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2PTMC classification algorithm based on support vector
machines and its application to fault diagnosis

MA Xiao=xiao, HUANG Xi-yue, CHAI Yi
(College of Automation, Chongqing University, Chongqing 400044, China)

Abstract: Support vector machines is a new general machine learning tool based on structural risk
minimization principle that exhibits good generalization. Fault diagnosis based on support vector
machines is discussed. Since SVM was originally designed for binary dassification, while most of fault
diagnosis problems are multi-class cases, a new multi-elass classification named 2PT MC is presented.
T his classifier is a binary tree classifier composed of several SVMs organized by fault priority, which is

simple and has little duplicating training samples. The application to fault diagnosis for diesel engine

shows the effectiveness of the method.
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1 2 3 4 5 6 7 8
1 0.07 0.093 8 0.099 7 0.128 8 0.227 6 0.150 9 0.118 4 0.1108
2 0.091 9 0.092 4 0.129 4 0.1019 0.170 2 0.161 4 0.124 2 0.1285
3 0.071 1 0.082 2 0. 202 0.1327 0. 041 0.061 9 0.313 3 0.095 9
4 0.074 3 0.119 2 0. 080 2 0.1354 0.195 8 0.154 4 0.117 5 0.1232
5 0.066 5 0.080 3 0.245 7 0.1169 0. 055 0.052 4 0.296 9 0.0863
6 0.067 6 0.082 1 0.130 9 0.1254 01226 0.137 3 0.167 6 0.166 3
7 0.069 8 0.070 8 0.1615 0.104 8 0.055 1 0.093 6 0.296 7 0.1477
8 0.067 4 0.093 9 0.136 1 0.126 6 0.207 3 0.143 8 0.116 4 0.108 5
9 0.072'5 0.088 4 0.125 1 0.1436 01113 0.107 7 0.220 1 0.1313
10 0.069 4 0. 063 0.163 2 0 0.071 4 0. 092 0.274 8 0.144 6
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