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Parameter Automatic Optimization for Feature Selection Fusion Algorithm

WU Jun, KE Liu-Ting, REN Jia
(Faculty of Mechanical Engineering and Automation, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: In view of traditional feature selection methods such as information gain algorithm have preference for
selecting features that have more values, Pearson correlation coefficient alone cannot be used to deal with nonlinear
correlation, and optimization of algorithm parameters is too tedious, a feature selection fusion approach is proposed based
on maximum information coefficient and Pearson correlation coefficient. Moreover, this approach ‘makes use of genetic
algorithm to optimize parameters automatically. In the first stage, the feature selection is carried out according to the
maximum information coefficient and the correlation between features and tags. In the second stage, Pearson correlation
coefficient is used to reduce the redundant acquired features. Furthermore, two hyper—parameters in the first two stages are
optimized automatically based on genetic algorithm. The experiméntal results show that the algorithm can reduce the
dimension of feature space and improve the classification performance.
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H(X) N:

H(X) == p(x)log p(xi) (1)
i=1

L2, A RFR MBS R Y
LA B A AR PR 4 A, B R (2) %
HXY) =" p0) ) pGdnlogp(aly) — (2)

yey xeX
X 3043 S TR T LA d e T A B
M A SCBREE. BA5 B @t (1) MK (2) HiE
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IX;Y)=HX)-HX|Y)=H(Y)-H{Y|X) (3
wJa AR (2) F1aK (3) ATfS:
0 < I(X;Y) < min{H(X), H(Y)} (4)
Reshef 2 A\ U7 H ) 50k BL45 2 R % (Maximal
Information Coefficient, MIC) JG 75 Xt EU4# 43 A1 4T AT
AT VRS T DY A7 A2 B 1) B bR Bk RN G TR R ZE
VLA A P A A A MR R R AR A, I AR 2 s
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Ko R, A LA BT R PR s 3950 1 W HE %
FARAKMRBRR, Bt THIFGER, MIC 5k
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I (X ¥) = —— ) )
min{H(X),H(Y)}
1.2 F/REMEXFRE
JZ /R b AH % 2% (Pearson Correlation Coefficient,
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B O F BB /N FIAHE G e 45 S 10508 B 8 2 AL
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Sk 3. 48 B L BE SR S HU A B L

IR 1. ARG E RN NIND RIS et R s IR 24 a 7 b,

IR 2 RS E a. b &G B PR AN Y AR
L AREAE 782, B3 3E L 6 B fitness = AR + BMHS S AN YL otk iy
I N BEAH fitness, FFICIRANFE SR 55/ 0NIE NS fitness * % R
S a*. bR HA R FIRGE R PRERE, M RoRFTE+
SEPRHER AN B, N RORVIIR SR T BT A RHER AL b 4 A0
B 5B R H SCHR[18]45 2 FRAEH R AN F LK BEXT N AN S 4,
AE[1,0], BE[0,1-A]).

AR 3. BRI AIREL ¢ BIVME M KIS AR S MAXGEN.

IR 4 A HBEEET RS o b, ERKE e =1+1, BED
TR 2, 5 ARG B A fitness*/N T T S fe eI R P AH.
fitnessbest, W fitnesspes, = fitnessx, 78 # X NS E a*F b*, H
RS a €2, N, bE [Min(PCCs), Max(PCCs)], Min(PCCs)
Max(PCCs) 43 MR EAT 5 BIRFIE Z 18] 1 B ZRdb A 26 2R 2 e/

(ERIBORA. Hob o (BB (2, NV T i (A RS R

A A e, dor/ME I 2 TASZ I 1 5225 8 2R S 4o 7oK,
IR S, FIEAEL ¢ 55 T BRI MAXGEN, 1L
T3 S e 38 N E A fitnessbest %ﬂﬁﬁﬁ%}iﬂl a~ b.

W

3 SeE AT

AN b SCHE H ) MICP-GA S ] Sk, A
WHCT 5 A UCTARHERE 4. 32 2 Ak 3 3l T
XA R BARAE B L B S B R 4
B 1T AR 73 28 E I ) 70 B HERf 2.

TN R M A2 AT AN L, 3 R O T o Bl
MICP-GA. HltA] MIC ik £ LA K B fs F R /R
AAH K RECRRAE LB, FEMNR I FE A, K 3 AR 3 4%
J7 G =R R 4y B K BRI AR 73 25 %% (K-Nearest
Neighbors, KNN). BEHLARAM 52548 (Random Forest,
RF) 157 £ & 41 (Support Vector Machine, SVM) 45
GG, X FIREHE A TIR, &5 B 5 R85 i e
AR 4 Fiow, FEREBEIRWE 5 FioR, FH53E B
FERREINE 6 Fros. X L3R 3 MIEE 4 [0 R uErf 2, 7]
LA SR H R SR R B B ) SR T A ] B4R
TF, VL) MICP-GA £E48 % 51 oA (ESE 8 11201 21t i

7 20 R RO, AR 3% ) 6 2 AU ) £
fi&, Iﬂdﬂw‘@t% MICP-GA 78 537 FERHE A2 1l 2 1] ) A
TR MEREAE R R R, R T F GiAl % R B b B 9E
2 OC R AR BUAUE (¥ 1 1, FEARSE MIC P59 5k 1 Wi il
B A IO AR RFAE A MR — A, B hf b g5 4 T ig H MIC
HPCCs [FRFAE i 8 M A 75 43 28 200 RE B B i A
MIC 8 PCCs W B4R, [FI, 4563 5 R R T AN FRHE
B TTIE R RN AR U, R B Tz
TR B AT KR 4 P 7 TH AT AR I R I, RE 95 AT U bR
FNZ G ASHH O R AE LA S TU AR RRAIE, A g 22 2] ik
WA KEMIEHA, 37 7817808, 4 BTk, &
SCHE I BVE T 4028 B 1 R R 28 501 2 T8 [ 2k A O
M L BCREAE 2 T8 (K TU A3 P, R A 28000 50 33k A7 e 4

\
22 PRHR [ 0 S0 2 1 4 v e A s 8 4 T 2K
Hif e FEAEL FRIEHL FrEH HER 2. : =
Glass 214 9 7 2 V= . . s
e o . ) H3 A KRRV SO P 340 e
G KNN RF SVM
Sonar 208 60 2 —_
Glass 0.652 0.696 0.658
Ionosphere 315 34 2
Breast 0.959 0.963 0.949
Vehicle 846 18 a7
Sonar 0.799 0.771 0.839
Wine 178 13 3
- Ionosphere 0.817 0.829 0.822
®
T’f?]ﬂﬂifﬁ'zp, @ﬁa P'ython3 iﬁﬁéﬁﬁ, #E@Eﬁﬁ T%L'%)ﬁl Vehicle 0.678 0.725 0.784
e N N Wine 0.951 0.958 0.958
41 28 SCIRAIE A TR 6. B R R AT 3 AR i B
x4 HETARRFHEER LN R BN PR s ERE
e g KNN RF SVM
MICP-GA MIC PCCs MICP-GA MIC PCCs MICP-GA MIC PCCs
Glass 0.706 0.706 0.673 0.858 0.858 0.718 0.864 0.864 0.680
Breast 0.974 0.974 0.969 0.980 0.980 0.966 0.983 0.983 0.963
Sonar 0.871 0.843 0.814 0.949 0.925 0.794 0.892 0.875 0.866
Tonosphere 0.899 0.887 0.833 0.887 0.863 0.857 0.890 0.876 0.854
Vehicle 0.733 0.730 0.705 0.823 0.803 0.787 0.837 0.833 0.822
Wine 0.985 0.985 0.963 0.990 0.990 0.974 0.986 0.986 0.977
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RS T AFRHLIER 5K 70 JE88 KT R IE R R

. KNN RF SVM
pERES
MICP-GA MIC PCCs MICP-GA MIC PCCs MICP-GA MIC PCCs
Glass 0.444 0.556 0.889 0.444 0.556 0.889 0.444 0.556 0.889
Breast 0.444 0.556 0.889 0.444 0.444 0.889 0.444 0.444 0.889
Sonar 0.567 0.700 0.867 0.567 0.733 0.833 0.750 0.850 0.900
Tonosphere 0.412 0.471 0.824 0.412 0.500 0.765 0.441 0.559 0.765
Vehicle 0.278 0.500 0.667 0.222 0.444 0.556 0.222 0.389 0.556
Wine 0.539 0.539 0.846 0.462 0.462 0.846 0.462 ¢ 0.462 0.846
K6 FETAFERFAEILHETT 12 70 28 45 (1~ 20 L A e

g KNN RF 5 SVM
MICP-GA MIC PCCs MICP-GA MIQ_ ! PCCs MICP-GA MIC PCCs
Glass 0.294 0.294 0.327 0.142 L 0.142 0.282 0.136 0.136 0.320
Breast 0.026 0.026 0.031 0.020 ©0.020 0.034 0.017 0.017 0.037
Sonar 0.129 0.157 0.186 0.051 0.075 0.206 0.108 0.155 0.134
Tonosphere 0.101 0.113 0.167 0.113 0.137 0.143 0.110 0.124 0.146
Vehicle 0.267 0.270, 0.295 0.177 0.197 0.263 0.163 0.167 0.178
Wine 0.015 N 0.015 0.037 0.010 0.010 0.026 0.014 0.014 0.023

¥
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woHA, | e % R ILIR TS N

A, H R J0 i DR I 3R BA R E 1 2 HE G R IA R

border detection in intravascular ultrasound images.
Ultrasonics, 2019, 92: 1-7. [doi: 10.1016/j.ultras.2018.06.

Wrapper 5244 7] T~ 35 HUHE Aff 22 50 s IO RRAIE 146, BT DAL 012]

N [ e AR — FRCIZE i T 138 . AR SCEE R B B RR 7 511 4 Zhu XF, Li XL, Zhang SC, et al. Robust joint graph sparse
B, B H TS SR T MICP-GA J7vk, AT E coding for unsupervised spectral featire selection. TEEE
ST W AR A 9F AR UCT A £ 45 o e i Transactions on Neural Networks and Learning Systems,

2017, 28(6): (1263-1275. [doi: 10.1109/TNNLS.2016.
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5 Chang XJ; Yang Y. Semisupervised feature analysis by
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WKL 10T AT WL A% 498 1 4 Joy 4 3R SR A ik REMNIZ 55 2 A JBE

mir;ing correlations among multiple tasks. IEEE Transactions
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