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With the development of artificial intelligence technology centered on machine learning and unmanned aerial vehicle
(UAV) imaging technology, new approaches are provided for the rapid identification of surface corrosion in high-
altitude in-service steel structures. In this paper, UAV imaging technology was used to photograph existing steel
structure buildings to obtain corrosion images and establish a dataset, and on the basis of existing machine learning
methods, a new machine learning algorithm combining hierarchical-attention-based FasterViT and YOLOvS8 network
structure was proposed, which enabled the rapid and intelligent identification of corrosion severity and corrosion
locations on the surface of steel structures. The recognition accuracy of this method was higher than those of the
YOLO series and FasterViT alone, with an accuracy of 92.6% . The proposed method can provide technical support

for the quantitative assessment of the service performance of in-service steel structures.
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Fig. 5 Some samples from corrosion image dataset
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Table 2 Classification criteria of corrosion degree
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Fig. 6 Corrosion image labeling process
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Fig.7 Shallow learning and deep learning
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Table 3 Experimental equipment and parameters
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Fig. 11 Variation curves of training parameters
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Table 4 Performance comparison of different algorithmic models

ik A A HF /X 10t R/% A% P/% mpp@0.5/ % Fps
YOLOV5 785 80.7 81.1 80.2 81.7 105
YOLOVv6 973 81.2 81.7 81.6 81.9 113
YOLOv7 695 82.1 82.4 82.9 87.6 119
YOLOV8 562 82.6 85.3 83.8 88.2 136
FasterViT 634 80.3 83.6 83.9 84.7 115
FasterViT-YOLOVS 696 88.7 90.1 89.6 92.6 169

E mp@0.5 F AR A A B T A AL 22 T 4G AR M AL, A R AT B ARAR M BE A 04 dfe 28 ik R
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Table 5 Accuracy comparison of dataset categories %
Ik % L ok P Ao T AR LTS Ao
YOLOvVS 69.2 70.4 64.2 62.5
YOLOvV6 73.8 71.9 69.7 68.4
YOLOvV7 75.9 76.7 74.2 78.5
YOLOvVS 80.3 82.7 80.6 74.5
FasterViT 76.5 77.1 71.5 69.8
FasterViT-YOLOvV8 84.5 87.6 83.1 77.3
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Fig. 12 Visual image comparison
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