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Stump detection algorithm for estimating tree barrier felling

workload in transmission corridors

Wu Pengfei' Li Min' Luo Peng® Zhu Ping'
(1. School of Computer Science and Artificial Intelligence, Wuhan Textile University, Wuhan 430200, China;
2. School of Electrical Engineering and Automation, Wuhan University, Wuhan 430072, China)

Abstract: In the tree barrier clearance project for protecting the safety of the electrical distribution network, the manual
calculation of the felling quantity faces problems such as strong subjectivity of the calculation results and management
difficulties. The existing algorithms have low accuracy, with many false positives and false negatives, and poor
robustness. Therefore, a tree stump detection algorithm for calculating the felling workload in the transmission
corridor tree barrier clearance is proposed. In response to the problem of inaccurate felling quantity calculation due to
the complexity of the distribution network clearance scene and the difficulty in distinguishing between tree trunks and
tree stumps, a feature extraction module based on Context Guide Block is designed. RepGFPN and Dysample
structures are introduced to optimize the neck network, effectively integrating environmental context semantic
information with local details of tree stumps. Subsequently, the algorithm designs a tree stump detection head based on
LW-SEAM, optimizing the detection effect under occlusion. The model's P, R, and mAP, indicators on the test set
have been improved to 85.5%, 76.4%, and 80. 4% respectively, showing good detection performance for tree stump
detection in complex backgrounds and occlusion scenarios, and providing technical reference for achieving intelligent
engineering calculation.
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Table 4 The impact of CG Block module optimization

location on algorithm performance

ffbfi®  GFLOPs P R mAP,, mAP .
Ttk 8.1 77.2  73.5  71.6  40.9
B 7.3 77.1 73.2  71.9  40.8
F+ 6.8 81.1 73.9 74.2 41.6

F++FHiE 6.6 78.3 73.5 72.4  40.9
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Table 5 The comparison of the performance of

multiple attention mechanisms

HE P P R mAP mAP g5
CBAM 77.5 73.6 70.7 41.1
SEAttention 77.9 73.6 71.7 41. 2
DAttention 78.1 73.5 72.1 39.7
CAFM 77.9 73.7 72.5 40. 8
LW-SEAM 80.5 74.3 75.2 42.1
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Table 6 Comparison studies
LA K /N /MB GFLOPs P R mAP mAP -

YOLOv5n 5.3 7.1 74.7 69.9 70. 4 37.7
YOLOv7 74. 8 103.5 81.4 73.5 74.9 42.7
YOLOv8s 22.5 28. 6 81.2 72.9 74.5 42.0
YOLOvY 24. 6 12.1 74.3 73.2 74.9 41.6
YOLOv10n 5.8 8.2 75.3 70.5 71.2 39.8
YOLOv10s 16.5 24. 4 74.2 71.5 70.9 37.9
RT-DETR-r18 40.5 56. 9 84. 4 74.3 78.9 43.4
A ICTT 9.9 6.5 85.5 76. 4 80. 4 45.1

S A I

Bl 10 YOLOv8n 5 A 3077 vk 45 b P A 46 235 SR 0 L
Fig. 10 Comparison of robustness test results between

YOLOVS8 and the method of this paper
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Fig. 11
and the method of this paper
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