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Selection method for identification data of steam turbine work model
considering excitation characteristics

HAO Xiaoguang!, WANG Hui?, JIN Fei!, WANG Tenghui?
(1.State Grid Hebei Energy Technology Service Co., Ltd., Shijiazhuang 050021, China;
2.School of Control and Computer Engineering, North China Electric Power University, Beijing 102206, China)

Abstract: A method of identifying data by considering the excitation characteristics is proposed to solve the
problem that it is difficult to select suitable samples from the historical operation data to identify the turbine work
model. Firstly, Fisher’s information matrix condition number is applied to extract the excitation characteristics of
the historical operating data, which together with the trend characteristics and the correlation between parameters
constitute the set of feature variables. Secondly, by using the feature variables as inputs and the identification
results generated based on the standard turbine work model as outputs, the Random Forest classification algorithm
is used to generate a classification rule model for the identification data to realize the online selection of
identification data. Finally, the accuracy of the model classification results and the identification effect of the
selected data are verified. The result proves that the accuracy of the classification rule model is 97.561%, which
can accurately select the sample segments containing sufficient incentives in the historical operation data, and the
identification results of the turbine work model are in high consistency with that of the the standard model.
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Fig.10 Comparison of response curves for parameter
identification using different data samples
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