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It had been proved that the dynamic of severely disturbed machines can effectively be used to assess [ N 2 s IRE

transient stability of bulk power system by theory and simulation research. A combined method was AR M

proposed to detect severely disturbed machines and construct original features based on critical

=3
machines. Furthermore, the dimensions of the features were reduced by principal component analysis. b IR
Then the abstract features were put into machine learning assessment model. In New England 39-bus BRI
test system and IEEE 50-generator test system, power system transient stability assessment models b EEEA
were simulated based on decision tree, support vector machine and k nearest neighbor classifier. The b XU
N

simulation results demonstrate the proposed approach’ s effectiveness to construct input features of

power system transient stability assessment model based on machine learning method, and the PubMed

approach helps to reduce the subjective and arbitrary construction of original features. k Article by Ye,K.Y
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