2020 4E 1 A
FaE F1H

BN R 2 2 4l (TS )

Journal of Zhengzhou University ( Engineering Science )

Jan. 2020
Vol. 41 No. 1

XEHS:1671-6833(2020)01-0049-09

ETHU VT ERNFIERFRT ET KGR

FH#w', R

ﬁ?la

Bk, BRAE

CLASHIR S s TR =B, T g KM 4500015 2,558 P4 22 B R4l 2 H 7 TR S TS pLABe , vt

22 BRI 6140)

W OE. BEABRIRBRBRANESET PN ERES R R REF I ok
b, PRI F A kA B B RS A AUE] TR R P 6 AR R R oy R I R R A AR AE
MPFETTZER, GFEAT — R, BEANBT HIERFGRRER ; RE AT F R et
B BRI TFEREN AR RUEF T RRFTT oS, RETHT S A T F e
ARSI R B G 0 P M AL A B A Rt —F MBI @,

KEEW . ok, S, ks
FESES: TPIS XHEFRERD . A

0 355§

B R i A Bk B A2 48 AL g 2
IR IE 2 B T BN AMIFSE N DL
1Z R, FRIEYE £ (feature selection, FS) J& —
WL FRAE P L — 26 A AR M B R AR LR
TRAFAEZS M AE B 78 R R 8 ApL a8 = >
ROCHE R 2 — W TR I A bl 7 >, —
ANUF A T FEASE I 253 2 4 1 OB, AR A Hh 2
AL B A AAHOCE T UARFAE H 3R 0 43 e i)
PERE . FRIEIEFE R B A& 5 H A ke ] 81 0 250
R B/ NRFIET4R T SR AR A v
ISR S TN TC A 7 A LA B30 %) 4, fin ke
o] b R AT Ak )RR RN R A o B
RE' . AR RRAE E R R AR B — A R R
FRIEFER I OG5

PR v )RS B — 2R IR A A | s
FHEAEF2ME B HWG A T IR bl
A HRAE R ARSI A R A (R EOR, e iR AU
FHARICHEAME, X T — D 0 AFHER)
BARLE RRIE THMANBOA 2" AN B )
SEANVERYIE N, VF 22 SRS 1 AR 4 B2 AR 8
W AR e PR A B B PR, R 2B

I fs BB :2019-08-11; 81T HHA.2019-11-23

doi; 10. 13705/].issn.1671-6833. 2019.04. 026

DU 55 2 R a0 5 Bl AR W B IR IE 7 4R P
EATTRESHLN . HETC A2 RBORN T
FHIEREPE , o8 40 R ST R 8 AR
BEHLIE R B I REORTERAE R £E 11K
1 THORIY N B R 2805 145 5 ba N\ s i i
e, JF B S siA g R, 75— AL
18 4 R 8 R AR S b DR AR I 56 ) R
AT (evolutionary computation, EC) .k
Y F AR A E W SR, R — 28 T AT A 21
B Dl A TR AU . EC HoR
PRHESR R A8 42 Ry A R AR T R 1 45 2 P 8 A 56
TE, ITAFSR B 2 N TRAE e FR R L, SR,
A () SCERXT I SE4F EC FEFFAEEBE 1 A iy HH ik
ZARMMAGE M THE, T I, EHX EC 747
AESeFE LN A 5C SCHREAT 1 20 B FILELSS , 25
BGRB8 52

1 FEEFHERIELR

IR e 2 BSR4 BT A 4L ALY
R (A h M A G F AR R 124
Ak VFZHTTEE AN [R) (4 £ B X R ik e £ A7
5E X, Koller 551 MALZGE I 1 52 X, 44 5E n A
JEARRFAE  FFAELEPEAYAE 55 2 I R/ m 1Y

ESWH. BEX AR LS E W E (61922072, 61876169; 61673404 ) ; 10 FF 44 /& 25 2 & & & L 0F 01 B
(20B120002) il R 48 (e AL H 4B THUM B SRRl m B
BISIEE BB (1981— ), L TR RN KM R4 208, 1, Pl 2R 0, SR AT T 3 e 5 N Y,

E-mail ; liangjing@zzu.edu.cn,



50 TN R 22 2 4R (T 5 JRD

2020 4F

FEE T 45 T (m<n) BEEEDEA R BCEL AT fi A0 17
JE (1 — A FFAEF4E . Narendra 250 4351 A $E 125 790
RS 52 0 3 A £ B S, FEDRIE S5 SR 200 4 5 i
GRS A S AT REAR LAY 250 B it D
ARSI, I ELIA BT 36 485 A R A rp 27 2 15 31 4 2K
() FUAR AN 22 i BEAIR, Kira 5510 2 SCHEAR
THOUT  FE PR SRR R LR B FRY
T/ INVFFIE T4, Dash 450 5 X 7670 A 35 1
TRATFEPERE RN AR 73 2 o0 A B 55 1 e B R i
INRFIE AR . RN RSS2 SURRIE R 1Y)
& SRR, 25 I E P2 B AR T4 —A
RENS 10 150 H AR E & 0 e N AE T 45, Dash
S T R A — B R AN 1 PR
FHETFH

| wwpe | Frem

B1 FEEENERER

Figue 1 Basic framework of feature selection
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Figue 2 Number of papers on EC for feature selection
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Research on Evolutionary Computation for Feature Selection

WANG Yanli', LIANG Jing', XUE Bing’, Yue Caitong'

(1.School of Electrical Engineering, Zhengzhou University, Zhengzhou 450001, China; 2.School of Engineering and Computer

Science, Victoria University of Wellington, Wellington 6140, New Zealand)

Abstract: Feature selection was an important task in data mining and machine learning to reduce the dimen-

sionality of the data and increase the performance of an algorithm. Evolutionary computing algorithms recently

gained much attention and shown some success in feature selection problems in recent years by simulating the

natural biological evolution mechanism to complete the optimal solution of the search problem. The basic

framework of feature selection was introduced first. Then the search mechanism, subset evaluation strategy and

objective number of feature selection methods based on evolutionary computation were analyzed and summa-

rized. Finally, current issues and challenges were also discussed to identify promising areas for future research.
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