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Abstract: In a direct current(DC) power transmission system, the stable operation of a valve base electronics(VBE)
device is crucial for its safety. However, the traditional methods for detecting the component failures in VBE device cir-
cuit boards rely on time-consuming manual inspections or rule-based automation systems, which are often inefficient and
limited in the detection accuracy. To address this problem, a method for identifying the component failure areas in VBE
boards is proposed in this paper, which uses an enhanced SqueezeNet deep learning model. By incorporating depth-wise
separable convolutions and residual connections, the enhanced SqueezeNet model aims to improve the accuracy of com-
ponent failure detection while reducing the demand for computational resources. Experiments on a VBE board compo-
nent failure dataset demonstrate that the proposed method outperforms the traditional methods and the standard

SqueezeNet model in terms of detection accuracy and computational efficiency, and it achieves an accuracy rate of
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95.27%, which is 4.45% higher than that of the standard mod-
el. The results of this research not only enhance the efficiency
and accuracy of component failure detection in VBE boards,
but also provide a novel technical reference for the diagnosis of
component failures in similar equipment in power systems.
Keywords: Valve base electronics(VBE) device; Squeeze-

Net model; component failure detection; feature extraction
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Tab. 2 Internal parameters of improved

SqueezeNet network
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Tab. 3 Recognition results at different learning rates

R T L T T
i1 5%/% 1%/%
0.006 0 7.562 1 88.93 16.120 0 75.43
0.003 0 2.246 7 91.63 5.117 1 88.72
0.001 0 0.004 3 99.84 2247 8 97.42
0.000 9 0.039 8 100 0.388 9 98.43
0.000 5 0.043 6 99.43 0.983 9 96.98
0.000 3 0.685 5 97.82 4.298 3 93.37

x4 FAEHEXNTHIRANER

Tab. 4 Recognition results under different batch sizes

bachsie WS O e
12%/% /%

4 0.019 5 100 0.498 6 99.23
0.025 8 100 0.500 8 98.88

16 0.042 3 100 0.409 0 97.43

32 0.070 8 100 4.458 2 96.68

64 1.990 2 100 94157 95.98
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Tab. 5 Test results of various algorithms
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Tab. 6 Test results of different models
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