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Abstract

This article is based on the automation detecting of complex electrical parts. In actual industrial
scenarios, varieties of electrical parts datasets with complex characteristics (different shapes,
thickness, color and transparency) are collected and constructed real-time classification model. In
the model construction, by introducing lightweight convolutional residual blocks, multi-scale py-
ramid characteristics extraction modules, and Skip-Attention structures with significantly re-
duced model computing, it has achieved lower detection delayed models while ensuring higher
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detection accuracy. The experimental results prove that the real-time detection effect of the me-
thod proposed in this article is better than the most mature real-time detection model, and it has
the feasibility of real-time detection in industrial parts.
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Figure 1. Sample diagram of electrical parts
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Figure 2. Model structure diagram
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Figure 3. Lightweight residual convolution block ((L-ConvRes) and multi-scale pyramid feature
extraction module (MPCF)
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Figure 4. Accuracy curves (left panel) and loss curves (right panel) on training and validation sets
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Table 2. Test results of each model on the electrical parts dataset
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Mobilenext [17] 0.9841 8.63 166
Mobilenetv3 [18] 0.9621 5.81 250
Mobilenetv2 [19] 0.9570 8.51 270
Espnetv2 [20] 0.9748 2.47 113
MobileVit 0.9785 3.64 62
Ours 0.9907 2.98 125
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