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Abstract: To address the opaque decision-making process and lack of physical interpretability of
convolutional neural networks (CNNs) in mechanical fault diagnosis, an interpretable intelligent
diagnosis method based on the dual-tree complex wavelet transform (DTCWT) was proposed.
The Morlet complex wavelet transform, which carries clear time-frequency physical significance,
was constructed as an interpretable convolutional layer, replacing the randomly initialized
convolution kernels in the first layer of a traditional CNN, thus forming a DTCWT-CNN hybrid
architecture. The DTCWT convolutional layer simultaneously extracted the amplitude and phase
information of the signal through the parallel structure of real and imaginary trees, and

incorporated a learnable frequency-band weighting mechanism and a soft-thresholding denoising
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strategy to achieve adaptive and precise capture of bearing fault impact features. Experiments
were conducted on the Case Western Reserve University bearing dataset and the Universitat
The results show that the DTCWT-CNN achieves an average

diagnostic accuracy of 99% under different channel configurations, which is significantly superior

Paderborn bearing dataset.

to other comparative methods. Validation was performed on the locomotive bearing dataset from
the Nanchang Railway Bureau, and the results show that the average accuracy of the proposed
method reaches 98% with excellent diagnostic performance. Through cumulative frequency-band
analysis of convolution kernels before and after training, the model’s decision-making mechanism
of adaptively adjusting to fault-characteristic frequency bands is revealed visually, which verifies
that the proposed method not only enhances diagnostic performance but also realizes physical
interpretability for the network’s decision basis.
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Fig. 1 Decomposition and reconstruction of the DTCWT
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CWRU bearing dataset
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bearing dataset of Nanchang locomotive depot
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Table 5 Experimental results on the generalizability of the
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Fig. 7 Fault frequency band diagrams under four different

conditions
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