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Figure 4 Implicit feature pyramid network with cross

layer attention mechanism
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Figure 6 Detection effect of MobileNetV2-SSD and the proposed algorithm
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Figure 7 Detection effect of the proposed algorithm
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Table 2 Comparison of different algorithms
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Lightweight SSD Substation Defect Detection Algorithm on the Edge Device Side

CAI Yuxiang"?, CHEN Lijuan’, AN Qi*

(1. School of Electronic Information and Electrical Engineering, Shanghai Jiao Tong University, Shanghai 200240, China; 2. Informa-
tion and Communication Branch, State Grid Fujian Electric Power Co. , Ltd. , Fuzhou 350001, China; 3. Beijing Fibrlink Communica-
tions Co. , Ltd. , Beijing 100070, China; 4. Beijing Chuang’ an Hengyu Technology Co. , Ltd. , Beijing 100070, China)

Abstract: To address the challenge of automated surface defect detection (e. g. , damage, stains, and defects from
human violations) in the power IoT, a lightweight SSD detection algorithm for edge computing devices was pro-
posed. The proposed algorithm aimed to achieved efficient detection through three key innovations. Firstly, a dense
connection mechanism was introduced into the bottleneck structure of MobileNetV2 to enhance image feature repre-
sentation dynamically. Secondly, a cross layer attention mechanism implicit feature pyramid network ( CL-IFPN)
based on No-Local attention mechanism was constructed, and its deep integration with MobileNetV2-SSD signifi-
cantly improved small-defect detection. Finally, a feature fusion module was added to the convolutional layer, and
the QFL function was used to boost prediction accuracy of defects at different sizes and the balance of positive and
negative sample training. Experimental results showed that on the public dataset VOC2007, the proposed algorithm
achieved a detection accuracy of 79. 62% and a speed of 36 frames per second, outperforming similar algorithms.
On the self-built power device defect dataset, the detection accuracy reached 95. 19% and a speed of 24 frames per
second, demonstrating the algorithm’s practicality in power device defect detection. The proposed algorithm offered
an effective technical solution for intelligent operation and maintenance of power loT devices in edge computing en-
vironments.

Keywords: defect detection; MobileNetV2; edge computing devices; attention mechanism; SSD





