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Tab.1 Comparison of diagnostic performance
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Fig.2 Transformer fault diagnosis based on CS-RVM
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Tab.2 Sensitivity matrix of transformer
fault misdiagnosis cost
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PD 0 1 1 1 1 1.5
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N 1 1 1 1 1 0
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Tab.3 Typical cases of diagnosis based on
M-RVM and CS-RVM
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Tab.4 Comparison of transformer fault diagnostic
performance among BPNN,SVM,

M-RVM and CS-RVM
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SVM  86.5900  4.47 14.33 0.0021 0.0640
M-RVM 89.2183  2.64 13.64 413895 0.0824
CS-RVM 88.5841  7.32 447 413982 0.0869
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CS-RVM and its application in fault diagnosis of power transformers
YIN Jinliang',LIU Lingling®
(1. School of Automation Engineering, Tianjin University of Technology,Tianjin 300384 ,China;

2. Engineering Training Center, Tianjin University of Technology, Tianjin 300384 ,China)

Abstract: Since different severities of damage may be induced by misclassification of transformer faults,the

classification correctness alone may not be practically meaningful ,for which,the CS-RVM (Cost-Sensitive

Relevance Vector Machine) is proposed. It takes the minimum misclassification cost as its objective and

applies Bayesian risk theory to predict the class of new sample. A typical case is studied to verify its cost

sensitivity ,based on which,it is adopted to the transformer fault diagnosis. The transformer fault diagnosis
based on DGA (Dissolved Gas Analysis) shows that,the global diagnosis correctness of CS-RVM is slightly

higher than that of BPNN(BP Neural Network) or SVM(Support Vector Machine) and slightly lower than that
of M-RVM,while the diagnosis correctness of CS-RVM for the fault class with higher misdiagnosis cost is

higher,showing its cost sensitivity. The diagnosis speed of CS-RVM meets the requirement of projects for

transformer fault diagnosis.

Key words: power transformers; cost-sensitive learning; relevance vector machine; misclassification cost;

fault diagnosis
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