36 1
2013 2 Sichuan Electric Power Technology

Vol.36 No.1
Feb. 2013

( 644000)

1SVM

o IEEE -30

1 ’ ’

(SVC)

Abstract: SVM is a new method with excellent pattern recognition properties in data mining which has the advantages of fast

learning global optimum and high generalization. Firstly support vector machine regression is utilized to establish the identi—

fication model for the telemetric bad data which compares the differences between the predicted values and the measured val—

ues before state estimation. Then the obtained standard residuals after state estimation are used as the input of SVC classifica—

tion and the topology error is identified based on the characteristics of these residuals. The efficiency of the proposed method

is proven by the simulation analysis of IEEE —30 bus model thus the efficiency and the percent of pass of the existing state

estimators can be highly improved.
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