45% 4510 0 % #  E£ ¥R Vol. 45 No. 10

2024 4F 10 H Chinese Journal of Scientific Instrument Oct. 2024

DOLI:10. 19650/]. cnki. cjsi. J2413145

BT AWUFARY R 71 2 AL 7 SR R P A il 23 1

ROMEE—A
(FFMIE MR KFERETEE L% B 211106)

B E N RBTEREIREL R S A . XU R HALIM 2 SORUBE A G BEE AR | LR B AG I 2 5 e AL LIS A7 A S A [
B, JC AP S HLEILSE A4S & REA ORI - TSR o ASSCERIR 1 AR T IC MU 14 X7 25 HBILI e 26 T ke
Kl J59% o ESetEiR T X AR L R S R 2 . RO LT 4 28 XU S e LI A T R A D % R T JE AL
ARAAZE S BRI 7 5 B LS M B AR o SRIG A T T AL GE RIS Ak 31 5 LA > B AR I 7 38 ThT R e A6z 00 7 125 , B4 %
TET G D4 BB 10 7 B RAFAE SR IS 328050k . ZR3R 1 RE TR BE 2 > WAL it J 3 TR0 e B G I v, 0 2 i 2328 U S
SR BIRTRBE 7 > W2 B AR T 3 1Tl B 5l 8 LA S PERE VPN F8 AR . S5 918 H 120 U IR s A P S o) LA e 5 vk A T

TR,
KR T AN NI R B R SBE RN LA IS TR 22 ) BR 4k
hE4 RS, TP391.41 TH89 TKS83 EKARIRAD; A ERiFREFER D ZEMRE. 510.4050 520.20

Review of wind turbine blade surface defect detection
based on UAV aerial photography

Song Ye,Wu Yiquan

( College of Electronic and Information Engineering, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China)

Abstract: Wind power is crucial for the energy transition. Wind turbine blades, which capture wind energy, require effective defect
detection to ensure reliable operation. The integration of drone aerial photography and machine vision can efficiently detect surface
defects on these blades. This paper reviews recent developments in drone-based wind turbine blade defect detection. It begins with an
overview of blade characteristics and defect types. Four detection methods are compared, highlighting the advantages and technical
processes of drone-visual inspection. Traditional image processing and machine learning methods for image stitching, defect
segmentation, and feature extraction are summarized, alongside deep learning approaches for defect classification, recognition, and
segmentation. Relevant datasets and performance metrics are organized, and the paper concludes by identifying challenges and discussing
potential solutions.
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Table 1 Comparison of review articles on surface defect detection of wind turbine blades using UAV aerial photography
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Fig. 1 Wind turbine blade structure
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Table 2 The material and function of each structure

of wind turbine blade
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Fig.2  Wind turbine blade operation structure
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Table 3 Analysis of wind turbine blade operation structure

45t o' e
b WY
S XU RE 5 AL SO RIS
] W 4
[HIES R T X XL ) T N
Lt Pl
% WXk XL ) S

1.2 RHHAEHMKESRESHER

Z RS 5] HBE 22 5 Coriolis RN 45K
Femy, KU s R D3R IR XXOE iR gE . RUILEE XL GE
e ol rLRE R S e A0

P = 0. SapAv’ (1)
K, PO IXEE s o S BRCEEH E (RS Betz 1
FR,<0.593); p A ER A M R TR N v Ras
s, (1) AT LA R E T AR
BT R T RROE P SO il RIS SR, it
SRR, ASFRVS KALSE N 4 s,

*4 FERERNSH

Table 4 Parameters of different types of wind turbines
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Table 5 Wind turbine blade defect classification
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Fig.3 Wind turbine blade surface defect detection technology
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Table 6 Wind turbine blade surface defect detection method
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Fig.4 Defect detection process based on UAV aerial photography
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Fig.5 Time line of wind turbine blade defect image segmentation method
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Table 9 Comparison of commonly used digital image processing methods
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Fig. 6 Timeline of wind turbine blade defect image feature extraction and classification methods
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Table 10 Common methods for feature extraction and classification of defect images of wind turbine blades
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Table 11 Comparison of commonly used classification network methods of wind turbine blades
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Table 12 Comparison of common single-stage detection network methods of wind turbine blades
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Table 13 Comparison of common two-stage detection network methods of wind turbine blades
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Table 14 Comparison of commonly used segmentation network methods of wind turbine blades
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Fig. 7 Timeline of deep learning methods for wind turbine blade defect images
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Table 15 Drone wind turbine blade surface defect data set
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Table 16 DTU-Drone dataset algorithm comparison (%)
Tk Backbone mAP AP Recall Precision F1-Score ToU

SSD VGG-16 61.4 - 49.6 85.2 62.7 -
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Table 18 Evaluation index of image classification
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Table 19 Evaluation index of image segmentation
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