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Study on Fault Diagnosis Method of Gas Turbine based on
Attention Mechanism

YAO Qin-bo,CHEN Jin-wei,ZHANG Hui-sheng, WENG Shi-lie
( Gas Turbine Research Institute,Shanghai Jiaotong University , Shanghai, China, Post Code: 200240)

Abstract: Aiming at the problem that the diagnostic accuracy of current gas turbine fault diagnosis tech-
nology based on data drive need to be improved , establishes the thermodynamic model of a certain type of
gas turbine and implants the fault features construction training sample. On this basis, a neural network
model including convolutional neural network and long and short term memory network based on attention
mechanism is trained. The convolution layer and attention mechanism multi-dimensional fault features of
gas turbine jand then the long and short term network layer processer the time-series dynamic fault param-
eters. The results show that compared with convolution neural networks, this attention-mechanism-based
neural network model, which can recognize the dynamic characteristics of faults, can achieve more than
93% accuracy for all kinds of faults. After adding the attention mechanism module , the accuracy of differ-
ent fault types can be improved by up to about 3% ,which provides a new idea for fault diagnosis of gas
turbine.

Key words: gas turbine,model simulation, fault diagnosis, neural network , attention mechanism
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Tab. 1 Monitoring parameterstable of gas turbine model
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Tab. 2 Fault criteria for gas turbine components
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Tab. 3 Results of fault diagnosis in different networks
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Fig. 7 Results of fault diagnosis in different networks
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