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Abstract: Wind turbine blades are the core aerodynamic components responsible for wind energy capture and energy
conversion in the wind turbine systems. Surface defects such as cracks, erosion, and delamination can deteriorate aerody-
namic performance and consequently reduce power generation efficiency. In real-world wind farm inspection scenarios,
blade surface detection is typically characterized with small scales and low contrast, and are often accompanied by complex
backgrounds, illumination variation, and imaging noise. These challenges significantly limit the performance of existing
end-to-end detection methods exhibit in small-scale defect detection tasks for wind turbine blades. Although the benchmark
evaluations under laboratory conditions have achieved localization accuracies exceeding 99%, the strong coupling between
localization and classification under strong background interference and micro-cracks makes these methods can hardly be
further improved. To overcome these challenges, we propose Spatial-FineDef (Spatial-Fine Defect Detection Approach), a

hybrid two-stage detection method incorporating multi-scale perception and adaptive enhancement. Through explicitly de-

WA H 3 :2026-01-28 5 5% H 181 :2026-02-24 3 5T 40 25 - X AT
LA (=



786 R - T <

coupling defect localization from fine-grained classification, the proposed method optimizes candidate region extraction and
defect recognition in a staged manner. In the first stage, Spatial-Net incorporates task-oriented data augmentation strategy
and improved localization methods to enhance the accuracy of spatial filtering for potential defects. In the second stage,
FineDef-Net utilizes ConvNext backbone with lightweight multi-scale linear attention mechanism which enhances the dis-
crimination capability while maintaining low computational complexity. Compared with end-to-end detection methods, by
adopting a two-stage strategy of localization followed by classification, Spatial-FineDef effectively suppresses background
interference while enabling stable region selection and defect classification for small-scale defects. On a field-collected
wind turbine blade fault dataset, Spatial-FineDef achieves an overall accuracy of 96.71% in the classification of four small-
scale defect types including surface pitting, coating shedding, edge cracking, and surface cracking. Experimental results
demonstrate outperforming multiple representative baseline models across several evaluation metrics. Ablation studies fur-
ther validate the effectiveness of the decoupled two-stage strategy and the multi-scale linear attention mechanism in han-
dling small defects under complex backgrounds. The proposed method provides a deployable and reliable solution for on-

site blade inspection, facilitating real-time fault diagnosis and enhancing the reliability and intelligent operation and mainte-
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nance of wind turbine systems.
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1 for i €{1,2,3} do

2 I« ®; cropped_image « @;
result«— @; cropped_images <« @;
i IX I, candidate_regions «— Spatial — Net(/, );
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3

4

5

6 cropped_image; <— crop_image(/;, region);
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8

result «—

{cropped_images[0], cropped_images[l], ..., cropped_images[i]}
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Figure 3 Performance comparison of different detectors for the

localization task
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Figure 4 Recall for different fault types
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Figure 5 Precision and F| scores of different fault types
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Table 1  Comparison of evaluation metrics for single-fault detection and

multi-fault detection tasks unit: %
1155 P R F, Acc
Bl 97.83 97.73 97.73 97.73
Z 97.31 96.41 96.81 96.71
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Table 2 Performance comparison of different models in the wind turbine blade defect recognition task unit: %
” 2T LI EE JiRTHT
FoiA Acc
P R F, P R F, P R F, P R F,
Resnet50 91.30 91.30 91.30 95.70 91.80 93.80 92.20 93.40 92.80 95.20 98.80 96.90 | 94.00
SHViTsl 92.10 76.10 83.30 94.40 68.40 79.30 74.50 92.10 82.40 87.50 96.30 91.70 | 83.30
YOLOv12s 95.40 91.20 93.30 97.80 90.00 93.70 91.40 97.40 94.30 91.90 100 95.80 | 93.30
AFB-YOLO 90.91 86.96 88.89 95.74 91.84 93.75 90.00 94.74 92.31 93.90 96.25 | 95.06 | 93.00
MES-YOLOv8n | 93.48 93.48 93.48 96.77 91.84 94.24 90.00 94.74 92.31 93.83 95.00 94.41 | 93.67
ARSCHE 100 94.59 97.22 95.15 97.50 96.30 100 95.08 97.48 94.12 98.46 96.24 | 96.71
MZE G IERER M BeAE AR ORUE I Py S5 A 5 AR AN B AT T A BT RE

2.6 HHEIGIERMEIERE ST

N T BRI 3 5 SR X AR R SN JEE A S
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BN AEA [R5 25 AF T ARS8 3 (P) (A B R (R) (F,
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Table 3 Effect of different data augmentation strategies on model classification performance unit: %
o SR R 24% 5F% 10 £
P R F, Acc P R F, Acc P R F, Acc P R F, Acc
BRI | 100 | 95.00 | 97.44 97.14 | 91.89 | 94.44 100 | 9459 | 97.22 100 | 94.59 | 97.22
NI | 92.68 | 95.00 | 93.83 96.25 | 96.25 | 96.25 95.12 | 97.50 | 96.30 92.94 | 98.75 | 95.76
KA | 96.88 | 96.88 | 96.88 | 96.03 | 96.67 | 95.08 | 95.87 | 96.30 | 100 | 95.08 | 97.48 | 96.71 | 100 | 91.80 | 95.73 | 96.71
JRR T 97.06 | 97.06 | 97.06 9559 | 100 | 97.74 94.12 | 98.46 | 96.24 100 | 91.80 | 95.73
Avg 96.65 | 95.98 | 96.30 96.41 | 95.81 | 96.08 97.31 | 96.41 | 96.81 97.49 | 96.29 | 96.80
99.0 96.41% . 95.81% . 96.08% #1 96.30% , #f — L ¥ 7 &
0.0 |- £ g 5 AT, 4 Ti4E B4R FF ZE 97.31%.96.41% . 96.81% Fil
ol 8 S b 96.71% MU IR . RS 7T 10505 e 47
5 g
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Figure 6  Comparison of main performance metric trends under different

data augmentation multipliers
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%3k [ 7 7 77 (Multi-Head Self-Attention, MHSA ) # 17
XL, 23 0 GE v 3 ) 2 80 FLOPs B A6 AH [R] 1) 2%
M AR PR R R . LI RN R 4 TR .
F4  Transformer EE A5 MLA M BEIEFREL B2
Table 4 Performance comparison between multi-head self-attention

and multi-scale linear attention

RN Acce/ Attention Attention
Pl% | RI% | F /% . .
BL % | Params (x10°) | FLOPs (x10°)
MHSA [96.70 | 95.36 | 95.93 | 96.03 7.088 347.19
MLA |97.31[96.41{96.81|96.71 4.322 1 136.90
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Table 5 Comparison of performance metrics under

different MLA scale sets

MLA R Pl RI% F 1% | Acol% Params FLOPs
JEAE Ly ‘ (<109 | (x10°)
{1.5.9} | 96.25 | 95.72 | 95.92 | 96.03 32.31 5614.81
{3,5,7} | 95.80 | 95.81 | 95.71 | 96.03 32.25 5612.10
{1,3,5} | 97.31 | 96.41 | 96.81 | 96.71 32.94 5 606.68
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Table 6  Comparison of performance metrics on the effect of retaining

and removing background on spatial prior unit: %
Y P R F, Acc
PREAT 5 94.77 93.80 94.20 94.33
LBRE 97.31 96.41 96.81 96.71
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Table 7 Performance comparison of different attention mechanisms

R Acc/ | Params | FLOPs
TER ML Pl% | RI% | F 1% ) .
% (x10°) (x10°)

Efficient Attention | 94.83 | 94.22 | 95.45 | 94.24 | 30.19 |9 140.74
MLLA 95.89 | 94.73 | 94.45 | 94.24 | 27.82 | 8909.53
MLA 97.31 | 96.41 | 96.81 | 96.71 | 32.94 |5 606.68
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