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Research on surface defect detection of wind turbine based
on lightweight convolutional network
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Abstract: The power generation efficiency and service life of wind turbines are related to their surface integrity. This study aims to
address the issue of inaccurate detection results and long detection time in traditional surface defect detection methods for wind turbines.
A surface defect detection model for wind turbines is designed. Firstly, lightweight convolution technology is integrated into the model,
effectively enhancing the ability of information exchange between channels and improving the detection effect of small-sized defects
through richer feature information. Secondly, the visual attention network module has been introduced into the backbone network,
enriching the contextual information and improving the feature extraction ability of convolutional neural networks. Then, a coordinated
attention mechanism is introduced into the neck network to capture the location information of defects through spatial orientation. Finally,
modify the loss function of bounding box regression to WloU to develop an appropriate gradient gain allocation strategy. The experimental
results show that the improved detection model improves the detection accuracy by 4. 14% compared to the original model, significantly
enhancing the detection ability of small defects. At the same time, the parameter count of the improved model was reduced by 2.29 M,
while the parameter count was reduced by 6.2 G. The detection speed was significantly improved, meeting the real-time detection
requirements of the model.
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Table 3 Attention mechanism comparison table
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DRSS )R, oA BUEAE , T 4T H AR,
THRERR AR, K DU FE RS, 0 1 1 12 52 i A5 A I 09 75
3K YOLOvSs_TGW B 45 RS B2 35 2] 86. 81% , AHEL
T YOLOvSs R T T 4. 14% , 43 101 R 35 2| JLAM SR p
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KB T PR AR A ISR

x5 BREBXILE

Table 5 Common model comparison table

R P/% R/% mAP/% Params/M  WiZ/FPS
SSD 70.7  71.9 75.48 99.79 58.22
Faster-RCNN ~ 79.8 76.4 82.83  124.28 5.29
YOLOv4 72.9  66.8 74.64  240.67 40.16
YOLOvS5s 80.3 749 82.67 14.36 55.63
YOLOv5s_TGW 84.5 79.6  86.81 12. 07 75. 51

M 10 Hoxd b & 30, Z2 16 R YOLOvSs A5 780 A il 5%
H A7 18 R YOLOvSs _ TGW 5 78 4G ) 4k SR &1, B 9%
YOLOvSs 5 YOLOvSs_TGW BEASHER BT AGI H T XL %
T A TS iR AR5 A b, (0 3 A ARG ) A
FEHA A TR], YOLOvSs A5 81 B 55t 7 4G By Sl st | Py 1
TR B 5 XL T A 4R OB, 76 BRI PR
PSR T, TR ARG I E 7 s S8 AS A2 | iR B A A
SN 75 Ty 1 78 R A B, i SR TE R & T Ok
YOLOvSs_TGW #H LA 1Ml 5 455 70 11 65 e P B 4, 4 YR
JE R TG S B ASHIN 114 55 3K, B 3 FH 1 P A R BE A SR A
M5t

& @

(a) YOLOvS5s (b) YOLOv5s_TGW

Bl 10 BoH e R 5 SRS A A SR X L
Fig. 10 The comparison diagram of the detection effect

between the improved model and the original model

2.5 SEXPERZFAERFEAIXS LL LIS

R 6 BRRERFEXTEER
Table 6 Comparison table of paint defects

Y crack : mAP/ % P/ % R/ % Params/M GFLOPs/G i %,/ fps
YOLOvS5s 81.89 79.4 74.5 14. 36 16.7 55.63
YOLOv5s_TGW 86. 15 84.1 80.1 12.07 10.5 75.51
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AR G B s 4 L £FXF YOLOvSs 1AL
YOLOvSs_TGW FEAMEH T Xt EL 3256, YOLOvSs_TGW A
UG I mAP 3K 2] T 86. 15% , 4L T A AR T T
4.26% , 4 [FR K 80. 1% , ML T IR TH T 4. 7%,

RS SR R A 6 LG AT LA Y, YOLOVSs_
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DA 11 %5 B ] 40, 220 YOLOvSs 55 750 0 158 46
FEEEAE Rl B A5 A . S 2 A7 X E B & B, SR
TR SR B L1 BT S8 57 AN 805 v g [ T 25 I 2
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BRI 2Rk, PSS 3 470 b P R, st i A T Al
A R A7 S ARG VA, R 1 A 3 1) S D 76l A ) L T 28
B, FLIRI B b S XBLAZ 1700 3 fe 25 5 7= A I Bl e, 42
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o, B BB L SEPR T A I RR R

3 & it
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Paint defect detection effect comparison diagram
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