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Relative k Sub-Convex-Hull Classifier Based on Feature Selection
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Abstract; The £ sub-convex-hull classifier is widely used in practical problems. But with the increase of
the dimension of the problem, these convex distances calculated by the method are very close to or even
equal, which seriously affectes the performance of classification. To resolve the above problems, a rela-
tive & sub-convex-hull classifier based on feature selection (FRCH) is designed in this paper. Firstly, the
definition of the relative 2 sub-convex-hull is introduced according to the shortcomings of absolutely con-
vex hull distance. Then, the feature selection is carried out by using the discriminant regularization tech-
nique in the 2 neighborhood. Moreover, the feature selection method is embedded in the optimization
model on the relative £ convex hull. Through these efforts, an adaptive feature subset in different catego-
ries for each test sample can be extracted, and a valid relative £ sub-convex-hull distance can be obtained.
Experimental results show that our FRCH not only can make the feature selection practicable, but also
significantly improves the classification performance of the 2 sub-convex-hull classifier.
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Tab.1 Experimental data sets

4= GRS FEAS mE® R || w5 EVEITE S AR B R
1 balance-scale 625 4 3 11 isolet_norm 600 51 2
2 BCI 400 117 2 12 LIBRASMovement 360 90 15
3 breast-w 699 9 2 13 liver-disorders 345 6 2
4 bupa 345 6 2 14 segmentation 2 310 19 7
S COIL2 1 500 241 2 15 vehicle 846 18 4
6 digits 1797 64 10 16 wdbc 569 30 2
7 ethn 2 630 30 2 17 Yale 32x32 face 165 1024 15
8 glass 214 9 6 18 Yale_64x64 face 165 4 096 15
9 ionosphere 351 34 2 19 ORL_32x32_face 400 1024 40
10 iris 150 4 3 20 ORL_64x64 face 400 4 096 40

R2 3MEZETAREE LS LFRELE

Tab.2 Comparison of classification error rates for three algorithms on different data sets

CKNN H& kCH & FRCH &%
M B
balance-scale 0.110 5 0.004 3 0.093 8 0.003 9 0.057 3 0.003 5
BCI 0.440 3 0.013 1 0.375 3 0.012 3 0.3218 0.010 7
breast-w 0.031 6 0.001 6 0.026 8 0.001 8 0.010 7 0.001 1
bupa 0.3520 0.007 1 0.346 7 0.016 6 0.3025 0.010 7
COIL2 0.0350 0.001 4 0.000 9 0. 000 3 0.000 4 0.000 5
digits 0.016 4 0.001 3 0.010 1 0.000 6 0.006 9 0.000 1
ethn 0.025 2 0.001 0 0.010 5 0.001 0 0.008 5 0.000 8
glass 0.383 4 0.013 7 0.284 5 0.017 1 0.247 2 0.012 0
ionosphere 0.157 5 0.005 2 0.1250 0.006 0 0.079 2 0.004 3
iris 0.038 7 0.004 2 0.040 7 0.002 1 0.030 7 0.001 1
isolet_norm 0.008 0 0.002 0 0.003 2 0.001 1 0.002 2 0.001 1
LIBRASMovement 0.398 2 0.010 7 0.167 3 0.007 1 0.110 0 0.007 6
liver-disorders 0.352 0 0.007 1 0.346 7 0.016 6 0.3025 0.010 7




1010 HIEREEHLA®E Journal of Data Acquisition and Processing Vol. 32,No. 5, 2017

(40
CKNN H& kCH & FRCH &3

HE Eﬁ;’j‘ o 0 2 i;;?f o 0 2 3;;?;? ot 0 2
segmentation 0.050 2 0.001 8 0.038 3 0.001 6 0.034 9 0.001 2
vehicle 0.3019 0.006 9 0.222 7 0.006 4 0.187 8 0.006 7
wdbc 0.027 1 0.002 0 0.027 2 0.003 1 0.017 4 0.002 2

Yale 32x32 face 0.423 0 0.015 2 0.290 3 0.011 4 0.2133 0.013 6
Yale 64x64 face 0.310 0 0.012 2 0.274 0 0.007 7 0.2450 0.007 4
ORL_32x32_face 0.267 5 0.007 3 0.060 5 0.002 6 0.033 2 0.002 1
ORL _64x64 face 0.253 5 0.006 1 0.041 0 0.002 7 0.0315 0.002 1
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