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blades based on deep learning UAYV inspection

ZHENG Xin', TIAN Lin*, ZHANG Yan’, GAN Zongyuan', HUANG Wei"

(1. School of Artificial Intelligence And Bigdata, Sichuan University of Arts and Science,
Dazhou 635000, China;
2. School of Electronic Engineering, Yili Normal University, Yining 835000, China;
3. Research Center of Sichuan Old Revolutionary Areas Development,
Sichuan University of Arts and Science, Dazhou 635000, China;
4. School of Information Engineering, Jingdezhen University, Jingdezhen 334000, China)

Abstract: To achieve efficient and accurate defect detection for wind turbine blades, this study develops a
UAV-based intelligent inspection system and investigates its core algorithms, including multi-stage defect
screening, representative frame selection, and deep learning-based defect recognition. First, based on
image features such as structural integrity and texture patterns, an improved EfficientNetV2-S network is
proposed for preliminary damage screening (accuracy 87.5% ). Next, Gaussian Mixture Clustering is
employed to select representative damaged frames from video streams, effectively reducing data redundancy.
Then, a YOLO-v1l network integrated with Transformer modules and dynamic anchor strategies is
developed for precise defect localization and classification. Additionally, a comprehensive dataset
containing 15 000 annotated UAV images of various defects (e.g., cracks, delamination) is established for
algorithm validation. Experimental results demonstrate that the system achieves 88.4% recall and 71. 5%
precision in single-frame detection, while video-level analysis improves to 95.0% recall and 86.4%
precision. The method outperforms existing approaches in detecting multiple defect types under complex
environmental conditions. The proposed system meets the requirements for non-contact inspection, real-
time processing, high accuracy, and strong anti-interference capability, providing an effective solution for
intelligent wind turbine maintenance.

Key words: surface defects of wind turbine blades; UAV tour-inspection; Gaussian mixture model;
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Hi TR 24910 e LA A DR R 3 RRIASE | 3 0 R A
53k o J6 A ML (unmanned aerial vehicle, UAV)
IR B A A U AR 5 A AR R R R
PR EE ™, 2 R RS i TR 8 . 4R
MY E RGEHF R N T EE N TH
7B B, ik =2 200 A B B G TR B RE T 5 B0
S AT AR B0 A B A O 3 S T R S A
NEIR ALz 2R

1 3]

e

JAHL I R A SR X7 S v AL 2 KU B A 0
AR R B ER TR A AR, B e AR R
V& AR W BBE o K 88 i I 7 2 25 3 R A
TP R A R A B E SR
ZLAEJOEPE T BRI BT R RN T 1

i 2 T 5l B A DN 7 3%, X TRy e e | £ B XU BIL
A AT FRARE 4 A BAT R S A XLt
Jr B BE G ) 2 AR N A ARSI
A B A g AR R A, L2k RS AR

525 T J0 AR PG 4 XUBILIM A 2 1k
B B RE ARSI T i, 0T T A AR XU P 8 5 1) 4 A AS
RN L2 EisfT AAEEE L. WA
i 6 R RE AGE I 7 1 B0 O S < R TR SR



52 KR, A BT IR 2 2T 1 0 AN AL AR XUBIL I 7 3 ThT B e 2 e AG I Oy vk 269
0]

B 5 3 (AN T A I R B A i R AE S 500
I Ay AR ) NI TR EE A 2T 1 k(i
2 LRGN X 25 AR A A R AL R £
B 5 807 O W R 2% 3 [ 47 YOLOVS
B2 E R R 256 Y OLOvS K W 2% 4% & 22 o015
BB o PR GRS B e ot N T
B R IS (45 K 4211 \LBP/Haralick 20 B4
IE B SR 755 S5 AL 443 25 4% (i SVM. L Bl
HLARM) , 28 G T A # RRAE 2 B R AIE BE 85 43
HRYLR AW Br s BRI . %2807 ik & T i R
PESE T SRCAAR B O B, 15 A B I B | R o
— HRGE B3 5 e/ INREAR S5 F T AT RE AR+ R G-
figo SR, 2T MO & RS BTTHREE  XE LU
PEAKXT LU B 2R 50 55 2 A e B TR 6 R 4 9 St BlORE
TESE SRS s 2 efe ) W Z R, TR
JE 2 20 0 5 R A6 FR R 22 I 4% (1 YOLO
U-Net) 3 ) 4 H 32 > F ik, Eiia N E £ T
H AR A G A7 + 40 28) " 0l U Bl (R R 9k
JB ) S H R D (ST I R R AR ) S B v R
BES G A 55325 . D IRAIE B S R BUR 2
TG AIE X B R B b R, X 48 Ok
WA AL AR IR AR ) B B 1 i 5 N 2 A 7 T4
KHAE = BAn AR AS 1T 3 e U T AR R, H A
DL P e = ] R . AR LR 4Rl g, 3
T B 2 I 2% 1 38 H bR R I A i e T R
T R[5 S TN 7 S [ R, G R F 6 A LA
35 S ARG LA T Pk

(DAEE NS  ERET=(RE a2 3%
T ) V22 ARG B A A B 2 S ot ol T R PR
R ARG ABE 70 2 e

(2)/N B AR I PE BB AN . = S LA T,
S LA BB RO /)N 3 R B R X LR R
PR, 3 30H R

(3)ZZS AR AL BRAE RN 2 - B e H V% 4
AR ERIGR G AL S R EZ R, B—
AR X LA ] Fsf SHE Jat 22 o 24 700 G5l 574 190 v G R L) 5

(4) BUHE T4 T™ 3 < DU 40 A48T 1 K o st
R JG i o ol 5 A2 T, o TR B 4 A R T B B
KL R Z AR B TR 4 55 S B i 35 B o

BT IR PR AR, A SCHR R B IR 2 2T I TN
HLATFA = B B Re R I AEZE A0 IH gl an T -

(1) /5 200 5 45 00 4 B0 15 4 < 3l 3k 3 5 4

i 5 %% 1k EfficientNetV2-S [ 45 52 B4 455 He
W (87. 5% HEW ) , 45 & & TR G R (GMM)
BAL Y O T2 L TR 8 4 T, I R A U A BOHE L R
TG B2 A FRACR

(2) kg B2 SR B AR M 7 < i Y OLO-v11
W 2% (46 A%, Transformer # R DA 58 4 Jiy [ F SC#E
BERE F1, 1 51 A ShA R 5 SR WA Ak /N B B A T
B ) X DG Bl P 5 Wit 1 A4 785 it ) 58 B R 1) B A6

(3) % A 46 ¥ 2 < Ol 30 UF O 2% M BB T HE
BRI AR SCR T — AN RS | e Jo 4 1 XL
BLIE B T AL AR B0 4, A 5 i o e
A5 Z2 T RV e B L A3 15 000 188G 40 A5 v 1% .

2 RpLrt 7oA A R RE R

ey 3 JXUBIL I 3 T 38 A PR A5 0l 4R 2 T Y
BRI 7 5 B SRl . FRATRIT T AL Z A
AL B - i 2E AT 3048 , A0 8 I DL 2 £ 5 A i 2
SR R AR JE A5 R AR BT A R 2 R
T HET SR RIS R 5. U AL e
(9 5 55 UHIL I A9 2 26 i B2 R DI 91, LA
SR B BV M A T8, I A Jim 5 UL I 7 35 T
B B B AE G I B (4 TT SR AR o PR AT TC A HLAA B
FHE) B KUBL I 7 R A, JF e AR E B &
b 8 A6 TR Ui DA JE A HILAE 1 R A BE i Y [
BT CEERR N, WU L T, B2 # N, O 35) R #EAT
PRI o BRTERE, B S R AR R KUBL R R T
ST AFAER s SR 5 B R AR SR R L AR T
WAL E RO . o B 2 R AR R
FI T PIRIE REA A5 IT 2 v, ¥ 7%
EURITRIR A R N F IR

P TR T UL e 3 T 0 A 1] 5 Kl 46
AR BL U REA o [ 2 J s T KUHIL I 3 ThT A
BRI PR TE L AR o 15 5T, P UL 7 3% 1 [ 4
Je M AFTER, I8 2(a) B s D IE# XUBILI 3% 1T 4]
818 2(0) B o e A 1 4505 B XL I 7 2 T 4
5o BEXUI R 6 R AR bR IC B 05 07 B
P RY P 3 JE s T 45405 IR S HoAR i, A9k e
it R . BATTR I T XL 7 3R A 14
B4R A5 oK A AR XALAY 15 000 i KL
Fr i R e TR LR 10 000 i 4677
Fir 48 5 000 i (58045 473 B 1% 2 500 i, 31 7% 45
P&l 4 2 500 i) , 453473 7 181 45 Hh 27 375 Bl ] DL



270 A BTN

%415

/ —
3 \
L .‘
&

- ’ V

BT i R AR AR

Fig. 1 Representative image samples (partial)
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(a) Surface image of normal fan blade
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(b) Surface image of the damaged fan blade

B2 XBL R T P 1 A 73 3R )

Fig.2 Surface damage detection on wind turbine blades
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(a) Crack damage
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(b) Spalling damage
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Fig.3 Defect typology in wind turbine blades with annotated

exemplars
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Fig.4 UAV-based intelligent detection workflow for wind turbine blade inspection
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Fig.5 Preliminary condition assessment workflow of wind turbine blades
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Fig. 6 Extraction workflow of representative damage frames
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Fig. 7 Architectural overview of YOLO-v11 network
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Fig.8 Performance comparison for preliminary identification

of blade damage
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Fig.9 Typical examples of preliminary identification of blade damage (normal wind turbine blades)
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Fig. 10 Typical examples of preliminary identification of blade damage (damaged wind turbine blades)
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Tab.4 Single-frame surface defect detection performance

on wind turbine blades
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Fig. 12 Damage detection results on wind turbine blade surface (correct identification)
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Tab.5 Video-level defect detection performance in UAV-

based blade inspection
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