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Abstract: It is an important research method for fault diagnosis of heavy gas turbine to obtain gas
turbine running image by using hole probe and judge the health state of heavy gas turbine by image fault
diagnosis.In order to diagnose the operating faults of gas turbine and identify the faults of gas turbine
compressor and turbine accurately, a fusion fault diagnosis method of gas turbine based on image is
proposed. The running state of the gas turbine is recorded by the hole probe, and the running picture of the
gas turbine is obtained. They were input into ResNet and GoogleNet networks for training, and the models
with the best diagnostic accuracy were saved respectively to obtain their own fault diagnosis results. The
D-S theoretical criterion was used to realize the decision level fusion of the results of the two models. The
results show that the image fusion fault diagnosis algorithm can accurately diagnose the fault of gas turbine,
with a diagnosis rate of more than 95% and a false alarm rate of less than 1%.
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