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Research on wind turbine blade surface defect detection
based on improved YOLOI11

Li Songlin Tang Ling

(School of Intelligent Engineering and Automation, Beijing University of Posts and Telecommunications, Beijing 100876, China)

Abstract: To address the issues of weakened defect features and localization difficulties in wind turbine blade drone
inspections, this paper proposes a lightweight, high-precision detection algorithm based on the improved YOLOI11
framework. Firstly, a mixed local channel attention (MLLCA) module is introduced into the backbone to collaboratively
model local texture details and global context, enhancing sensitivity to minor defects under complex lighting. Secondly,
ADown progressive downsampling replaces standard convolutions to effectively preserve defect edge integrity while
reducing feature map resolution. Finally., a multi-scale attention feature pyramid network (MAFPN) is constructed to
improve semantic representation through cross-level feature aggregation. Experimental results on a real-world
inspection dataset demonstrate that the proposed method achieves mAP@0.5 and mAP@0. 5:0. 95 scores of 85.7%
and 61.1% (improvements of 4. 0% and 5. 6% , respectively), while reducing parameters by 22.5% and GFLOPs by
9.5%. The conclusion indicates that the algorithm significantly reduces missed and false detections in complex
scenarios. Compared with representative models such as -YOLOv8n and O-YOLO11, it achieves a superior accuracy-
efficiency trade-off, making it highly suitable for deployment on edge devices like UAVs.

Keywords: wind turbine blade defect detection; YOLO11; mixed local channel attention; ADown downsampling; multi-

scale attention feature pyramid network
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Table 1 Comparative analysis of different attention mechanisms %
&R P R mAP@0. 5 mAP@0. 5:0. 95
TS 83.2 77.2 81.7 55.5
SE 85.7 77.6 82.4 55.95
TripletAttention 85.6 79.8 83.1 55.7
CPCA 86. 8 74.6 81.0 54.1
LSKA 85.2 79.3 83.0 55.9
MLCA 87.2 75.7 83.1 56. 4
A ol o7 B PR 3 R M R 5 L EL T R XS AT A AE W S
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Visualization comparison of different attention mechanisms
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Table 2 Ablation experimental results analysis of YOLO11n before and after improvement

2 MLCA  ADown MAFPN P/% R/% mAP@0.5/% mAP@O0.5:0.95/% Params/M FLOPs/G

1 X X X 83.2  77.2 81.7 55.5 2.58 6.3
2 N/ X X 87.2  75.7 83.1 56. 4 2.58 6.3
3 X N/ X 86.1 80.6 84.5 59. 2 2.10 5.3
4 X X J 86.0 77.4 83.2 56. 1 2.70 7.1

J N/ X 92.0  76.7 84.3 59. 8 2.10 5.3
6 N X J 89.0  75.7 84.0 57.4 2.70 7.1
7 X N J 89.5  79.9 85. 4 61.0 2.00 5.7
8 N/ N/ N/ 91.3  79.8 85.7 61.1 2.00 5.7
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Table 3 Performance comparison of common algorithms

P P/% R/Y%  mAP@0.5/%  mAP@0.5:0.95/% Params/M FLOPs/G
SSD 75.2 69.5 73.8 42.1 22.67 88.3
Faster R-CNN 78.5 71.3 76.2 45.6 41. 43 105. 2
YOLOv6n 72.8 60. 8 68. 4 38.8 4.16 11.5
YOLOv8n 84.7 78.8 82.6 57.5 2.69 6.8
YOLOv9t 81.4 78.3 81.6 53.2 1.73 6.4
YOLOv10n 75.9 77.1 79.9 51.4 2.27 6.5
YOLOI1n 83.2 77.2 81.7 595.95 2.58 6.3
I-YOLOv8n 88.0 77.0 83.0 58.5 2.10 5.4
0-YOLO11 88.5 80.0 86.9 60. 0 2. 20 6.0
SNMSDA-YOLO11 89.0 78.5 84.5 58.0 2. 30 5.9
kR YOLO11n 91.3 79. 8 85. 7 61.1 2.00 5.7
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Fig. 11  Visualization comparison of detection by different algorithms
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