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[ Abstract] Multisensor data fusion methods can enhance the accuracy of bearing fault diagnoses. However, in the
context of motor-bearing fault diagnosis, most existing multisensor data fusion methods suffer from issues such as
a single type of sensor data and difficulty in fully exploiting the redundancy and complementarity among different
modal data. To address this issue, a bearing fault diagnosis method based on a Multiple-Constraint Modal-Invariant
Graph Convolutional Fusion Network (MCMI-GCFN)is proposed. First, features are extracted from the original
current and vibration signals using a Convolutional”Auto-Encoder (CAE) and Squeeze-and-Excitation block (SE
block). Second, a source domain classifier and domain discriminator are introduced to capture the modal invariance
among different modal data based on“domain adversarial training, thereby fully exploiting the redundancy and
complementarity among multimodal-.data. Finally, the spatial aggregation characteristics of the Graph
Convolutional Neural Network (GCN) are utilized to capture the dependency relationships between features at
similar time steps in the current and vibration modalities, enabling precise fusion of their contextual semantic
information. This method is wvalidated using a publicly available bearing damage current and vibration dataset
obtained from the University of Paderborn, Germany. The experimental results demonstrate that the MCMI-
GCFN method achieves a bearing fault diagnosis accuracy of 99.6%, which is 9 to 11.4 percentage points higher
than that achieved by nonfusion methods, thereby verifying the effectiveness of the proposed model.
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Fig.2 Schematic diagram of GCN information aggregation
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