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Abstract

To solve the prominent problems including insufficient detection sensitivity, severe noise interfer-
ence on fault features and inefficient utilization of limited small-scale datasets during early fault
identification of power modules for mining chargers, an integrated intelligent diagnosis model com-
bining Improved Variational Mode Decomposition (IVMD), Multi-scale Attention Convolutional Neu-
ral Network (MS-CNN-Attention) and PSO optimized Support Vector Machine (PSO-SVM) is proposed
in this paper. Firstly, IVMD is adopted to adaptively decompose original electrical signals, and Per-
mutation Entropy (PE) is used to screen sensitive modal components containing faint fault infor-
mation for signal reconstruction, which improves the signal-to-noise ratio of fault features effec-
tively. Then, an MS-CNN-Attention network embedded with Squeeze-and-Excitation (SE) attention
is constructed. Multi-size convolution kernels are applied to extract multi-receptive-field features
in parallel, and dynamic channel weighting is realized to enhance the representation capability of
critical fault characteristics. Ultimately, high-dimensional features extracted by the neural network
are imported into the SVM classifier whose hyperparameters are optimized via particle swarm op-
timization, realizing accurate classification of incipient faults in power modules. Simulation exper-
iments verify that the proposed hybrid model achieves an average diagnostic accuracy of 98.8% for
four categories of typical early faults, presents outstanding anti-noise robustness under harsh noisy
conditions, and its single inference latency satisfies the requirement of real-time online monitoring.
The research provides an innovative technical reference for predictive maintenance of mining power-
electronic equipment.
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Comparison of Inductor Current Waveforms
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Figure 1. Inductor current comparison between normal and fault conditions
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Table 2. Performance comparison of different fault diagnosis algorithms
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Figure 3. Recognition accuracy curves of various models under different SNRs
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