@
202" 2021

2 DORNN /R SCADA $#B5(F% 35 B
ARG, KERE, ZF, EXA

+EH X EE DI RAFHRFREA S, b7 ®IKR, 100052

Fault Diagnosis of Wind Turbines SCADA Data Based on DCRNN
Tang Hong-fen, Zhang Zhenzhen, Wu Chun
China Datang Corporation Renewable Energy Science and Technology Research Institute, Xicheng
District, Beijing
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ABSTRACT: In order to accurately diagnose the fault types of wind turbines, make full use of computing resources, and
automatically identify the different health states of wind turbines, a new deep Convolutional Recurrent Neural Network
(DCRNN) is proposed. First, the method uses a one-dimensional Convolutional Neural Network (1D-CNN), each layer of the
network uses different sizes of convolution kernels to mine the spatial features of different scales of SCADA data; secondly, the
use of GRU to further extract the spatial features capture the temporal correlation of the data, and combine the spatial feature
extraction capabilities with the temporal feature extraction capabilities. The superiority of this method is verified on a SCADA

data set of a real wind field, and compared with Support Vector Machine (SVM), Random Frest (Random Forest), CNN and

GRU methods.
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Fig.1 Example of calculating input feature mapping to output
feature mapping using convolution layer
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Fig. 2 The proposed DCRNN model structure
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