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Aero—Engine Performance Anomaly Detection Method Based on ResNet-LSTM
CAI Shu—yu', YIN Hang', SHI Tao', FAN Jie’
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Abstract: In order to realize the intelligent detection of data—driven aero—engine performance anomalies, a method of aero—engine
performance anomaly detection based on the Residual Neural Network (ResNet) and Long Short Term Memory (LSTM) is proposed. First,
the visualization method of aero—engine performance data is designed. While reducing the data dimension, the correlation features and tim-
ing features of data are completely retained. Then, the residual unit is used to construct the aero—engine performance anomaly detection
model, while deepening the network structure, the problem of deep network gradient disappearance is eliminated, and the spatial correla-
tion feature extraction ability of engine performance images is enhanced. In the meantime, LSTM will be introduced to put forward the
model of aero—engine performance anomaly detection based on ResNet—LLSTM. Through the integration between ResNet and LSTM, it
helps intensify the ability of the anomaly detection model to extract the timing features and enhance the accuracy of this method. Finally, it
is verified by the aero—engine operation data. The results show that on the training set, the anomaly detection accuracy of this method is
94.95% , which is 10.87%,8% ,and 3.23% higher than that of the anomaly detection model based on ResNet18, ResNet34 and ResNet50,
respectively. On the test set, the anomaly detection accuracy of this method is 92.15%, which is 11.81%,9.45%, and 3.78%higher than
that of the anomaly detection model based on ResNet18, ResNet34 and ResNet50, respectively.
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