—2
(2.08e-3) - (1.75¢-3)— (1.77e-3)— (1.02e-3)+ (4.87e-3)— (9.51e—4) - (1.04e-3)

+—I= 0/14/0 2/10/2 0/14/0 1/10/3 0/14/0 4/10/0
Table 3. Comparison of HV index of DPSCEA and other algorithms on the LIR-CMOP test set
%2 3. DPSCEA 5 H i E %7 LIR-CMOP Ui &Y HV $5FRELEL

Problem APSEA BiCo CTAEA CCMO ToP URCMO DPSCEA
LIRCMOP1. 1.1535e-1 1.2877e-1 1.1576e-1 1.2097e-1 1.0752e-1 1.5936e-1 1.5169e-1
(1.02e-2) - (9.32e-3)= (2.12e-2)= (1.92e-2)= (8.71e-3)— (2.64e-2) + (2.74e-2)

LIRCMOP2 2.3467e-1 2.4976e—1 2.3173e-1 2.3769e-1 2.1947e-1 3.1184e-1 2.803%-1
(1.49e-2)- (1.37e-2)= (3.6le—2)= (2.38e2)= (L.14e-2)— (3.95e-2)+ (3.07e-2)

LIRCMOP3 1.0448e-1 1.1708e-1 9.6015e—2 1.0460e-1 9.1002e—-2 1.5837e-1 1.2435e-1
(1.29e-2) - (9.42e-3)= (9.68e-3)— (1.57e-2)— (5.50e-3)—  (2.40e-2) + (2.17e-2)

LIRCMOP4 1.9467e-1 2.1423e-1 1.8859e-1 2.0158e—-1 1.8232e-1 2.5369e—-1 2.2576e—1
(1.93e-2)= (1.08e—2)+ (3.0le—2)— (1.82e—2)= (9.08e-3)— (3.4le-2)+ (2.73e-2)

LIRCMOPS 5.1167e-3 0.0000e+0 4.,5998e—-3 1.5167e-1 1.8103e-2 1.2141e-1 2.7916e-1
(2.80e—2) — (0.00e+0) - (2.52e-2)— (2.39e-2)— (5.72e-2)— (1.22e-1)-— (7.33e-3)

LIRCMOP6 2.0397e-2 0.0000e+0 0.0000e+0 1.1249e-1 3.7907e-3 1.1163e-1 1.7680e-1
(3.83e—2) —  (0.00e+0)—  (0.00e+0) — (1.47e-2)— (1.44e-2)— (6.32e-2) - (1.80e—-2)

LIRCMOP? 2.5187e-1 1.1904e-1 1.8356e-1 2.4999%e-1 3.9957e-2 2.7633e-1 2.9183e-1
(1.19e-2) - (1.21e-1)- (1.0le-1)— (8.71e-3)— (9.12e-2)— (1.87e-2)— (6.08e-3)

LIRCMOPS 2.3721e-1 4.,9455e-2 1.3637e-1 2.3238e-1 2.0446e-2 2.7683e-1 2.9380e-1
(1.30e-2) — (9.13e-2)— (1.01e-1)— (1.31le-2)— (6.26e—2)— (1.91e-2) - (2.03e—-4)

LIRCMOPY 1.8670e—1 1.1548e-1 2.9841e-1 3.2598e—-1 3.0296e—-1 3.9180e-1 5.0947e-1
(8.72e-2) — (5.29e-2)— (7.33e—2)— (4.67e-2)— (7.89e-2)— (4.55e-2)— (1.28e-2)

LIRCMOP10 1.1985e-1 6.0721e-2 4.1200e-1 5.7895e—-1 4.4968e—-1 5.6191e-1 6.8410e—-1
(1.10e-1) - (1.31e-2)— (1.03e-1)— (4.34e-2)— (9.93e-2)— (1.04e-1) - (2.35e-2)

LIRCMOP11 2.9949e-1 2.0110e-1 5.8063e—1 6.3288e—1 4.1403e-1 5.6916e—1 6.7813e—-1
(1.09e-1) - (5.89e-2)— (5.33e—2)— (4.00e-2)— (7.80e-2)— (1.06e-1) - (2.15e-2)

LIRCMOP12 4.1126e-1 3.0635e—-1 4.3812e-1 5.0092e-1 4.6466e—1 5.2120e-1 5.7789%-1
(7.95e-2) - (1.07e-1)- (6.52e-2)— (5.13e-2)— (4.3%e-2)— (3.73e-2)— (2.70e-2)

LIRCMOP13 1.5705e—4 1.0804e—4 5.4508e—-1 5.5382e-1 1.8501e-3 5.3217e-1 5.5057e-1
(1.48e—4)— (1.13e-4)—- (1.73e-3)— (1.69e-3)+ (9.92e-3)— (2.95e-3) - (2.09e-3)

LIRCMOP14 6.0922e—4 4.2525e—4 5.4581e-1 5.5414e-1 1.4687e—4 5.4932e-1 5.5173e-1
(2.40e-4) - (3.37e-4)— (9.60e-4)— (1.38e-3)+ (2.27e-4)— (1.74e-3)-— (1.24e-3)

+—I= 0/13/1 1/10/3 0/12/2 2/9/3 0/14/0 4/10/0
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3.3.2. ZXH_CF MR ELER 7> th
X LIR-CMOP Mlli{£E, A 3CH# DPSCEA S5 5Ffh EmB AT IR, I IGD A1 HV fehs s 45
RNz 4 M3 5 Fios.

Table 4. Comparison of IGD index of DPSCEA and other algorithms on the ZXH_CF test set
7 4. DPSCEA SHEMHE A7 ZXH_CF MK &/ IGD #54rbL i

Problem APSEA BiCo CTAEA CCMO ToP URCMO DPSCEA

4.7106e—2 4.7074e-2 4.8881e—2 4.6786e—2 9.3376e—2 5.4501e—2 4.9351e-2

ZXHCFL (1130 3)+  (1.260-3)+ (1.88e-3)+ (9.5%e—4)+ (1.280-2)— (2.23¢-3)—  (L13e-3)

1.0748e-1 1.5061e-1 1.1452e-1 1.7137e-1 2.4289%-1 6.0067e-2 5.8429e-2

ZXHCF2 (1750 1)—  (211e-1)— (L4le-1)— (2.8%e-1)— (L32%-1)— (9.96e-4)—  (1.97e-3)
ZXH CF3 6.3613e—2 6.2378e—2 7.4706e—2 6.2392e—2 2.2986e—-1 7.6983e—2 6.6485e—2
- (1.29e-3) + (1.31e-3)+ (2.56e-3)— (1.4le-3)+ (8.22e-2)— (2.16e-3)—  (1.94e-3)
ZXH CF4 1.6564e-1 1.1404e-1 1.1644e-1 1.7737e-1 1.0733e+0 1.2299%-1 7.7671e-2
- (1.27e-1)= (8.14e-2)= (7.87e-2)— (1.96e-1)= (2.70e-1)— (9.93e-2)—  (6.86e-2)
Z2%XH CF5 6.2186e-2 4.8683e—-2 8.9430e-2 1.0425e-1 1.5223e-1 3.5775e-2 3.2305e-2
- (7.02e-2) - (4.13e-2)— (1.63e-1)— (2.05e-1)= (1.01e-1)— (1.38¢-3) - (1.30e-3)
ZXH CF6 3.1122e-2 3.1443e-2 3.6821e—2 3.0721e-2 5.8398e—2 3.3558e—2 3.0370e-2
- (6.38e-4) —  (6.21e-4)— (1.59e-3)— (5.52e—4)= (6.14e-3)— (1.00e-3)—  (6.08e-4)
2%XH CF7 1.3780e-1 1.3271e-1 9.0138e-2 1.0365e—1 5.2364e-1 8.0073e-2 4.4608e—-2
- (1.14e-1)— (7.86e-2)— (7.91e-2)— (1.30e-1)= (2.20e-1)- (6.51e-2) - (4.98e-2)
Z%XH CES8 3.2654e-2 3.2720e—2 5.3453e-2 3.1976e-2 1.7186e—1 4.1904e—2 3.2946e—2
- (6.82e—4)= (5.42e-4)= (4.36e-3)— (6.57e-4)+ (4.41e-2)— (1.33e-3)- (6.86e—4)
ZXH CF9 2.6654e—2 2.6424e-2 6.6236e—2 2.6643e—2 4.9453e—1 2.8581e-2 2.6523e-2
- (4.50e-4)= (5.79e-4)= (1.08e-2)— (5.10e—4)= (l.4le-1)— (9.39e—4)—  (4.90e-4)
Z%H CF10 1.1297e-1 9.7642e-2 1.0681e-1 1.1856e—1 1.2987e+0 9.8088e-2 4.5718e-2
- (1.12e-1) - (9.88e-2)= (6.77e-2)— (1.71le-1)— (3.36e-1)— (1.34e-1) - (3.70e-2)
ZXH CF11 2.7964e-2 2.8235e-2 3.5390e—2 2.8048e—2 4.3690e—1 2.8264e-2 2.8076e—2
- (4.08e-4)= (6.14e-4)= (1.05e-3)— (5.05e—4)= (2.00e-1)— (4.50e-4)=  (4.38e-4)
Z%H CE12 9.4962e-2 3.2035e-2 4.5366e—-2 3.8504e-2 4.6553e-1 2.6011e-2 2.4035e-2
- (2.24e-1)= (2.26e-2)= (5.86e-2)— (6.29e—2)— (8.86e-2)— (8.97e-4)—  (4.60e-4)
ZXH CE13 1.3438e-1 3.3115e-2 1.4953e-1 1.7646e-1 1.1159e+0 7.8558e—2 5.3473e-2
- (1.38e-1)= (7.02e-2)+ (1.84e-1)— (2.30e-1)= (3.88e-1)— (1.22e-1)- (1.37e-1)
ZXH CF14 2.5179e-3 2.3678e-3 2.8236e—-3 2.4415e-3 9.4626e—2 2.9953e-3 2.4576e—-3
- (1.12e-4)— (5.13e-5)+ (9.18e-5)— (6.94e-5)= (6.02e-2)— (8.57e-5)—  (4.12e-5)
Z%H CF15 1.0317e-2 6.3469e—2 1.4732e-2 1.8582e-2 1.3441e-1 2.9513e-3 2.8825e-3
- (3.78¢-2) — (1.72e-1)= (4.60e-2)— (7.08e-2)— (1.07e-1)— (5.95e-5) - (4.82e-5)
Z%XH CF16 2.6429e-3 2.6674e-3 1.4597e—2 2.6432e-3 2.3447e-2 2.6918e-3 2.6748e-3
- (4.03e-5)+ (4.64e-5)= (5.26e-3)— (4.53e-5)+ (4.50e-2)— (5.44e-5)= (5.09e-5)
+/=I= 3/7/6 4/4/8 1/15/0 4/4/8 0/16/0 0/14/2
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Table 5. Comparison of HV index of DPSCEA and other algorithms on the ZXH_CF test set
Fz 5. DPSCEA 5EAE AT ZXH_CF MK /Y HV F5FRELER

Problem APSEA BiCo CTAEA CCMO ToP URCMO DPSCEA

8.3103e-1 8.3117e-1 8.3421e-1 8.3143e-1 7.6610e-1 8.1976e-1 8.2666e—1

ZXHCFL 1 430-3)+ (166e-3)+ (L74e-3)+ (L12e-3)+ (L78e-2)— (3.18e-3)—  (1.56e-3)

4.9390e-1 4.5531e-1 4.8194e-1 4.6070e—1 2.9341e-1 5.3785e-1 5.4388e—-1

ZXHCF2 1306 1)~ (1.97e-1)—  (150e-1)— (1.93e-1)— (8.22e-2)— (L.75e-3)—  (3.38¢-3)
ZXH CF3 5.1032e-1 5.1385e—-1 5.1238e-1 5.1217e-1 2.5686e—1 4.7598e—1 5.0002e—-1
- (2.53e-3) + (2.73e-3)+ (2.23e-3)+ (2.65e-3)+ (6.45e-2)— (3.79e-3)—  (4.06e-3)
ZXH CF4 2.7759%e-1 3.3286e—1 3.4202e-1 2.9285e-1 1.2800e—3 3.2302e-1 3.8438e—-1
- (1.3le-1)= (1.06e-1)= (1.04e-1)- (1.42e-1)= (6.53e-3)— (1.19e-1)—  (8.18e-2)
Z2%XH CF5 2.7199e-1 2.8470e-1 2.6562e—1 2.5850e-1 1.6942e-1 2.9818e-1 3.0480e-1
- (7.18e-2) =  (5.00e-2)= (6.60e-2)— (9.50e-2)=  (7.08e-2)— (2.45e-3)—  (2.97e-3)
2%XH CF6 2.2453e-1 2.2486e-1 2.2345e-1 2.2524e-1 1.8909e—-1 2.1938e-1 2.2480e-1
- (9.39e-4)= (8.88e—4)= (1.29e-3)— (1.19e-3)= (8.08e-3)— (1.46e-3)—  (1.11e-3)
2%XH CF7 2.2675e-1 2.2006e—1 2.7271e-1 2.7807e-1 2.1011e-2 2.8587e-1 3.3775e-1
- (1.30e-1) — (1.00e-1)—- (1.08e-1)— (1.27e-1)= (4.37e-2)— (8.88e-2) - (6.89e—2)
ZXH CF8 2.3431e-1 2.3408e—1 2.1402e—-1 2.3563e-1 1.0286e—1 2.2095e-1 2.3281e-1
- (1.09e-3) + (1.22e-3)+ (4.62e-3)— (1.36e=3)+ (2.75e-2)— (1.93e-3)—  (1.20e-3)
ZXH CF9 2.7016e-1 2.7145e-1 2.3827e-1 2.7130e-1 9.2516e—2 2.5993e-1 2.6848e—1
- (1.56e-3) + (1.33e-3)+ (1.02e-2)— (1.31e-3)+ (2.84e-2)— (2.81e-3)—  (1.42e-3)
ZXH CF10 2.1943e-1 2.3149e-1 2.1867e—1 2.4081le-1 1.8756e—6 2.4831le-1 3.0575e—-1
- (1.32e-1)— (1.22e-1)= (9.86e-2)— (1.32e-1)= (8.60e-6)— (1.20e-1)—  (7.70e-2)
Z%H CF11 4.2623e-1 4.2672e-1 3.8863e-1 4.2669e-1 2.2432e-1 4.2235¢e-1 4.2413e-1
- (2.49e-3) + (1.80e-3)+ (5.58e-3)— (1.56e-3)+ (7.04e-2)— (2.14e-3)—  (2.92e-3)
ZXH CE12 6.7460e—1 7.3831e-1 7.0768e—1 7.2923e-1 3.2611e-1 7.4821e-1 7.5395e-1
- (1.57e-1)= (4.59e-2)= (1.18¢e-1)— (1.10e-1)— (8.35e-2)— (1.60e-3) - (1.78e-3)
Z%H CF13 1.9141e-1 2.8669e—1 1.9683e-1 1.9450e-1 2.6869e-3 2.4531e-1 2.8028e-1
- (1.19e-1) - (7.91e-2)+ (1.37e-1)— (1.3%e-1)= (1.37e-2)— (l.1lle-1)- (9.52e-2)
ZXH CF14 5.4282e-1 5.4321e-1 5.4233e-1 5.4307e-1 4.1423e-1 5.4181e-1 5.4332e-1
- (2.41e-4)— (1.78e-4)— (2.83e-4)— (2.09e—4)— (4.79e-2)— (2.33e-4)—  (7.57e-5)
ZXH CF15 6.523%-1 6.0444e-1 6.4991e—-1 6.4420e—-1 4.8574e-1 6.6148e—1 6.6185e—-1
- (4.59e-2)= (1.57e-1)— (5.23e-2)— (7.55e-2)— (1.02e-1)— (1.72e-4)—  (9.42e-5)
ZXH CF16 7.7818e—-1 7.7824e-1 7.6308e—1 7.7820e—-1 7.6936e—1 7.7790e-1 7.7813e-1
- (1.02e-4) + (9.0l1e-5)+ (7.33e-3)— (8.07e-5)+ (1.46e-2)— (1.49e-4)—  (6.50e-5)
+—-I= 6/5/5 71415 2/14/0 6/4/6 0/16/0 0/16/0

Z54 LIRCMOP Al ZXH-CF PRI AR (1 sk ia 25 5, DPSCEA FUALEZIR 2 H AR AL In) 3R BHh
BEMGARS . £ IGD fbsJiTH, DPSCEA {E K2 HU v f rf HUAS 7 SR sk AL A8, B i fe
LIRCMOP9-LIRCMOP14 #1 ZXH_CF5. ZXH_CF7. ZXH_CF10. ZXH_CF12. ZXH_CF13 & 24 v
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i E, H1IGD 4 KIE{%T APSEA. BiCo. CTAEA. CCMO. ToP f1 URCMO %5} b 5% . iX % B DPSCEA
TEACER e . 2R i R JE LR 1 Pareto ATV, FLAG SESRAGICSME RIS M . R AR T LI
LIRCMOP1-LIRCMOP4 Fl#i 43 ZXH-CF IR £ il @ L, % HikM e = B8 /)N, DPSCEA 1 Efa e (R ¥E S
RREFAMECE RS R, R RIFIENYE. 78 HV b5 I, DPSCEA FIFERIH t, 7E4K
2R R R P RAS T B R R AR ARG, 45 5 S ZXH_CF4. ZXH_CF7.ZXH_CF12.ZXH_CF14.ZXH_CF15
AR IR b, O HV R T RS, WA RIEEET . 2R SR, IXERIE T DPSCEA
TEF=HE LN A RYERF RN 2 FEIE, RS AT TR WA

££ 30 AN @, DPSCEA % ToP A1 URCMO SE8L 1 41ii B &M HE, Xt CTAEA Jik Hi bl it
90%, X FHALEEW R BB . FLR R RRIE T 308 S50 1 & N S A O sm LI G, 187 T4
FAL PR R 4 AR 2R A8 J7 . SLUG 45 SRAIE W] DPSCEA 7E 21K % H AR A0 AT (1 AT 47 1 Fn S gk 4

3.3.3. FhEEy AEREN IR

N HE— B IR BT H AR EE B 0 2R 43 R [ 38 I SR PR A, AR S T AR LA A - DPSCEA-
H, DPSCEA-L. DPSCEA-H [# & i B & SR s 8 &, DPSCEA-L [& € N E B 5RuE 1A 4k . Wik 6 B
/N, DPSCEA fEPEREFRAR [ E T HE LM, XU 7 ARSCHTHE I B B 00 R 0 M & B 3R
WS PR A 21

Table 6. Comparison of DPSCEA and its variants on the LIRCMOP and ZXH_CF test sets
% 6. DPSCEA 5 H Tk #E LIRCMOP #1 ZXH_CF MK &£ AFEFRELEE

Hik DPSCEA-H DPSCEA-L DPSCEA
LIRCMOP (IGD) (+/—/=) 2/9/3 1/8/5 —
LIRCMOP(HV) (+/—/=) 31714 2/8/5 —
ZXH-CF (IGD) (+/—/=) 3/11/2 2/9/5 —
ZXH-CF (HV) (+/—/=) 2/11/3 2/9/4 —

4. B4

A SRR AR 2 B AR AG IR I(CMOPs), 2 H 1 — Pt ¥ 1 3 B XUR B i 44 5512 (DPSCEA) ,
DPSCEA #id #4402 CPF 5 UPF MEZ LR, SLILEE N IE A SRIE I S B0 HE . 2R XU i
MEZL, 7E2 M BFIH GA A DE JRE M TA, VPGP 2 REMEROC R, LRI BoRYE =i/ /MK
HEYEHIENEAT RIS, 2T B G BRI R, JHE RIS 5] 3 A .

SIGAE LIR-CMOP Al ZXH-CF MRS Bidk4T, S AT RmEIEILE, 45531 DPSCEA 7t IGD Al
HV fabr EEEARSISE, T FAE S 4 20 HORT 22 4502 [v) R R I H S s AL S E . 2 AR MR E R 1% . Wilcoxon
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