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Abstract: In the current field of insulator defect detection, the core problems such as the inability to balance the detection accuracy and real—
time performance of small and medium—sized target objects, insufficient feature extraction ability, and insufficient utilization of context infor-
mation are addressed. In this paper, a target defect detection algorithm based on improved ACR-YOLO is proposed. The algorithm uses vari-
able kernel convolution in the backbone network, so that the convolution operation can adapt to different data sets and target locations more ac-
curately, and enhance the feature extraction ability. A P2 small object detection layer was added to the neck network to improve the sensitivity
to small defects and capture and analyze the potential problems in the transmission line more comprehensively. At the same time, the CA-
RAFE operator is introduced to effectively improve the capture ability of target information at different scales , make full use of context informa-
tion, and carefully restore the details of the image. And the RTdecoder head network is innovatively proposed, which significantly improves
the inference speed of the model. Experimental results show that in the insulator defect detection task, the average precision of the improved
model is 91.46%, which is 4.37% higher than that of the baseline model, and the detection speed is 25.8% higher than that of the baseline
model.
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Fig. 2 AKConv network structure
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Fig.3 Characteristic maps of different scales
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Table 3 Experimental results comparison of different algorithms
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Table 4 Results of ablation experiments
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FERREER  AKconv P2 CARAFE RTdecoder mAP /%  FPS

N 87.09 93
J J 89.51 85
N N 87.90 89
J J 88.57 97
N J 88.14 124

Table 5 Performance comparison after adding each module
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Table 6 Comparison of convolution modules
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