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Abstract: In view of the problem that the useful classification information in principal component analysis
(PCA)may be lost in the process of network fault feature extraction,a new method named center distance
ration weighted principal component analysisC(CCDRWPCA). According to sample category information, the
center distance ratio of the difference between characteristics is measured by using this algorithm. By doing
so, the weight is designed based on the feature discrimination. Then the weighted datasets are used for
PCA feature extraction. Finally, the extracted datasets are sent to support vector machines (SVM)so as to
verify the effectiveness of the algorithm. Experiments on network fault diagnosis demonstrate that the the
proposed algorithm can improve the compression ratio and the final fault recognition rate.
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Fig. 1 Schematic diagram of PCA
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Fig. 2 Classification direction of PCA
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Tab.1 The structure of the test samples
FIETE S B B LIRS AKX i 5
diabetis 768X 8 image 2 310X18
flare 1 066X9 splice 3 175X60
german 1 000X 20 twonorm 7 400X 20
heart 270X 13 thyroid 215X5

7 #5718 5 ML (Support Vector Machines, SVM)
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Tab. 2 The contrast of the experimental results
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heart 84. 81 13 84. 81 8 86. 30 1
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Fig.4 The impact on final results of factor 9
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Tab.3 The structure of the test samples
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Tab. 4 The contrast of the experimental results

SVM PCA-SVM  CDRWPCA-SVM

Baig AR RRE REIR FRIE RBIR RE

/% R /% E1 374 /% i
BBE1 100.00 41 100.00 9 100.00 7
BB 2 10000 41 100.00 9 100.00 7
W3 87.33 41 86.22 9 88. 44 7
BBE4 10000 41 100.00 9 100.00 7
EH 100,00 41 100.00 9 100.00 7
Bk 97.03 41 96.77 9 97. 29 7

MF 4 B H CDRWPCA o PCA [ 4 %5058 5 1
i HLR B T R R . AR 6 REAS Y AT )
RWEE F T A E ST LUE 2 E oA
B W] R AE B BORS CRE A TR AR T B4R
SVM #7438 1R 5 %, ud Wk £y F oo 8t
A AR R R AR R A S B A TR

AR B G A B A
100 .

98

0,

96

5 2/

94

92r = :;(\,\\1 SVM
—— CDEWPCA=SVM
Ill’] IIS Zl() 1:5 3|0 ?sIS 4](]
EacAi#

6 BRAE RO R

Fig. 6 The classification results of feature extraction
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