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Research on power tower components hazard detection
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Abstract: Based on the YOLOv8n model, this paper proposes a improved hazard detection model CML-YOLO for
power tower components. It aims to solve the problems of low accuracy, large number of parameters, high
computational complexity and large model weight of multi-scale power tower components hazard detection model under
complex background. It is mainly used for the detection of targets such as damaged insulators, rusted dampers and bird
nests. Firstly, the C2Z-HEFE module is designed to enhance the ability to distinguish between background and target
by enhancing the edge information. Secondly, the MSFFPN module is designed, and the multi-scale feature fusion is
used to enhance the adaptability of the model to multi-scale targets. Finally, the lightweight LSBDH module is
designed to reduce the number of parameters and calculation amount of the model. Experimental results show that
compared with the baseline model YOLOv8n, the mean average precision of CML-YOLO is improved by 4. 4% , and
the number of parameters, calculation amount and model weight are reduced by 33.9%, 20.9% and 26.4%
respectively. This model improves detection performance while maintaining its lightweight characteristics, achieving a
good balance between model detection accuracy and model weight.
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Table 3 Comparison experiments
AL P/% R/% mAP@50/ % Parameter/10° FLOPs/G Weight/MB
YOLOv5n 92.7 82.2 88.5 2.51 7.1 5.05
YOLOv6n 79.0 66. 4 71.4 4.16 11.5 8. 18
YOLOv7-tiny 93.1 84. 4 89. 3 6.23 13.9 12.3
YOLOv8n 93.0 84. 6 90. 5 3.15 8.1 5.99
YOLOv9t 87.3 71.3 78.6 1.73 6.4 4.01
YOLOv10n 90. 5 82.0 88.4 2.26 6.5 5.51
YOLOvlln 91.7 82.5 89.1 2.58 6.4 5.25
YOLOvll1s 96. 1 88. 3 93.9 9.42 21.3 18. 3
Hyper-YOLO™" 94.0 88. 4 93.2 3.63 9.3 7.7
Mamba-YOLOM 94.7 87.9 92.8 21.7 50. 6 37.3
RT-DETR-R1M" 96. 5 89.7 94. 5 19.9 57.0 40. 5
CML-YOLOCours) 96. 6 90. 2 94.9 2.08 6.4 4.41
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Table 4 Comparison of detection performance across different defect categories for models

g Insulator-Defect Rust-Damper Nest
- mAP@50/ % Recall/ % mAP@50/ % Recall/ % mAP@50/ % Recall/ %

YOLOv5n 69. 2 62.9 87.9 80. 4 94. 6 91.2
YOLOv6n 66.7 62.1 88.2 82.4 78.5 71.4
YOLOv7-tiny 65.2 61.7 87.1 81.2 83.5 76.9
YOLOv8n 73.7 64. 3 90.7 82.1 95.3 91.8
YOLOv9t 76.9 65. 2 71.5 62.3 88. 8 83.7
YOLOv10n 71.5 62.7 91.1 82. 4 90. 3 86. 8
YOLOvlln 72.3 60. 8 88.1 79.1 94. 8 90. 4
YOLOvlls 81.0 69.9 94. 1 86.9 94.9 91.3
Hyper-YOLO 82.2 70.6 92.2 86. 7 95.3 92.1
Mamba-YOLO 82.1 69.9 93.2 85.4 92.7 92.2
RT-DETR-R18 87.2 78.1 94.2 87.1 95.1 93.6
CML-YOLOC(ours) 87.8 78.5 93.7 87.1 95.4 92.8
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