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Blade defect detection of U-Net network based on attention mechanism

QI Lei' ,LI Ning', LIANG Wei*’ ,WANG Zheng”” ,LIU Ziliang'
(1 Clean Energy Branch,CNOOC Energy Development Co. , Ltd. , Tianjin 300459, China; 2 School of
Safety and Ocean Engineering, China University of Petroleum( Beijing) , Beijing 102249, China;
3 Key Laboratory of Oil and Gas Safety and Emergency Technology, Ministry of Emergency
Management, Beijing 102249, China)

Abstract:  To solve the issues of wind turbine blades in terms of classification difficulty and blurry
segmentation of small defects in surface defect detection, an improved U-Net semantic segmentation
network was proposed based on dilated convolution and convolutional attention modules. Based on the
encoding-decoding structure of the network model, a transferable VGG16 feature extraction layer was used
to replace the encoding part of the U-Net network. Then, a convolutional attention module was added to

the skip module between encoding and decoding. The global weight was enhanced by selecting small defect
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information. Dilated convolution was used in the decoding section to enhance the network “s feature
extraction ability, and the pre-trained VGG16 model was used to realize transfer learning. The hybrid loss
function of Focal and Dice was validated against the models of DeeplabV3 +, Pyramid Scene Parsing
Network ( PSPnet) , High-Resolution Network (HRNet) , and U-Net. The results showed that the improved
U-Net network had higher prediction accuracy in blade defect classification and segmentation tasks, mean
intersection over union, mean pixel accuray, and recall values were 83.60%, 92.84%, and 88.50%,
respectively. The mean intersection over union simulated by the improved U-Net model was 13.98% and
9.38% higher than that by the DeeplabV3 + and standard U-Net model, respectively. Therefore, the

proposed model can improve the sensitivity of blade defect detection, effectively reduce false positives of
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detection results, and provide guidance to wind turbine blade defect detection.

Keywords . attention mechanism;

segmentation; transfer learning;
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performance of different semantic segmentation models

SrEIREL | MERREE | HER | BROIRE | SRR
DeeplabV3+ | 95.63 | 79.65 | 69.62 80. 02
HRNet 99.16 | 86.60 | 80.70 90. 85
PSPnet 98.65 | 73.71 | 69.37 89. 58
U-Net 98.62 | 80.64 | 74.22 87.27
SCHRERL | 99.26 | 88.50 | 83.60 92. 84

I HEXE AT . SC P AR AL A5 A B A AT
TR GETE U IR WA B A 3
3.6 EELIAIE

SRy TSI 25 K 1) A R0 B T AT AR A
FE S5 b A T RS S A AR AR [R] S A R AR
RUPEBE R BTHK

A3 BIXHAESE U-Net \U-Net+VGG16 iF#2% 3, U-
Net-+iE B 24 >+ 2 ST AL + 3 5K 6 R 28 A A |-
HEATHREA S E] 0 sk R Y PR RE R, AR R A
[l BIAEIE L IR B SR AR PP AL R P g
Z5RANE 9 R,

+ ARGEU-Net 7 U-Net+iERp 2 5] x ASCHRY
92.84%
o £8.50% 91.89%
- 8395% 83.60% 87.27 A)7
80.64% e

3

5%
50505
505

TT0e,
50555

Datatatatetetetetsteteds

o o

S

80

35
<5
535

L e
4

%
2

255
25

<

T
RR0sso0ss

R
9%

%
RIS

60 L [

s
i+
52

40 | I

AL T RS/ %

22
2505
2552

IR IH

S5

25505

558
35

A

o G S e

<
K R R R

20 L .

4
4

<5
<

5

<
<
¥

K,
4
255

4
4

K
55

35
<
5
25
25
&5
535

%

<

<

%
bt

55
52

£

S5

£

=
(=]
[
Z
s
>

Recall

B9 ESBIERERT L

Fig.9 Comparison of model segmentation performance
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