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A New Deep Transfer Learning-based Online Detection Method
of Rolling Bearing Early Fault

MAO Wen-Tao"?> TIAN Si-Yu' DOU Zhi"? ZHANG Di' DING Ling'

Abstract In recent years, deep learning techniques have been successfully applied to fault detection and diagnosis
for rolling bearings. However, for online detection of incipient fault without system halt, these techniques still have
some shortcomings such as insufficient feature representation of incipient fault and high false alarm rate. To solve
such problems, this paper presents a new deep transfer learning-based online detection approach on the perspective
of temporal anomaly detection. First, a new deep auto-encoder network with multi-domain transferring is proposed
by constructing a new loss function with the maximum mean discrepancy regularizer and Laplace regularizer. This
model can adaptively extract the common feature representation among the data of different domains, and effectively
improve the feature difference between normal state and early fault state as well. Second, with the obtained feature
representation, a new online detection model based on temporal anomaly pattern is proposed. By utilizing the per-
mutation entropy of normal state of offline bearings to build an alarm threshold, this model can match quickly an-
omaly sequence of the online monitoring data, and then improve the detection reliability. The experimental results
on the XJTU-SY bearings dataset demonstrates that the proposed approach obtains better real-time detection per-
formance and lower false alarm rate compared to some state-of-the-art methods of incipient fault detection.

Key words Incipient fault detection, online detection, transfer learning, anomaly detection, deep auto-encoder net-
work
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