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A Clustering Ensanble Based Unsupervised Feature Selection A pproach
Ling Xiaohan JiGenlin

(School of M athem atics and Can puter Science Nanjing NomalUniversity Nanjing 210097 China)

Abstract An unsipervised fatre sekction appwach is proposed which utilizes clistering to obtain the chss hbelof
data ob pct and uses ensembk techn ique to resolve the mstabiliy of clustering As clistering results generated by
san e algorithm s are usually different from each other feature sekction perfomsmultp ly and all results are can b ned
to produce final selected feamres In additbn Relefl' is amelbrated which is a supewised feature selecton algo-
rithm and is en ployed as an essential part n the appwach Expermental results show that the approach can remove
redundan t features and mprove the quality of c lustering
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(1)t=0 (C, Cyy -, C;} = kemeans(X );  //
(2)for(t=L < =T i+ +)
{ (C,C,, -, C.}=kmeans(X); //C; t i
D= fnd((CF €L o €0 €L Cl o C)): 1)
unique(I');  // r
for(i= L i< =M; i+ + )wi=0 /! t i
for(j=L j<=m; j++) [/ m
{ = mandaselect(X );
=T+ {x};
}
for eachx;, mI" do
{ {hy hy oo b ) = fndhis(X); 1/ &
{kp Fyy ooy by ) } = findmisses(X ); // x; r
update( ) wy —wi})s 11 (1)
}
}
(3)for( i= 1 i<=M; i++)
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[ 6] 3 3 Table1l Data st used in the experinent
, 1 kem eans
Irs 4 3 150
? ? Wine 13 3 178
’ In age Segn en tation 19 7 2310
[ 7] ,
s EM (Expectation M ax m ization) .
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Tablk 2 Canparisoon ofM icre-precision
Iris Wine Inage Segm entation
EM ™ EM
1 0. 912 0 944 0. 939 0. 667 0. 768 0. 867 0. 672 0. 833 0. 858
2 0. 899 0932 0. 946 0. 68 0. 822 0. 78 0. 601 0. 85 0.891
3 0. 902 0 951 0. 949 0. 643 0.83 0. 884 0. 64 0. 793 0.82
4 0. 932 0 937 0. 958 0. 677 0. 799 0. 858 0. 611 0. 868 0.901
5 0. 922 0933 0. 95 0. 691 0. 82 0. 875 0. 627 0. 851 0. 885
0. 913 0939 0. 948 0. 672 0. 814 0. 852 0. 63 0. 839 0.871
0. 014 0 008 0. 007 0. 018 0. 132 0. 042 0. 028 0. 028 0.033
2  Micre-precisbn , 3 3
[7] M Tablk 3 Results of feature selection
EM
’ Irs 43 43
) Wine 61272 1,10 4 11 6129117 513 1,4
Inage 16 9 415 13, 11 145 129,10 16 14,5, 7, 6
’ ’ Segnenitation 8§17, 19 10 11 17 19
2
Iris EM M icre-precisbn ,  Wmne  Inage Segnentatbn
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