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Feature selection method based on integration’ of
mutual information and fuzzy C-means clustering
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Abstract: Plenty of redundant features may reduce flie\pérforménce’ of data classification in massive dataset, so a new
method of automatic feature selection based on the ingégpation of Myttial Information and Fuzzy C-Means ( FCM) clustering,
named FCC-MI, was proposed to resolve this problenf Firstly, "MJ and its correlation function were analyzed, then the features
were sorted according to the correlation value.\\Secondly, «the data was grouped according to the feature with the maximum
correlation, and the number of the optimal features Were/determined automatically by FCM clustering method. At last, the
optimization selection of the features was performgd uSing correlation value. Experiments on seven datasets of UCI machine
learning database were conducted to compagre £OC-MI with three methods come from the literatures, including WCMFS
( Within class variance and Correlation MeaSure Feature Selection), B-AMBDMI ( Based on Approximating Markov Blank and
Dynamic Mutual Information), and T-MY:GA (Two-stage feature selection algorithm based on MI and GA). The theoretical
analysis and experimental results shewjthat the proposed method not only improves the efficiency of data classification, but also

ensures the classification accurighuand automatically determine the optimal feature subset, which reduces the number of the

features of the dataset, thus it i¥ suitable for feature reduction and analysis of mass data with large correlation features.
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selection algorithm based on MI and GA) , ZEXTHE2E > 70248
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fil Markov blanket 1 3f) 4% . {5 B 4 B A9 45 1L 1% # 8B &
B-AMBDMI( Based on Approximating Markov Blank and Dynamic
Mutual Information) , DA 37 35 [] & #/ ( Support Vector Machine,
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3.2 XWHE

T BUEA SRR MR T EAR B H R Ry
AR, A SR T SCHR[2,5,9 T AT IR i T EE A
XEEFRE, Kb R [ 2 R ET RN EESHXE
S B 5 AL 1 B 7 1= A B O WCMPFS ( Within class variance
and Correlation Measure Feature Selection) , 3CHR[ 5 ] 3% H i3
FIEAL Markov blanket FI 25 H 15 8 B9 FHIE e BB HL 61 PR
B-AMBDMI, SCRR[9 ] 4R BT 05 B AR B H R B
BRI S B B #i o T-MI-GA, X =R 5k Rk T B 145
EEHE L R RAETH, BA SRR, i TRF
B EERE , o 3liE H R A ek A TR T AR I
HARNBAFE TR/ CFESE ) IR 2 s, A4b,
RS B B FRIE 74, R A Naive Bayes( NB) Jy/p2a8xt
X7 AEARE AT 3, I M AR S B AERR R RIB T
WE (LR s) MR 3 SR 4 PR, TESKEF , A3 FCC-MI
BIETE{E S, B 0.9, FCM Bk iy RUECH 10, HAth =7
BEEMASEN R T WA B X, LRIFE R
CPU P4 3.1 GHz, N7 2 GB, 4T Matlab 7.10 ( R2010a)
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F2 HEHEZEBIMNSEFEXD

BiE% R4 HE WCMFS T-MI-GA B-AMBDMI  FCC-MI
Soybean-large 35 10 13 23 8
Anneal 38 18 15 21 12
Sonar 60 22 6 10 )
Ionosphere 33 10 12 7
Zoo 17 12 8 8 8
Glass 9 6 3 4 3
Lung-cancer 56 5 4 13 4
HE 35.43 11.86 8.71 12.57 6.71
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BymsE WCMFS T-MI-GA  B-AMBBMI  FCC-MI
Soybean-large 93.44 92.84 94.31 92.36
Anneal 98.85 98.78, 98.18 98.95
Sonar 80.72 77.40 83.68 90.16
Ionosphere 94. 68 93.62 93.41 95.73
Zoo 77.53 82.57 83.65 82.78
Glass 90.73 91.66 90.73 95.87
Lung-cancer 97.66 96.77 97.71 98.39
ooliz 90.52 90.52 91.67 93.46
x4 ETEWIETENMBERARELETHENE s
BiEse WCMFS  T-MI-GA B-AMBDMI FCC-MI
Soybean-large 0. 006 0.038 0.019 0.061
Anneal 0.005 0.036 0.012 0.048
Sonar 0.004 0.009 0.014 0.015
Tonosphere 0.004 0.008 0.013 0.020
Zoo 0.003 0.008 0.007 0.009
Glass 0.003 0.007 0.006 0.013
Lung-cancer 0.003 0.005 0.005 0.004
HH 0.004 0.016 0.011 0.024
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RAATEATLT B Z—RASCIHR N T R RA SRR, B
BRI J5 i R IR R R P AL 4 45, S RE SRR TR R AE
THENDINEE ., SAREEDH RS EE, WHTH A
AR o 4150 B B 2 R BAE SR TR FR{EL Sy AU FCM
BRE R ARBSH TR A TR, X280 Bk
WA LA F ik — 5
Sk
[1] WUS, ZHANG W, HUANG H, et al. FD-CABOSFYV interval vari-

able high dimensional data clustering [ J]. China Journal of Informa-

tion Systems, 2011, 5(2): 77 -87. (BF%, JK3CWH, BT 24, 4.

FD-CABOSFV IX. il 4 B 5 4 O B [ 1] 1% B R 4 ##,

2011, 5(2):77 -87)

[2] ZHANG X, SUN Z, XU G, et al. A feature selection algorithm
combining within-class variance with correlation measure [ J]. Jour-
nal of Harbin Institute of Technology, 2011, 43(2): 133 - 136.
(KDL, IVIE, R, & — RN T2 EHRIES S
EEFFREIT]. RRE T RS, 2011, 43(2): 133 ~
136.)

[3] RATA G A, VEGA J, MURARI A, et al. Improved feature selec-
tion based on genetic algorithm for real time disruption prediction on
JET [J]. Fusion Engineering and Design, 2012, 87(9): 1670 -
1678.

[4] ZHANG Y, YAN Y. A feature selection method based on adaptive
genetic strategy [ J]. Joural of Changchun University of Techonolo-
gy, 2010, 31(2): 126 -130. (K=ZM, H—2h. —METHE
REEARSRUE FIRHE IR B R R[] . KB Tl K224, 2010, 31
(2):126 -130.)

(F#:% 2649 W)



%94

HNEFF HFWAREERBABALBRBRERE FHEA

2649

SE 3k

[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

LI J, XU J, LOU Q. The research of real protection management
system for the wide-band net information security [ J]. Microcomput-
er Information, 2004, 20(2): 97 -98. (Z=4fh, 1k, BRI53E. o5
MR R E AL R E AL MPTRT] . BOTENIER,
2004,20(2):97 -98.)
LIN Y. Design of peer-to-peer communication network security model
based on IP technology [ J]. Microcomputer Information, 2005, 21
(10X): 1 -2, (MR ZET TP BR IR xSl (5 4 22 AR
ST L. HOTENME R, 2005,21(10X): 1-2.)
WANG Y. Intemnet communication security based on IPSec protocol
[J]. Microcomputer Information, 2003, 19(12): 123 —128. ( F#i
J5. HT 1PSec %A PIY Y Internet SEAF 4 J]. HOTENE R,
2003,19(12):100 —102.)
CHEN ]J. Theory and method for research on covert secrecy commu-
nication based on steganography [ D]. Zhengzhou: Information Engi-
neering University, 2012. (PR 5. ZTRERWEBAEEER
B 577 RS D] RN 5 R LA, 2012.)
CHEN J, ZHANG W, HAN T, et al. An efficient adaptive image
steganographic method for + & embedding [ J]. Acta Automatica
Sinica, 2013, 39(10): 1594 - 1601. (B&# H, KT, B,
5. BB ek BEMERBEARII. B3R, 2013,39
(10):1594 —1601. )
ZHANG H, PING X. Spatial steganography detection using merged
DCT features [ J]. Journal of Information Engineering University,
2012, 13(6): 646 -649. (K=, SEVEE. i fHiE 4 DCT FR1ER
WIMEBE AL 5B TRERFESM, 2012, 13(6) : 646 -649.)
BENDER W, GRUHL D, MORIMOTO N, e al. Techniques for
data hiding [ J]. IBM System Journal, 1996, 35(3/4): 313 %336
WU D-C, TSAI W-H. A steganographic method for imageg by ‘pixel-
value differencing [ J]. Pattern Recognition Letters, 2003,%24( 94
10): 1613 -1626.
LIU J, HANT, ZHANG W, et al. A histogram-preserving tegatog-
raphy based on wet paper coding and graphic matching $heory [ J].
Joumal of Electronics & Information Technology, 2011, 33(3): 592
-596. (XUJLAY, Wbk, K LB, 48, —Rho: TImaRgm 75 0 [ DT e
BB BT BB L] BT 515 Bk, 2011, 33(3):
592 -596.)
CHEN J, LIU J, ZHU Y, et al. Cryptdgraphic secrecy of stegano-
graphic matrix encoding [ J]. Joumalon Communications, 2012,
33(6): 174 -179. (PhZH, XY, SRR, 5. BER DA%
RIS R A T] . B 1R 4], 2012, 33(6): 174 - 179.)

[11]

[12]

[13]

[14]

[15]

[16]

(1%

[18]

[19]

CHEN J, WANG C, ZHANG W, et al. A secure image stegano-
graphic method in encrypted domain [ J]. Journal of Electronics &
Information Technology, 2012, 34(7): 1721 -1726. (fimH, £
i, T, . Ze N SORERRERIT. A F5EAS
12,2012,34(7): 1721 - 1726.)

TAN Y. Comparative study of information hiding method based on
text typesetting format [ J]. Computer and Modernization, 2013
(6): 52 -56. (UEEE. HFCAHE RS 2015 B BRI s e
BRI AL S AL, 2013(6) : 52 - 56.)

HUANG S. Research on information hiding based on PDF file
[D]. Changsha: Hunan University, 2011. ( # & . #£T PDF 3¢
PSR ERIREORBSEL DI . 1Y IR, 2011.)

LIU Y, SUN X, LUO G. A novel information hiding algorithm
based on structure of PDF document [ J]. Computer Engineering,
2006, 32(17): 230 -232. (XA 4k, PhEWH, PN, —FhFrH
F PDF SCRYZ5H 5 B R B2 [ J1. 3H 501 A8, 2006, 32
(17):230 -232.)

TAN G. Digital watermarking algorithm for PDF document [ J].
Computer Engineering and Applications, 2012, 48(32): 85 -88.
(L EHE. PDF OB H i —<E K ENE L LT] . AL TR S
R FH,2012,48(32): 85 %.88.)

ZHAO L, GU Z, FANG Z, et al. An anti-fake method based on
visual characterigti¢“aind morphology screen coding [ J]. Journal of
Optoelectronids ¥ laser, 2008, 19(11): 1526 - 1529. (¥ 7,
SR Oy Ty e B, 55 — PR TS R B TR 25 ) G s B 4R A
BUR BB th Jr ¥k [ 1. Sty 7 ¥ol, 2008, 19(11): 1526 -
15297)

GUO W, LIU Y, YANG B, et al. Research on information hiding
technology in paper based document [ J]. China Printing and Pack-
aging Study, 2013(2): 30 -34. (EfH, T &, Bk, %. Gk
AU BICRY P A S BERBOAR BT T] - Hh [ B 5 L e BT
2013(2):30 -34.)

SU Y. The random problem on the FM screening [ J]. Journal of
Institute of Surveying and Mapping, 2001, 18(3): 226 -228. (7
K SE. VEATHIN PO e (RO BEATLIT R T] . 2 5 B 24 4R, 2001, 18(3)
226 -228.)

ZHOU X, SHI R, AN J, et al. Study of FM screening efficiency
based on multiplicative congruence pseudo-random algorithm [ J].
China Printing and Packaging Study, 2011(3): 15 —20. ( W,
ST, TR, S5 BT A Oy BEALSE MR K AT IR BT
[J1. "PEER ST, 2011(3): 15 -20.)

(k3% 2611 W)

[5]

[6]

[7]

[38]

YAO X, WANG X, ZHANG Y, et al. Ensemble feature selection
algorithm based on Markov blanket and mutual information [ J].
Journal of Systems Engineering and Electronics, 2012, 34(5): 1046
-1050. (¥, EBEFE, HKEE, % FTF Markov blanket F1 5.
R BIHERFERET. RETRSE THA, 2012, 34
(5): 1046 -1050.)

SYLVAIN V, TEODOR T, ABDESSAMAD K. Fault detection and
identification with a new feature selection based on mutual informa-
tion [ J]. Journal of Press Control, 2008, 18(5): 479 —490.

GUO B F, MARK S N. Gait feature subset selection by mutual in-
formation[ J]. IEEE Transactions on systems, Man and Cybernetics
— Part A: System and Humans, 2009, 39(1): 36 -46.

HSU H H, HSIEH C W, LU M. Hybrid feature selection by combi-
ning fliters and wrappers [ J]. Expert Systems with Applications,
2011, 38(7): 8144 -8150.

[9]

[10]

[11]

[12]

QIU G, WANG N, WANG W. Two-stage feature selection algorithm
based on mutual information and genetic algorithm [ J]. Application
Research of Computers, 2012, 29(8): 2903 —2905. (EEHk, £
O, IR, LT H A S A0 AL Ek T B A T
[J]. FHEHL BFFZE, 2012, 29(8): 2903 -2905.)
ESTEVEZ P A, MICHEL T, PEREZ C A, et al. Normalized mu-
tual information feature selection [ J]. IEEE Transactions on Neural
Networks, 2009, 20(2): 189 —201.
XIAO M, LIUY, ZHOU X. A property optimization method in sup-
port of approximately duplicated records detecting [ C]// Proceed-
ings of the 2009 IEEE International Conference on Intelligent Com-
puting and Intelligent Systems. Piscataway: IEEE, 2009, 3: 118 -
122.
BLAKE C, MERZ C. UCI repository of machine learning database
[EB/OL]. [2013 —03 —15]. http: //www. ics. uci. edu/ ~ ml-
earn/MLR epository. html.



