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Abstract: When it comes to the operation of the main drive motor for the shield tunneling ma-
chine cutter head, there are challenges related to low accuracy in detecting motor abnormalities
and difficulties in assessing performance. These issues arise due to high-frequency vibrations,
challenges in acquiring current signals, and prolonged operational durations. To address these is-
sues, a method based on multiscale convolutional recurrent autoencoder for abnormal detection
and performance evaluation of the main drive motor in a shield tunneling machine was proposed
after analyzing the similarity degree of group and individual features of the main drive motor.
First, the raw current data of the main drive motor during normal operation was preprocessed
with outlier cleaning, filtering work segments, normalization, and so on; then the time slicing

and feature extraction coding were performed based on the preprocessed current signals to con-
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struct the variance matrix describing the performance difference between motors as the training

set; then the data set was input into the multiscale convolutional recurrent autoencoder to extract

the features of the current signals of the motor under normal operation, thus achieving accurate

motor anomaly detection and giving health indicators for performance evaluation. Based on the ac-

tual data of the D215 project in Mumbai, India, the proposed method was validated and tested,

and the results show that the method is able to complete the abnormality detection of the main

drive motor in a shield tunneling machine with an accuracy rate maintained above 90% and give a

health indicator reflecting the performance degradation of the main drive motor.

Keywords: shield tunneling machine; main drive motor; anomaly detection; auto-encoder; performance

evaluation; visual monitoring
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Fig. 1 Structure of shield tunneling machine cutter main drive
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Fig. 2 Variance matrix
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Fig. 3 Variance matrices of different time scale
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Fig. 4 Network structure of auto-encoder
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Fig. 5 Multi-timesteps auto-encoder
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Fig. 6 Multi-scale convolutional auto-encoder
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