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Abstract: Existing cross-domain fault diagnosis methods primarily rely on single-sensor data
analysis, making it difficult to meet the demands of condition monitoring and fault diagnosis for
rolling bearings in complex scenarios. A cross-domain fault diagnosis method based on multi-sensor
feature fusion was proposed to improve the accuracy of rolling bearing fault diagnosis under varying
operating conditions. First, a convolutional neural network was utilized to extract deep features
from vibration signals collected by multiple sensors. Subsequently, a Transformer network was
introduced to achieve multi-sensor feature fusion and fault classification. Finally, domain-invariant
learning was performed using the maximum mean discrepancy loss to enhance cross-domain
diagnostic capability. Experimental results demonstrate that the proposed method can effectively
identify rolling bearing faults under different operating conditions in multi-sensor monitoring
environments, exhibiting superior fault diagnosis performance compared to traditional data-level,
decision-level, and feature-level fusion methods. The research findings provide robust technical
support for the operational condition monitoring and intelligent fault diagnosis of rolling bearings.
Key words: rolling bearing; multi-sensor feature fusion; cross-domain fault diagnosis;
maximum mean discrepancy; transfer learning
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