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Abstract: Aiming at multimodal and high-dimensional characteristics in feature selection
problems, a new population initialization strategy is introduced to improve the large-scale
multimodal multiobjective optimization algorithm, and a high-dimensional multimodal feature
selection algorithm based on evolutionary multiobjective optimization is proposed. The original
continuous optimization algorithm is discretized to evaluate individuals in discrete optimization
problems. This approach is validated across six high-dimensional feature selection datasets.
Results demonstrate that the proposed algorithm improves the quality of the initial population and
accelerates algorithm convergence. Compared to other algorithms, the proposed algorithm yields
the superior Pareto front with the best overall hypervolume value. It can obtain an average of
2. 53 equivalent feature subsets without compromising classification accuracy. These results show
the proposed algorithm’s ability to achieve optimal classification accuracy and the most diverse

equivalent feature subsets.
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Fig. 1 Illustration of multimodal multiobjective optimization

in feature selection
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Fig. 5 Solutions generated by two initialization strategies
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http: // zkxb. xjtu. edu. cn




PN

58 &

05r 051
04+ 0.4}

+’"|‘ [ ]

K03 0.3F

ﬁg}

o2t 02} .

fR [ ]
0.1F N 0.1F °

2 3 4 ; 800 9(I)5 91I0 91I5
PRI 2 I FEIREAE 2

(a) P8 4E lung_discrete (b) %5 4 Colon

Kl 7 HREA S7E 2 R4 43 30 a i BRI TT iy
Fig. 7 PF obtained by HREA algorithm on two datasets

0 1

1.0 1.0
OMP-MMEA i O MP-MMEAF%:
L 08 * SLMEA %11 08 x SLMEA%{1: i
b #FS-HHC-MMEASL7: 8¢ # FS-HHC-MMEA 5.3
B£0.6 K 0.6
i i
#0.4 £ 0.4
& |® S,
02 x . x
® Xox . ® x
5 10 5 10
JEPEIREAE B R RRFAE K
() B PE 4 lung discrete (b) ¥t ¥ % Colon
1.0 1.0
O MP-MMEA51.3: OMP-MMEA %%
08r x  x SLMBAHI%: 08 x SLMEA L%
b # FS-HHC-MMEA%Ti: 8¢ * FS-HHC-MMEA 573
5K 0.6 BKO.6F x
£ ® £
0.4 x 04
R e o 4 R
0.2 f xXO 0.2 x
: ' ® : ,
0 5 10 0 5 10
IR MRHEAN B EPEMRHE B
()B4 TOX 171 (D HHE 4 Prostate_GE
1.0 1.0
O MP-MMEA 5.3 O MP-MMEA%#34%
08 x SLMEA 2.7 08 x SLMEA 1%
Lx ¢ FS-HHC-MMEA G2 8 # FS-HHC-MMEA 51
5K 0.6 5£0.6
& i
#o0.4 o4t
R x R ®
02F o « 0219«

IEFEIRFIEAN 5L
(e) B 4E leukemia

PRI K
(O % ¥E4E CLL_SUB_111
Kl 8§ MP-MMEA.SLMEA fil FSSHHC-MMEA # ¥ 7
6 B AR L ARAS i BT ATV LR
Fig. 8 Comparisons of PFs obtained by MP-MMEA, SLMEA and
FS-HHC-MMEA algorithms on six datasets

i T MP-MMEA., SLMEA #l FS-HHC-
MMEA % 3 8k #fJ2 K AR 2 H AR ARk, A
LMY itk 1 v 24 T 50 o 2 R AR 1 5 e PR AR B B (B
gt pymn 2461, FSSHHC-MMEA 592 i #
WRRIE PR ETE 6 MR LR T 5 M EHATES T
IOERE A S NI S I 3 SR S TIE N SR TR g R
B AR RSSO B A AR . IR 8 Y SR AT R

http: // zkxb. xjtu. edu. cn

WAl E 1, FSHHC-MMEA & vk 15 3] (14 5 iF 7 4
ELA S5 B 19 3 RS FE R e 2 FEAR R R R i

MO_Ring_PSO_SCD 2 #5 25 t b 5. 75 7 T X
o 2 7] AT AR A S5 3 g A T ) SR R T L DI AT
F 1 MO_Ring_PSO_SCD 3 A1 F T =5 4 n) 151,
PRI 42 I Ofe 1Y) S 30 98 0 % S FJ€ 728 MO_Ring PSO_
SCD B PEfiE, HREA £ #5150 10 5 B 78 325
41 lung _discrete %45 4 I 6 98 W 843 A 2R FE 1
AL MAE 2 000 4E 1) Colon U4 # b JC 32 Wi 84 21 iy
FAE ATy, HO7E 4 R A T 2 00 i A HE 4R L
HREA F 3247 # R G 24 b Joikis 47 52
WAL R 2 PSS AFRRXAMNEE . HREA [FFE
LT X g 248 ) R T A of 1) Bk L R U T T RS T
JER HREA B ktEfE.

E 9 /R T MP-MMEA ,SLMEA il FS-HHC-
MMEA iX 3 FhB L TE 6 A 80d 45 3R 15 10 5 500k
fEFHENE. B 10 BR T &/ %85 8E 4% -
ARAT ) F B S5 RORRAE A, AL 9 AT 10 7T
LA SLMEA B3 - AN FE7E S RURHIE 74 B
SLMEA 575 WA 8 1 U8 A7 55 JURFIE At . JC 13K 1
ZRAEZ BRI, 78 A5 W 43 290RS B A i 4
.2 EEZ B % MP-MMEA fE 45 1 —
S RURFIE 4R (IT A B 4R 1 I SR RURME 421
A ER 1,500, 1 FSHHC-MMEA 5 32 fig #% 3
22 ) AR ASCRHAE T 4 OB A 0808 46 1 19 S5 SRR AIE
BB 2.53), #lan, 78 CLL_SUB_111 ¥
P bR ERAE B0 1 f1 6 B, FS-HHC-MMEA
VL Ay AR B 2 A SEAURRAE F 42, T MP-MMEA
Bk HAER B 1 NERE T4,

# 3 JB/R T FSSHHC-MMEA B L7 6 8l
£ EFHRBIR I RICRMmE, BRI TLUEL,
FIEAR BN M0 BAC R AR A 2R,
M H B AR, HASR U, 7E Colon B4R 4E I,
{Faiz ) A Fs00 ) A Fapo ) FT{Fgos 4 DHERE FEERTAL &
RS 1 v 5 o T = R o P S I <
0.083 3, [H It , 2 &5 2 o e fiF 1€ 45 ] B2 41 T 2 A4~
A B B R AR - B D 3R AT AR i Ti) A 40 a1 B
AH BRI Ok BE B A S B R AE P 4. FS-HHC-
MMEA 535 76 H A B 4 h i 0 3] 7 24530
FREFHE, 255K 8 fE 9 &k 3 kA, FEARIUEE
PR g 2 B 8 R B I B R F T L FS
HHC-MMEA 53 68 [7] i 45 2] & 00 09 i RFC AT i .
L5k E, FSHHC-MMEA 83 & — Fl A3 20K i
e 2 22 B A5 AR AU 1 43 [ R ) B




%o TG R AT B = Y 2 RS R e B 125
5r 5r 50
[ F'S-HHC- MMEA'E? vk Ps
Sy | m—TVEATS S HHCMYEA
§4- o IMP-MMEA 2575: ﬁ CIMP-MMEAy2: §4 ) MPMMEA S
‘;t 3F H)_;l- 3 H}_;]’ 3
5l .l £l
0
12345 123 1234567809
JEFEIFFIEAN 5L JEFEIFFFIEA %L JEFEIFFIEA %L
(a) B ¥E 2E lung_discrete (b) ¥4t 4E Colon (OFPE4E TOX_ 171
5 -
se
- [ FS- HHC MMEA 573
10 I HHCMMEAST: =§f’&‘£§$ﬂf’*ﬁ’f o} EEESIMEATL) i
= 8 v g d[  EEEMP-MMEASHX g | ESEMPMMEASE
P & st
W+ 6f | i
x #oL Lot
Rl =’ =
ol i “t
AT | I ) |
12 123 4 12345678
JEFE I FAEAN B JEFEIAFIEAN 5L JEFR I FFAEA KL

(d) F 4 % Prostate_ GE

Bl 9

6F

W

~

BRI O

() B4l 4 leukemia

(D¥#E4E CLL_SUB_111

A [a) B 12 45 B 1Y 25 R AE 7 4R B X L

Fig. 9 Comparisons of the number of equivalent feature subsets obtained by different algorithms

B FS-HHC-MMEA 5%
I SLMEA 7
0 MP-MMEA 374

0
lung_discrete Colon TOX_171 Prostate_GE leukemia C

Hed bk

LL SUB 111

F10 A [RS8 18 2 () 7 24 S5 280RRAIE T SR 40 X 1

Fig. 10 Comparisons of the number of average equivalent feature subsets obtained by different algorithms

%3 FS-HHC-MMEA it h ey 45 4e 7 &
Table 3 Feature subsets obtained by FSSHHC-MMEA algorithm

—
HHE Zgzg{ii SRR A O 5 BRI A
1 0.3571 {Fes 1
2 0.142 9 {Fss» Foo} 1
{Fsss Foss Friss Forp )
{Fiy Fiss Fogs Foos}
4 0.0714 4
lung_discrete {(Fss» Fa1s Forgs Fogi}
(Fuss Frns Fros For)
{Foys Fogs Fiivs Foos s Fog )
5 0 {Fsss Fogs Fross Fross Forp ) 3

{FS'&? FGS? F1139 F211’ FZSG}

http: // zkxb. xjtu. edu. cn




126 W % x W K ¥ ¥ 5 58 %
GRS AR A AR R 16 B 1 R AIE U E T AR AL
S " H LR W15 HY Ay SERY S
(RS 1
{Fa}
{Fs0 }
1 0.083 3 4
{Fain )
Colon
{Fi2s }
{Fs025 Figra}
2 0 2
{Fs02 s Fss}
1 0.500 0 {F1a6 ) 1
2 0.4118 {Fao39 s Fuzo ) 1
{Fioss s Fuizis Fuso)
3 0.3235 2
{FZUSSY ’ F3277 . F'I'\li()}
4 0.264 7 {Fiosss Frizis Fisies Fugot 1
TOX 171
{Fins Fuiizis Firsss Fangs Fusos Fugor )
6 0.2353 2
{Fis Fiizis Firsss Fussrs Fusos Fugor )
7 0.176 5 {Fui» Fuzis Fuies s Faoizs Fuosos Fusors Faess | 1
Fiis Frors Fioes s Fosz s Fages s Fuose s Fugor s Fsess
8 0.147 1 2
Fuis Fros Fioess Fosz s Fasos s Fuose s Fugor s Fsess
1 0.050 0 {Fur} 1
{Fuisss s Fsos9)
{F38'15 9 F‘Zgi}
{F117 ? FSE)G‘]}
{F\W ’ Flsfm}
Prostate. GE 2 0 {Fi7s Fospsf 10
{Fs030 s Fuzst}
{Fis22s Fuoga}
{Fasi0 s Fuse}
{Fso15 s Fuosa )
{Fissi s Firaa}
1 0.1429 {Fusso ? 1
leukemia {Fir20 s Fs197}
2 0 2
{Fass2 s Fusor}
{Fss }
1 0.227 3 2
{Frsos }
4 0.136 4 {Fs00 s Faroo s Fraos s Fsoes} 1
CLL_SUB 111
5] 0.090 9 {Fs00s Fisors Fruoss Fsoes s Fogra ) 1
{Fs00s Fisr7s Frozrs Fraos s Fsoes s Foorz )
6 0.0455 2

{F.S()U ’ F1577 ’ F74‘)5 ’ F8963 ’ F!X.‘WZ ’ Fl()GS?}

http: // zkxb. xjtu. edu. cn




5590 THGHE L GF SR HEAL T B0 e 2 2 8 25 PR AIE 2L 4% 127

4 4B

B X R I T 45 1] AT 1 2 8 AR P R s A
A R 8 Bk I AR SCHE T Ot Y R MR 2 A 2 I AL B
T X o A 22 S R A 10 6 R R AT A RBOR L A A
TR HUE A3 AR S5E

CLYFIATHr (9 1 0 1 50 ek X R R 2 8 2
2 FAROL ATk 20 1 etk 52 06 295 2R 3% 0T %) b A
046 A SR R LA™ AR T A B R A6 % L I T
RS

(X RUG I 2 825 2 H A 0 A0 3300k R 17 5 1
A4 B T AT A AR A 8 426 R g S O el
B 2885 2 H AR 8 R B AT SRS
AURRIE T4E . 6 A i 4R AR AR 08 £ K0 4R b i S a0 &5
RFW] AR BEW 4R 3 W 2 () 2 BS Rk 1 4R
I HARAT A A R TR .

(B 3 TR A 2 AR S 0 P ) i ) O A 1 ik
FEAE 22 T 9 AR S A R AU S DR — o 500 2
Gi WP IR A TR — 2RI 0 A AR SO IR R
o5 2 22 AR A R AR T % 1R) P ) 2 A B DR AE T 4
117 22008 1 AL AE 5~ 4R B9 Ak e D0 AU S # D
T~ S AT 11 1o 24 22 A5 25 R AT 22 496 1) L ) 0 9 0 2
Bk 5 Iz —.

S 2K

(1] Foorfe, 2, W AR, 5. 3T HRAE 8 Mt

A KR 2% >3 BIL I A 350 R g B ) O (7). Y 42 Al K
4R, 2022, 56(4): 165-175.
SHANG Liqun., LI Hongbo. HOU Yadong. et al.
Short-term power load forecasting based on feature se-
lection and optimized extreme learning machine [J].
Journal of Xi’an Jiaotong University, 2022, 56 (4):
165-175.

(2] XU, xi4x4c. 56T P R 53 15000 B 2% fosk 20 %
FURPEBESC R [T, A REHE . 2017, 20(8) : 20-24.
LIU Biao, LIU Jinchang. Modeling practice of forecas-
ting electricity fees sensitive customers based on user
profile analysis [J]. Power Systems and Big Data,
2017, 20(8): 20-24.

[3] PUDIL P, NOVOVICOVA J, KITTLER J. Floating
search methods in feature selection [ J]. Pattern Rec-
ognition Letters, 1994, 15(11): 1119-1125.

(4] FEHowg. T 2 B 3 03 500 5 AR 28 5 50k o
g8 (D1 MM« F8IHN K%, 2020,

(5] EHfm, B, meok, S5 BT 0T 3009 RR AT 1t 45
Ji R AR [T, M R 24 (T2 [0 2020, 41

(6]

7]

(8]

(9]

[10]

(11]

(12]

[13]

[14]

http: // zkxb. xjtu. edu. cn

(1): 49-57.

WANG Yanli, LTIANG Jing, XUE Bing, et al. Re-
search on evolutionary computation for feature selec-
tion [J]. Journal of Zhengzhou University(Engineering
Science) ,» 2020, 41(1) . 49-57.

deAs L, Mdam, BIER. S 2 B AR IL LR AE
Wroegiik [J]. WAL TR 5%, 2023, 59(3):
23-32.

ZHANG Mengting, DU Jianqiang, LUO Jigen, et al.
Research on feature selection of multi-objective optimi-
zation [ J]. Computer Engineering and Applications,
2023, 59(3): 23-32.

M, B, BIH, & Z2ESZ Hisfi kiR
[J]. ¥l 585k, 2021, 36(11); 2577-2588.

YUE Caitong. LIANG Jing, QU Boyang, et al. A
survey on multimodal multiobjective optimization []J].
Control and Decision, 2021, 36(11): 2577-2588.
ZHOU Aimin, ZHANG Qingfu, JIN Yaochu. Ap-
proximating the set of Pareto-optimal solutions in both
the decision and objective spaces by an estimation of
distribution algorithm [J]. IEEE Transactions on Evo-
lutionary Computation, 2009, 13(5). 1167-1189.
TIAN Ye, ZHANG Xingyi, WANG Chao, et al. An
evolutionary algorithm for large-scale sparse multiob-
jective optimization problems [J]. TEEE Transactions
on Evolutionary Computation, 2020, 24(2): 380-393.
TIAN Ye, FENG Yuandong, ZHANG Xingyi., et al.
A fast clustering based evolutionary algorithm for su-
per-large-scale sparse multi-objective optimization [ ] ].
IEEE/CAA Journal of Automatica Sinica, 2023, 10
(4): 1048-1063.

DEB K., TIWARI S. Omni-optimizer: a procedure for
single and multi-objective optimization [ CJ//Evolu-
tionary Multi-Criterion Optimization. Berlin, Heidel-
berg: Springer Berlin Heidelberg, 2005; 47-61.
LIANG J J, YUE C T, QU B Y. Multimodal multi-
objective optimization: a preliminary study [C]//2016
IEEE Congress on Evolutionary Computation (CEC).
Piscataway, NJ, USA: IEEE, 2016. 2454-2461.
YUE Caitong, QU Boyang, LIANG Jing. A multiob-
jective particle swarm optimizer using ring topology for
solving multimodal multiobjective problems [J]. IEEE
Transactions on Evolutionary Computation, 2018, 22
(5): 805-817.

LI Guoging, SUN Mengyan, WANG Yirui, et al. A
ring-hierarchy-based evolutionary algorithm for multi-
modal multi-objective optimization [ J]. Swarm and

Evolutionary Computation, 2023, 81: 101352.




128

K%

O %58 %

[15]

[16]

[17]

[18]

[19]

[20]

[21]

TANABE R, ISHIBUCHI H. A decomposition-based
evolutionary algorithm for multi-modal multi-objective
optimization [ C]//Parallel Problem Solving from Na-
ture; PPSN XV . Cham. Switzerland: Springer Inter-
national Publishing, 2018 249-261.

SUN Yu, ZHANG Shen. A decomposition and dy-
namic niching distance-based dual elite subpopulation
evolutionary algorithm for multimodal multiobjective
optimization [ J]. Expert Systems with Applications,
2023, 231: 120738.

PENG Yiming, ISHIBUCHI H. A diversity-enhanced
subset selection framework for multimodal multiobjec-
tive optimization [ J]. IEEE Transactions on Evolu-
tionary Computation, 2022, 26(5) . 886-900.

LI Wenhua, YAO Xingyi, LI Kaiwen, et al. Coevolu-
tionary framework for generalized multimodal multi-
objective optimization [J]. IEEE/CAA Journal of Au-
tomatica Sinica, 2023, 10(7): 1544-1556.

MING Fei, GONG Wenyin, WANG Ling, et al. Bal-
ancing convergence and diversity in objective and deci-
sion spaces for multimodal multi-objective optimization
[J]. IEEE Transactions on Emerging Topics in Com-
putational Intelligence, 2023, 7(2): 474-486.

LI Wenhua, YAO Xingyi, ZHANG Tao, et al. Hier-
archy ranking method for multimodal multiobjective
optimization with local Pareto fronts [J]. IEEE Trans-
actions on Evolutionary Computation, 2023, 27 (1):
98-110.

LI Guoging, WANG Wanliang, ZHANG Weiwei, et
al. Grid search based multi-population particle swarm

optimization algorithm for multimodal multi-objective

[22]

[23]

[24]

[25]

[26]

[27]

http: // zkxb. xjtu. edu. cn

optimization [ J]. Swarm and Evolutionary Computa-
tion, 2021, 62: 100843.

LIANG Jing, QIAO Kangjia, YUE Caitong, et al. A
clustering-based differential evolution algorithm for
solving multimodal multi-objective optimization prob-
lems [J]. Swarm and Evolutionary Computation, 2021,
60: 100788.

TIAN Ye, LIU Ruchen, ZHANG Xingyi, et al. A
solving

multipopulation evolutionary algorithm for

large-scale multimodal multiobjective
problems [J].
Computation, 2021, 25(3): 405-418.

DING Zhuanlian, CAO Lve, CHEN Lei, et al. Large-

optimization

IEEE Transactions on Evolutionary

scale multimodal multiobjective evolutionary optimiza-
clustering [ J].
Knowledge-Based Systems, 2023, 266 110398.

BANGYAL W H, NISAR K, AG IBRAHIM A A B,

tion based on hybrid hierarchical

et al. Comparative analysis of low discrepancy se-
quence-based initialization approaches using population-
based algorithms for solving the global optimization
problems [J]. Applied Sciences, 2021, 11(16): 7591.
ISHIBUCHI H. IMADA R, MASUYAMA N, et al.
Comparison of hypervolume, IGD and IGD" from the
viewpoint of optimal distributions of solutions [C]//
Evolutionary Multi-Criterion Optimization. Cham, Switzer-
land: Springer International Publishing, 2019. 332-345.

CHEN Huangke, TIAN Ye, PEDRYCZ W, et al.
Hyperplane assisted evolutionary algorithm for many-
objective optimization problems [J]. IEEE Transac-

tions on Cybernetics, 2020, 50(7): 3367-3380.
(G TI M)




