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Intelligent detection of transmission line construction
machinery based on DAMF-NET
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(1. School of Electronic and Information, Xi’an Polytechnic University, Xi’an 710048 ,China; 2. Xi'an Key
Laboratory of Interconnection Perception and Intelligent Diagnosis of Electrical Equipment, Xi'an 710048, China)

Abstract ; The stability of transmission lines is a crucial guarantee for the normal operation of the power grid. To prevent accidents caused
by accidental contact with conductors during line construction, this paper proposes a feature extraction network based on a multi-branch
dual attention mechanism, DAMF-NET, addressing the low accuracy and poor reliability of existing detection methods. This algorithm
enhances the network’ s focus on local features of target information by constructing a multi-branch dual attention mechanism, optimizing
the feature extraction process. A multi-branch lightweight feature fusion network is proposed to reinforce the global multi-scale semantic
information and feature significance under dense tasks, thereby improving the completeness of image features. A small object detection
network is introduced to mitigate network scale variance and enhance the sensitivity of small object detection. By employing focal loss and
EloU optimized loss functions, the method reduces noise generated by positive and negative sample imbalance, accelerating the
convergence speed of model training. Finally, a state recognition algorithm based on risk area localization is designed and deployed in the
intelligent detection system of construction machinery. Experiments show that this method has better average precision compared to most
current detection models, indicating its research significance in the detection of construction machinery and intelligent inspection.
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Table 2 Comparison of SOTA algorithm results

Method Backbone Size P/ % R/ % AP, /% mAP, s/ % Params/M FPS Latency/ms
Baseline CSPDarkNet-53 [640,640] 80. 54 71.25 96.01 80. 12 37.623 59. 189 16. 895
Faster R-CNN ResNet50 [600,600] 48.16 71.74 82.15 65.77 137. 099 25. 364 39.425
SSD VGG [640,640] 84. 85 75.22 94.32 78.55 26. 285 53.483 18. 697
CenterNet ResNet50 [512,512] 12.50 0.19 18.25 2.81 32. 665 107. 747 9.281
DETR ResNet50 [800,800] 53.03 59.73 69.78 52.58 36.762 37.582 26. 608
EfficientDet DO EfficientNet [512,512] 28. 47 4.95 50.91 23.04 3.874 26. 354 37.944
FCOS ResNet50 [640,640] 72.20 73.50 96. 25 77.42 32. 155 48. 067 20. 804
RetinaNet ResNet50 [600,600] 88.22 63.50 86.99 76.76 37.969 49. 880 20. 048
YOLOv4-L CSPDarkNet [640,640] 82.37 72.20 91.63 78. 40 64. 363 46.291 21. 602
YOLOvS-L CSPDarkNet [640,640] 87.15 62. 64 91.27 76. 67 47. 057 49. 048 20. 388
YOLOv8-L DarkNet-53 [640,640] 88.32 74.25 92.31 81. 64 43.692 59.316 16. 858
Ours DAMF-NET [640,640] 83.42 77. 65 99. 05 85.87 75.953 15.416 64. 868
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