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Adaptive environmental factor entropy weight decision-making-based
multi-objective feature selection
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Abstract: Multi-objective evolutionary algorithms have significant advantages in feature selection, but their performance in
solving the optimal feature subset of high-dimensional data is still poor, and selecting a reasonable optimal solution from the
obtained Pareto solution set remains a challenging issue. To solve this problem, this paper proposes a multi-objective feature
selection algorithm based on adaptive environmental factor entropy weight decision-making. The advantages of the proposed
algorithm are as follows. Firstly, key features are adaptively identified by designing environmental factors to optimize
candidate feature subspaces. Secondly, environment factors are embedded into improved crossover and mutation operators to
achieve adaptive search for the globally optimal feature subset. Finally, using an entropy weight decision-making strategy that
correlates environmental factors, the optimal solution 1s selected from the obtained Pareto solution set. Experiments show that
the proposed algorithm has higher classification accuracy and accurately obtains the global optimal solution compared to the
existing five multi-objective feature selection algorithms, verifying the effectiveness of the proposed algorithm.
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Fig.1 The framework of the proposed AMFS algorithm
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Table 1 Datasets used in experiments

P Bl AR TR AE L BEAEL =Sl
1 Vehicle 18 846 4
2 Wine 13 178 3
3 Sonar 60 208 2
4 Tonosphere 34 351 2
5 Vowel 13 990 11
6 Segmentation 19 2310 7
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Table 2 Algorithm parameter settings

ik SR

NSGAFS Pop=25,T=100,Cr=0.7, Mu=0.1
DCDREA Pop=N,/20,T=70,Mu=0.1
MOFSBDE Pop=150,T=100,Cr=0.3,F = 0.5 X rand
Pop=30,T=100
FSMOPSO
6, =252Xt/T,c,=05+2X¢T
NSGA-1I Pop=25,T=100,Cr=0.5,Mu=0.1
AMFS Pop=50,T=100

4.1 AMFS 5 RE EAs4FIE L MERELLE N
TRl AMES f P 6E , N F A 40 2800 BE FN S 4y

JEKG BE W 7 T R AT BE &L 43 B0 R Best Fll Avg.
JT A7 S8 vk B ST s AT 10 9K, BT A %t HE B 5 1) Beest
{2 Pareto fiff 4 v BE 25 i o5 WL L A5 1 B A 0
1 f#% . AMFS (1) Best {2 >R F 2 T 30 5% K Wi AL
A 15 . 548, AD _Best f1 AD_Avg 43 5l >~ %
7 B35 B Best Fl Avg I SF {8 . R 3ER T
AMFS 5 H At HA~ 2 B br #1050 0 iR 2%

R REFRRTA B LB ERE . LA, R
K5 R B0 E AMFS (1) 8 522 5%, ® 3 T-
test_Best Fl T-test_Avg 7 %l # 7% Xt B () P, P <<
0.05FKREFBF ICE+",P>005RRER
RNEE CE—.

®3 AMFSER#MZ Bt EEM TR

Table 3 Performance of AMFS and other five multi-objective evolutionary algorithms

K il 4R PERESE b MOFSBDE FSMOPSO NSGAFS DCDREA NSGA-TI AMFS
‘ Best 97.81% 95.31% 98.21% 97.82% 81.81% 98.99%
Vebicle Avg 93.48% 91.22% 97.11% 95.99% 82.82% 97. 66%
‘ Best 89.32% 90.89% 97.92% 96.21% 84.42% 97.78%
Wine Avg 86.56% 87.01% 94. 24 % 93.37% 83.32% 96. 63%
Best 83.29% 84.10% 91.59% 89.23% 77.32% 93.31%
sonar Avg 79.99% 80.11% 87.31% 88.42% 77.39% 91.99%
Best 94.59% 100% 89.95% 100% 65.12% 99.82%
Tonosphere
Avg 91.70% 97.89% 86.67% 98.78% 64.31% 98.99%
Best 97.57% 85. 68% 75.79% 97.77% 66.83% 99.13%
Vowel Avg 96.62% 84.70% 73.99% 96.10% 57.83% 97.75%
Best 97.73% 97.22% 98.91% 100% 89.80% 100%
Segmentation
Avg 96. 86 % 96.61% 97.45% 97.65% 87.79% 98.89%
AD _Best 93.82% 92.68% 93.97% 97.91% 77.55% 98.22%
AD_Avg 91.35% 90. 55% 91.41% 95.58% 75.57% 97.11%
T-test_Best 0.02639 (+)  0.03083(+)  0.16461 (—)  0.08581 (—)  0.00444 (+)
T-test_Avg 0.01919 (4+)  0.01489 (+)  0.09646 (—)  0.01350 (+)  0.00851 (+)

M 3 AL, AMFS 76 45 80 5 R399 ET
NSGA-II , 33X /& iy F A5 B F ALy [ 35 5+
XF 4 Jry 48 2 fe A 58 HL L 5 . #E Tonosphere 5
£ F ,FSMOPSO i Best } 100% , AMFS i) Best
J999.82%, b FSMOPSO i 0.18% , fH AMFS
f) Avg tE FSMOPSO & 1. 10% . AMFS AU AE—4~
KOs 4 LRI 59, 7E A BOHE B AR RE R S
T FSMOPSO. 7 Wine £ & % I, AMFS /1Y Best
H NSGAFS I, {H 1 HAth 55 325 A1 H 2 fe ey 09, 11
HH Avg 2 &t . AMFS 1 DCDREA 7 % 4

Bt A b PR RE A L AL T, ANE A BB 4R
A B A A2 B AMFS B 26 ) ¢ AiF 2 60 & TU AR 4
fETM 45 F DCDREA [ &, H 3 k% F , AMFS
# AD _Best 5 AD_Avg ¥ & T DCDREA.

Zix I, AMFS B4 8 % P 68, AD _Best
M AD_Avg 2390 98.22% M 97. 11% , x5 %5 F
FE T REE IR 04 1 3 0 A8 SRR R A AR A
SRUIRVEE ARy A UR S a NI ) W (5433
B I 3t 45 B £ B, AMFS 5 NSGA- [l , MOFS-
BDE 1 FSMOPSO = # £ H br il L5540 e, 7
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P8 bR 84 % 22 5, 5 NSGAFS Z [ % A W %
2200, 5 DCDREAUA — M A 3% 22 % . I
Bl AMFS 5847 0 K 28 £ B inFE1E 3 £ 98 1k
VARG A W S Ak
4.2 AMFSHIHVFSPIEFRMERI H Tk —
K5 2 H bR R E 1 B8 7L 1Y Pareto fif 45 il
AT (HV) FIE B (SP) K 20 Hr A [F) 22 [ bR
TR bR BE , b HV g B 45 20 60 i 4 P Y
AR5 H bR 2 ] i (1 225 8 F B A 8 ST 7 R AR
. 1 T AMFS,MOFSBDE,FSMOPSO,NSG-
AFS,NSGA- I it DCDREA % FH ¥4~ Ak B br
2% S s (1,1). HV #oR , 351 i % 1k
P RE B ET . 3% Pareto P1 ) HV K T Pareto P2,
FoR P12 BE M A S0 A T P2, Xt SP g
B, D DA A ik 2k T 52 38 HL At Al e O 2R Y B
N B B bR A 25, SP RIS i SRR 5 3R AR
F 5N T AMFES F1H A 7 Fh 53 1 HV 1 SP
) L A R b AR T RN S5 SRR

mE 4R, AMFSH LM HV it KT FS-
MOPSO,NSGAFS,NSGA- I . 7£ Vowel £ ¥ %

},FSMOPSO,NSGAFS,NSGA- I #§ HV 43 4
9 0.6472, 0.6109, 0.6019, AMFS B HV &
0.9331, 4> % 0.2859,0.3222,0. 3312. 7 Wine
¥4k I, MOFSBDE By HV #8313 T AMFS, {H
AMFS i HV #{k | X T MOFSBDE. DCDREA
5 AMFS )45 AT, B 2 7F Segmentation 4 &
£ I, DCDREA ) HV # i T AMFS, {H &
AMFS (1 HV 1€ HAth 14804l 4 B # KT DC-
DREA. ¥ 560 1 25 R £ B, AMFS (9 HV B &
T REBA L IEW] AMFES 15 3 () Pareto f# £ 5
AR VE AR B, B T4 9 43 4R AN S vk g

w5/~ , AMFS [ SP ;. F FSMOPSO,
MOFSBDE,NSGA- Il . 7 Wine 4t 4 I, NS-
GAFS Yy SP 4 0.0021, tbk AMFS B§{% T 0. 0052.
&Ll Hb , 7€ Tonosphere 5 Segmentation ¥ 4E I,
DCDREA #J SP It AMFS % ¥ W& ik 0. 0008 FiI
0. 0006, {A 7£ 4% U A % 4 I, AMFS 1) & 3
B A A SRR, AMFS /9 SP ] Bt F
KREBBE L WFH b AMFES 3815 19 Pareto & 1 fi#
EEA RN a0

R4 AMFSEHEZSAMEBRBEEEHUEZNHV LR

Table 4 HYV of AMFS and other five multi-objective feature selection evolutionary algorithms

HH 4R MOFSBDE FSMOPSO NSGAFS DCDREA NSGA- [ AMFS
Vehicle 0.6533 0.5887 0.4733 0.8384 0.4433 0. 8536
Wine 0. 8859 0.7782 0.7059 0.8223 0.6679 0.8552
Sonar 0.6723 0.5995 0.5823 0.7935 0.5413 0. 8979
Ionosphere 0. 8585 0.4241 0.4786 0.9101 0.4585 0.9121
Vowel 0.8209 0.6472 0.6109 0.9211 0.6019 0.9331
Segmentation 0.8613 0. 8484 0.7513 0. 9685 0.7522 0.9563

rtest 0.03660 (—) 0. 00861 (+) 0.00097 (+) 0.18799 (—) 0.00074 (+)

x5 AMFSEZ5RME BRHFERFHUEZHSPHLLLE
Table 5 SP of AMFS and other five multi-objective feature selection evolutionary algorithms

EICE S MOFSBDE FSMOPSO NSGAFS DCDREA NSGA-II AMFS
Vehicle 0.2369 0.0182 0.0172 0.0078 0.1272 0. 0028
Wine 0.3326 0.0103 0. 0021 0.0132 0.1113 0.0073
Sonar 0.2137 0.0328 0.0129 0.0216 0.2282 0. 0067
Tonosphere 0.1879 0.0356 0. 0056 0.0081 0.2049 0. 0089
Vowel 0. 3691 0.0798 0.0139 0.0154 0. 2051 0. 0075
Segmentation 0.3189 0.0289 0.0098 0. 0079 0.1872 0. 0085

rtest 0.00028 (+) 0.03692 (+) 0.31411 (—) 0.07404 (—) 0.00027 (+)
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Table 6 Time complexity of AMFS and other five multi-objective feature selection evolutionary algorithms

MOFSBDE FSMOPSO NSGAFS DCDREA NSGA-1I AMFS
O(N** M) O(N*xM)  0(nx(N*xM)) O((nxm)(N**M)) O(N*>*M) O((nxXm)(NigNxM))
4.3 AMFS 5EREREMREERBEIMEREILER o
T RIS AMFS o6 £ e il Al i PERE L #E4T T IH Al 45
SEE ok I TOPSIS . i £ TOPSIS (ETOPSIS) .
I T B 7 A TOPSIS(BETOPSIS ) 3k ik g
AT AR A AL T [ — 5 3 45 SR A B 4% .
F Wy = by kR B R D RE 0 L T A s A 3 ®
M Vehicle, Pop % &} 50, i AR ¥ T =100, #¢ 25
. 0 0.2 0.4 0.6 0.8 1
HIRE RN . f
5
F7 AMFSEXHMINNEIRE
Table 7 Weight settings for ablation experiments of s [—
AMFS algorithm al ™ * ETOPSIS ik fif
o * BETOPS@%%M’:
TOPSIS W,=0.5 is . * TOPSISJi ikt
d- *
=—1(j=1,2
ETOPSIS b id/ ( ) 3 (b
=t 2.5
d 0 0.2 0.4 0.6 0.8 1
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R = A () 8 3 HORL EE 8 B 125 T 3 R 1 A i
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RE s . HERF UL, 5 TOPSIS # 1 19 44
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Fig.2 Three methods for selecting the most suitable

Pareto solution set

#8 AMFSHZEMHMEWER
Table 8 Ablation experimental results of AMFS

SrFRIE AR So FRAEAR K R AL

TOPSIS 0.5 3.3
ETOPSIS 0.15 4
BETOPSIS 0.3 3.5
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