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Remaining useful life prediction of helicopter tail gearbox bearings
based on AR-CNN-BiLSTM model
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Abstract : [Objective] The online remaining useful life prediction algorithm of helicopter tail gearbox bearings should secure both the
carly damage detection and the timeliness. [ Methods] To better reflect the degradation trend of bearing signals and predict the
remaining useful life, we select bidirectional long short-term memory (BILSTM) network for temporal feature extraction. For the
purpose of addressing issues of the slow training speed and insensitivity to early local features in BiLLSTM, autoregressive model
(AR) is used for dimensionality reduction,and convolutional neural network (CNN) is employed to enhance the extraction of local
features. [Results] The algorithm was tested on the helicopter tail gearbox test bench dataset and the bearing dataset of Xi’an
Jiaotong University. Compared to LSTM, BiILSTM,and CNN-BiLSTM, AR-CNN-BiLSTM demonstrated higher prediction accuracies
and faster training speeds. [Conclusion] AR-CNN-BiLLSTM meets the requirements for early damage detection and the timeliness in
the online remaining useful life prediction of helicopter tail gearbox bearings. Introducing BiLLSTM, which can improve the prediction

accuracy by fully exploiting both the forward and backward temporal information. However, BILSTM appears slower than L.STM
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does in training speed. With its excellent feature extraction ability, CNN can not only excavate deep features but also reduce the

dimensionality of the data,thus appropriately improving the prediction accuracy and training speed of the algorithm. Finally, AR can

map complex time-series data into a feature matrix consisting of autocorrelation coefficients and residuals, thereby enhancing the

prediction accuracy and training speed of the algorithm.
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Fig. 2 Membership degree curves for each cycle to the first cycle
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Tab. 2 The prediction results of each model are compared

TN A Y 2 Y RMSE  Rsquare  IZRFENT/s
LSTM 17.225  0.6824 290. 43
BiLSTM 13.379  0.8083 588. 62
CNN-BILSTM 11.589  0.8562 473. 19
AR-CNN-BiLSTM 1.344  0.9981 277. 31
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Tab. 3 The prediction results of each model are compared

TN AL 7 24 7Y RMSE Rsquare  YIZRFERT /s
LSTM 0. 0607 0. 9557 33.59
BiLSTM 0. 0541 0. 9604 61. 25
CNN-BILSTM 0. 0399 0. 9784 57. 47
AR-CNN-BILSTM 0.0103 0.9917 31.02
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