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An Defect Detection Model of Insulators Based on INS-YOLOv7 under
Different Lighting Conditions
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Abstract: This research proposed an improved algorithm, INS-YOLOv7, based on YOLOv7. This algorithm was designed to address chal-
lenges in defect detection of insulators, such as different lighting conditions, limited datasets, and poor small object recognition capabilities. A
fogging algorithm was designed to enrich lighting conditions in the dataset. A lightweight feature extraction module, FU NetBlock, was devel-
oped by integrating PConv and Fasternet. This module effectively enhanced the model’ s ability to recognize small objects. The ECA attention
mechanism and SloU loss function were added to further improve the model’ s ability to extract features and recognize subtle defects. Experi-
ments showed that INS-YOLOv7 performed well under various lighting conditions. It significantly outperformed mainstream algorithms like
YOLOvS5, YOLOv8, and Faster R—CNN. This research provides a more reliable solution for insulators defect detection in practical applica-
tions.
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Fig. 3 Implementation flow of the atomization algorithm
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Fig. 4 Comparison of mAP and F1-Score changes in ablation experi-
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Fig.7 Comparison of omission and error detection
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Fig. 8 Detection effect of complex scenes
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