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Abstract

This paper presents a novel approach of bearing fault diagnosis based on convolutional LSTM (ConvLSTM) model to reduce
the latency. Time-series sensor data are segmented into short vectors that are fed sequentially into a ConvLSTM model to
find the spatio-temporal features effectively. The model is devised to a many-to—many structure by which the failure can be
diagnosed as soon as several consecutive prediction results correspond to the failure condition. The proposed approach reduces
the latency by up to 99.3% and 50.7% compared to the 2D-CNN-based and 1D-CNN-based approaches, respectively, without
any degradation of the diagnosis accuracy.

Keywords : Fault diagnosis, Neural networks, Embedded systems, Low-latency monitoring systems
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4 Conv2d/(3x3)/32 Conv1d/(3x1)/30 - -
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