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Abstract; Several kinds of current boundary classification methods based on hyperplane, hypersphere
or ellipsoid were studied, and a novel classification method called Maximum—margin Fuzzy Classifier
(MFC) was proposed by using a space point as the classification criterion. By the proposed method, a
fuzzy classified point ¢ was chosen in the pattern space firstly, which should be as close to two classes
as possible. Moreover, the angle between the two classes should be also as large as possible. Then,
the testing points could be classified in terms of the maximum angular margin between ¢ and all the
training points. Finally, the applications of the MFC were popularized from two-class classification to
one-class classification according to the kernel dual of MFC equivalent to the Minimum Enclosed Ball
(MEB). Comparative experiments with current classification methods verify that the MFC has good
classification performance and noise resistance ability and its classification accuracy has been reached
98.9%.
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Fig. 1 Structure of proposed algorithm
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Tab. 1 Datasets used in two-class classification experi-
ments

Datasets  # Total  # Classl  # Class2 Dim
Wine 125 55 70 13
Iris 100 50 50 4
Liver 345 145 200 4
Heart 190 145 45 13
Spectf 225 190 35 44
Ecoli 125 75 50 7
Glass 145 70 75 9
Pima 765 265 500 8
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Tab. 2 Experimental parameters in two-class classification

Datasets C-SVC »-SVC KNN MFCD MFCC

Wine  C=0.01 6=x/2/2 v=0.1 6=x/2/2 K=9 (C=0.5v=5d0=x C=0.5 v=5 0=+2 x
Liver  C=0.01 6=+2x v=0.5 6=/2 x K=3 (C=0.1v=16=2/M2 C=0.1v=56=23/2=x
Heart  (C=0.01 6=2/2x v=0.1 6=2/2/2 K=7 (C=5,=0.106=232x C=0.1v=106=232x
Spectf  C=1 6=2z/2 v=0.1 6=2x/2 K=7 (C=1v=0.58=+/2 x C=0.1v=10 =2 —=x
Ecoli C=0.01 6=2/2x v=0.18=23/2x K=7 (C=5v=56=32<« C=5v=16=3/2x
Glass  C=0.5 6=z/2 v=0.1 6=z/2 K=3 (C=0.1v=506=2/2/2 C=0.1+v=56=x/"2
Pima  C=0.01 6=x/3/2 v=0.10=2/2 K=7 C=0.1v=138=a/"2 C=0.1v=5d=x
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Tab.3 Results of two-class classification (%)

Datasets C-SVC vSVC KNN MFCD MFCC
Wine 91.7 93.3 96. 3 95.0 98.3
Liver 63.5 65.9 62. 4 73.5 68. 8
Heart 78.1 75.6 67.1 88.8 88.8
Spectf 66. 0 66. 3 92.0 94. 6 91.9
Ecoli 91.7 91.7 88. 3 91.9 93.3
Glass 63. 2 61.8 56. 8 68. 6 62.7
Pima 66. 2 67.3 66. 5 71.8 64.7
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Tab. 4 Datasets used in one-class classification experi-
ments

Datasets # Normal # Abnormal  Dim
Balance 288 30 4

Haberman 225 15 4
Abalone 689 30 8

Hayesroth 51 10 5

Torosphere 165 25 34
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Tab.5 Parameters in one-class classification experiments

Datasets SVDD  OCSVM MFCD

Balance §=x/2/2 6=3/2x (=5 =5 o&=x/A2
Haberman §=4/2/2 &=z C=5 =5 6=1/22
Abalone §=1/32 d=x (C=0.5 v=0.1 d=2/3/2
Hayesroth  8=x/2  80=x/2 C=0.5 v=0.1 d=1/2/2
lorosphere  0=x o=x C=0.5 =1 6=2x
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Tab. 6 Results of one-class classification experiments (%)

Datasets SVDD OCSVM MFCD

Balance 89. 8 91.8 93.9
Haberman 86. 3 86. 3 98. 8

Abalone 75.9 68. 3 76.9
Hayesroth 85.7 92.9 92.9
lorosphere 80.0 75.0 85.0
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Fig. 2 Man-made experimental datasets
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Tab. 7 Results of noise resistance experiment

Algorithms Parameters Accuracy/ (%)
MFCD C=0.5 v=1 o=z 97.0
MFCC C=1 v=5 d8=a/"2 100
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