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Fault prediction model of wind power rolling bearing
based on CRNN-LSTM deep learning method

PAN Yile, GAO Yongbin

(School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

Abstract; Fault diagnosis and prediction are important topics in the practice and research of wind turbines. Wind turbines face the
difficulties and challenges in industrial development, requiring continued reduction of unplanned shutdowns, mitigating performance
degradation, and eliminating safety hazards, which require early detection and recovery of potential faults. Because the collected
signals could be processed efficiently and accurate prediction results provided, intelligent fault prediction is a promising tool. Although
many studies have developed Machine Learning (ML) and Deep Learning (DL) algorithms for detecting bearing failures, the results
are usually limited to relatively small training and test data sets. Furthermore, the input data has been processed (using selective
characteristics) to achieve high accuracy. In this work, the raw data collected from the accelerometer (time domain characteristics )
are taken as input to a new time series prediction algorithm to propose an end-to—end fault prediction method. The equivalent time
series is taken as the input of a new Convolutional long-short—term memory Recursive Neural Network (CRNN) to detect bearing
faults with the highest accuracy in the shortest possible time. Experiments show that this method can achieve the highest accuracy in
literature and avoid any preprocessing or manipulation of input data. The proposed method is applied to IMS vibration data set, and
compared with other intelligent fault prediction methods. The effectiveness and feasibility of the proposed method are verified.
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