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turbine in normal condition
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Fig.5 R, with different iteration cycles
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Fig.6 R, of initial training and online training
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Fig.7 R, of training with different sample data sizes
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Fig.8 R, of main bearing of A0l wind turbine with fault
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Condition analysis of wind turbine main bearing based on

deep belief network with improved performance

ZHAO Hongshan, LIU Huihai
(School of Electrical & Electronic Engineering, North China Electric Power University , Baoding 071003, China)
Abstract ; The condition data collected by supervisory control and data acquisition system of wind turbine has the
characteristics of large capacity and diversity ,based on which to analyze the condition of wind turbine main bearing
has becoming an important research point. The characteristic rules of the main bearing variables of wind turbine are
analyzed by deep learning method to extract the characteristic variables reflecting the condition of main bearing.
Threshold value is set by exponentially weighted moving average approach to detect the variation trend of characteris-
tic variables and determine the occurrence of abnormal conditions. According to the characteristics of deep belief
network , the performance of the model is optimized and improved from aspects of ;abnormal data exclusion from data
sets , selection of training data batches , iteration cycles of parameter optimization , on-line learning and training and so
on,so that the information characteristics of data sets are fully excavated by deep belief network to achieve the pur-
pose of reflecting main bearing’s condition effectively. The recorded data of the main bearing with and without faults
are simulated , and the results verify the effectiveness of the deep belief network method on bearing’s condition moni-
toring.

Key words: wind turbines ;main bearing ; condition analysis;deep learning;deep belief network





