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Abstract: With the accelerating transition of the global energy landscape toward renewables, wind power has been widely
promoted as a vital component of clean energy. Alongside the rapid expansion of wind turbine installed capacity, the struc-
tural health of wind turbine blades (WTBs) , which are among the critical power-generating components, directly influ-
ences the safety and efficiency of wind power systems. In recent years, unmanned aerial vehicles (UAVs) have been
equipped with high-resolution imaging devices for blade image acquisition. By combining advanced image processing and

object detection techniques, they have achieved automated, noncontact defect detection, which not only enhances detec-
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tion efficiency and coverage but also reduces the risks and costs of traditional manual inspections. Therefore, this approach
has become a mainstream methodology in the industry and a focal point of research. However, images captured by UAVs
often suffer from poor quality (primarily manifested as noise, motion blur, and low resolution) , posing critical challenges
to defect detection. Moreover, defect features, such as erosion marks, stains, or manufacturing traces, frequently exhibit
high visual similarity to blade surface textures and present multiscale and diverse morphological characteristics. This visual
ambiguity further complicates accurate localization and classification. In addition, the lack of standardized annotation pro-
tocols and the heavy reliance on manual labeling hinder the construction of high-quality datasets. These issues collectively
constrain the detection accuracy and generalization performance of deep learning-based object detection models. Existing
survey literature on WTB defect detection has primarily emphasized nondestructive testing methods , with a noticeable scar-
city of comprehensive reviews dedicated exclusively to image-based detection approaches. Current surveys in this field
focus “on architectural advancements within deep learning models, including the integration of lightweight modules, atten-
tion mechanisms, and multiscale feature extraction techniques. Although these architectural improvements have enhanced
detection accuracy, they often overlook essential aspects, including image preprocessing methods and learning strategies ,
both of which play a crucial role in determining overall model performance. In this review, we systematically incorporate
perspectives on image preprocessing and learning strategies to analyze defect detection methods for WTBs. The main contri-
butions of this review are as follows. 1) From the perspective of defect manifestation in WTBs, defects can be broadly cat-
egorized into internal and surface types. We systematically present and analyze the causes, formation mechanisms, and
visual characteristics of these defect categories with respect to their structural properties. We also summarize the most fre-
quently observed defect types in datasets. These datasets provide valuable data support for the design and optimization of
subsequent defect detection models. 2) This review summarizes the characteristics of defects in detection tasks across vari-
ous power system components, such as foreign object recognition on transmission lines and insulator defect detection.
Through a comparative analysis, this review demonstrates that WTB defect detection uniquely encompasses all the afore-
mentioned challenges and variabilities. Consequently, WTB defect detection necessitates simultaneously addressing a
spectrum of challenges, including poor image quality, multiscale defect manifestations, class imbalance, lack of standard-
ized annotation protocols, and the need for lightweight deployable models. Such a problem-driven perspective provides a
foundation for inspiring future methodological advancements. 3) We conduct an in-depth investigation into the key compo-
nents of deep learning-based image-driven WTB defect detection. Three critical aspects, namely, image preprocessing,
model architecture, and dominant learning strategies, are presented. With respect to image preprocessing, task-driven
methodologies are categorized into image quality enhancement, geometric correction, and structural feature extraction.
Each of them is examined for its critical role in improving the saliency of defects and bolstering the robustness of detection
models. At the architectural level, the enhancement strategies across mainstream detection frameworks, including two-
stage, one-stage, and Transformer-based models, are presented. In terms of learning strategies, structured analyses of the
practical effectiveness and potential of approaches, including transfer learning, ensemble learning, cascade strategies,
and unsupervised/semisupervised learning, are presented. These strategies are evaluated in terms of their capability to
address limited data availability, class imbalance, and label uncertainty in defect detections. 4) This review also provides
an overview of publicly available datasets released in recent years, examining their data types, annotation protocols, and
defect categories, thereby offering guidance for researchers in selecting appropriate research sources. A summary of com-
monly used evaluation metrics is provided, underscoring the necessity of image quality assessment in diverse application
scenarios. 5) This review outlines critical challenges in image-based WTB defect detection, including imbalanced defect
distributions, heavy reliance on manual annotations, limited model generalization under environmental variations, insuffi-
cient data modality diversity, and lack of innovation in model architectures. In light of these challenges, several promising
research directions are proposed; these include the effective integration of multimodal data, creative design of model struc-
tures, and in-depth adoption of weakly or self-supervised learning strategies, with the aim of inspiring and guiding future
advancements in WTB defect detection.

Key words: wind turbine blade (WTB) defect detection; UAV imagery; image preprocessing; object detection; learning
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Fig. 1 Common NDT techniques for WTB defect detection
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A7 1 PR A RRAE | 38 2 26 4 2 B BEAS: 2R AR A
FAE 5 BRI DAE ME LA J5 Y 5 5 Xk

PO, BT IR B 24 20 1 KMy vk vl g S5 4R T A
MIPERE . Gao 558 N (2025) 51 A 25 B HUME AR AY
L A 7 O RIS 28 A5 it o e 3 e s L PR
FE L B 5 I H B[] 4% 44 U-Net A3 F 5 /R 0] e 6
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Table 4 Representative image preprocessing techniques in WITB damage detection

44 Fri %
PGB S RMe R0 DB RIS RS (A0 AN K SR TR AL S ROR AN 5 Sk b P A0 RE Ak o
RGIUIIE BRI PHE R RCHE fiR R UG Z [ A 25 (0] R, PR UEZ WL A | 22 I 220 TR ] 180 5% S i

IR Es S P H o) G i S Ra 20 FAR S5 5, R A 5 8L 30l SCR RS 22 B i

AT 7S 3 A7, 1 A0 3 JE TR R RIS . R, %
TESCHR E 7R 1 2R PR 180 W L 45 v, FLAE S B b 5t

HH B B PEATS A R BRIE
3.1.2 B

A2k, FE T4 T2 W 2% (convolutional neu-
ral network , CNN) FIl A= Jl 6T 9 4% (generative adver-
sarial network , GAN) i) 2SR J5 ik 76 TH B ML e 45
BE AR T B 2 3 B (Amrollahi, 2023) . Du & A
(2023) 3 Z )2 E G AR A, 456 ik ok
FESER 27 S T IR B 5 PR AR A B2 S
A, [HIZ 5 Pl O AZ AN T I B BGR
Pk 7 0 308 ) AR, HOMEREAE 2 20 Y 5 1 B 2 A
TR 12

DeblurGAN-v2 1 2y — Fi 2 T GAN B 57 2 ]
B AR AY | 3 Sk B 2 25 R R 22 RUBE KL B 2
S XS A A BB R R B aE N R S I R
(Kupyn 5§ ,2019) . Lu 5% A (2024) F| H #0125 (1)
DeblurGAN-v2 15 B %t 4 45 48 b A7 K AR b 2L, (0
75 5 % 3 Bl BOR] KR AE W 75 AR B0 4T3 A7 R A T
Ki o Peng %8 A (2022a) 5| A Inception-ResNet-v2 {E
4 DeblurGAN-v2 {1 3 X 45 , fnl 35 48 5ik 1) S 20 3L
20, i TG 0 A AL A v R ASOR) A 1 T R R B
G0 4 fE

R 1 38 5 ) PR AT 2RO L Az Sh SR 1Y
S, 38 P SO0 T AL RAT RS E R 2 B HLikk i

_____________________________________________

(I T STIUN
LS

BRI, Wang % A (2023) 5T M SRR Mg, i
LR TE AL B s ST, BRI X AT
T PR SZI , T4 5 PR BT it

3.1.3 PR

ERCE, I 18K v e el o B E A 1, )
FEAR A RE A S8 T 52 B0 e 3 PR RGO, A A%
PR TF X G/t B 114 - e o ) R

A PR DT A F A CNN 22 R FE R 5
1o 73 AR R Z 18] B WS G 2R, #7n R Al T PR R
B B2 B B A . 4o & 4 B 7, Sarkar Al Gunturi
(2021) >k H SRCNN (super-resolution convolutional
neural network ) B VAR THAOM E1 R 0 B, LB iR 73
HORER AT A 1207 AT 0 G s B A A R 4
TEZ A SIS IRME J B T .

GAN 51 A bR 23 36 B 4 P 38 R o A ) o
GEME 3k A 5 AR R A, BT A 1R
AR o ot e S A R ) 2 IR SR RE ) o B I VA AR
IO E i v S e DN B =W kN RSB = A A8
PETHREHRITE B2 ZOU IR AT A SR I (2= AN SRS
2021),

DAT (dual-attention Transformer) & F Trans-
former ZE44) , 3 b fill 5 ¥ 2 2 (R HRRAE 5 IR 2 18 L AF
ik, P[] A s TR 4015 503 B S IR B B R A
O DU R SO G A5 M R LR o Zhao 45 A (2024)
25 5 | AT T BB e 0 LU I s A, ST

_________________________________________

S

-

(B8

P4 A SRCNN $i2 25 1t bt (Sarkar Al Gunturi, 2021)
Fig. 4 Employ SRCNN for image quality improvement (Sarkar and Gunturi, 2021)
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PR A AR BB IR EE N I SO A 7 S50 e, il 6
(14 B ) RS A8 8 S5 e 0 T3S FH T X RS OR E S
P EEOR B m N 5%
3.2 BEB/ILAKRE
3.2.1 RigPHE

BET KR DR Y & o3 BE AR A SRR Oy WTB ik
e A Ak T ] ) O T R R R D
NIIE75) A Y=k VAT ol N R i P R U
A BRI I3 Jr B8 S P R S 5% 4, AR BT 4 T 1 K T
FHIESR Lo

Li5E A (2020) 42 H 1 —Fh e A8 5 9 KR DF
051 TR B I R SRR Ik A ) I A 2500 o) 7 55
e, S D 2 ARG S I, I LT Harris £ 50F
[ HLAH AE — 3 (random sample consensus, RANSAC)
ERFSOSIRUE JUNITRIIEECTr EE g P S R s X i R II
PP Bk LB R R D% . Yang 55 A (2023) 1R 45
2L B 0 SO AE AR AR 4T DR , FJH Deep Lab
S BRI {5 R I D R A A P A
ATREME . Yu % A (2023a) 3 F I AML AT 8 F11%
RO, RS0 SR g, S IR i B e 2L A R Y
TeEEPRE A e R e KR
3.2.2 FEMRRECHE

15 WTB R B A5 I, K 2051 B4R (infrared
image, IR) 5 1] WLy BAZ #E 17 Rl & o Zhou 55 A
(2023 )4 375 B £l 50% B 2140 KR 8 1 1l Ut
K4z I, [A B 51 A Rep-ResBlock 1 4545 11 A1 A]
) BB P B IR BHRARE Rl A R R AL, 1
SR TR R IR SR THG RS 5 B

I A, O 3 AR R AT T AR UK A
(Nakauchi 5 ,2012) o F& T~ G 09 B UK Bk 5 Az 00 4%
HAELE (Parent Al Hlinca, 2011) o FLK KR035 F54:
SR AT G , S BUE SR I T 2 RCR
A7 BR 5 [ PREE S5 F CANRT 55 Ol 8 R 21 40k 22 0
55 ) 0 RS T H AR 58 5 A A X 431 (Nakauchi
45.2012), Rizk %5 A (2020) 38 1 Fic 1 3 78 55 AN [
T DX 1 DG A% R BT S B I UG, LIRS RS
M A5 KL
3.3 BEREHERN
3.3.1 K&

SRy B v IUBTL e o ARG DS B2, R T 18145 03 %0 7
EHERTT ST, R B AR, S J5 S s U
SRt BT HLIE ) 25 A Tk A

Yu %5 A (2023a) 1F U-Net W 8 4545 5| A5 2
JEE T 2345 AR 348 0T S B AE (4 4R B2 BE T 5 I
FRIE B Sy 4l AL ER S 2 )2 M5 Bl G o etk 1)
U-Net f5 80P G 35 4 (L HE B B PRI YuE A
(2023b) F) J 2t #F U-Net F1 Sobel 2 1 5l [ 52 2 15
St BRAR G S2 MR PR XEE o Rizvi % A (2024a) 7E
U-Net 5| A Pixel Shuffle £ Pixel Unshuffle #:1E , 7F
PR 4 1] 3 39 23 1) [] Bof 38 5 R AF 38 S R 7, ST A
RO EIRE Sy o RS FERE I, JE— 2538 o Canny 1 %%
RIS T EE ot R e B AR B M T — A
e DX RS 7 808 4 (Rizvi 55 ,2024b) , 43 #5598
P48 T S5 HR T TR IR B AR RS SO
3.3.2 EUpSfmSms

FUL 53 fif 5 il G 18 G AL B D[R VE A, v
I3 AR LSS R LR AE 2R | il T 3% B Z U R AIE LA
PETHEF B AR S %Kik e

Peng 55 A (2022b) $2 11} T —Fh gt XF R 5) 6 IR
AL G358 vk o % I A R 8
SRR AT IR 5 | 3 3 7 0T RUBE 255 i) v
SRR IR D) 22 BROE BRI S B0 42, I 1E 5% pRi
B Gabor Z8 8, VK 5 31 2 41T, DA H 5451 473 K6 1)
PERE . Ji % A (2025) 42 1 (1) CMFCANet 9 Z8 HE 42,
1 20 3 18 PR RGB X 1 (1) HSIChyperspectral
image ) i (455 R HEA T 45 6 R 2@ 8 B %,
P& T Ao DU RS AU AE 52 2% 8 e R MRN8 1 1Y i
PERE .

BT AR AT, MR Fe i B0 AR o F e 4l
AR B8 RLCSE WTB B i ER 5 &, e T Tk
B RFAIE P4 T8 OO 2 R T T UL [ B, R B A v
Sh Ay LA B A B AL T R AR SRR s I,
PG 1) 2 b B 2% S X ARG I 4% 4 4, RS o
fifp 3 Rl A DU AR T B OADRE AN A0 T G SO Y . X s
D5 TR TR] A i S BB R 5 52 A3 B 5 B E T A

4 BRI 4

VTR | B T A B 28 ) 28 1 Transformer 45 56
HERERY AL B A U H R L © Rk WTB it i A6 10 4651 45
B B AT 5E 7 M o Moreno 58 A (2018) 3 1 75 B £k
g T I 2k CNNBEEL GIESE T CNN 7E WTB il B 6
I SIS 8 T AT L AERHER 20 B R R BN RGE H R
ARSI RCRATS AT 17 52 71 s Reddy 55 N (2019) 45 & 3
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B HEOR, SEPL PG X o3 2R M 225 ik
B RS A 32 ARAE A 38 /N RUST B B A7 A2 T T SRR
i, HAR A S A TG R R T AR gk & h
T o Altice % A (2024) 7% ResNet-50 1 1 ¥ 2% i
4 Transformer 254 , 31 5% FH v 28 4 FUR B AL T
PN SRR AR F 2 P SRR A IR R, W R T
PR EE 5 A ]

JLAE CNNFE B AmAS I €5 B s il 25 1 Jie | {H L
X /N H A B R DUDRS BE N 23 18] 5 L HERR PR AEAE A A2 o
U WESEE R T R F A I HE S AR AR R A
FH X I B2 1] 534 < DL R-CNN 251 AR 1 9
i BRI A AR AL YOLO (you only look once ) A AZ L
(BB B A A A T AE R, BR A% 58 CNN 224 b
Transformer 555 H 1 2 S HLH] , e L H 58 K0 4 )5
BT B ME SR RN ERR O B AR AT 55
JERE TR BIBE5ET7 101, QL 5 07 o

SRR WTB i g Rl r BT T80 I 1) 22 51 Pk KL i
AERAIETEE BT RIAGIN ) 265 1) 25 2H SRR 40 AT T R 48
Podbs SRR AL A X 25 45 1 A et 40
I PR RN, i R T B AE & 2% WTB Al
(A o7 1 R EE R . T SCH RO [R] R ABE A6 fiaf
BRI W) 45 S5 AR AL 7 T ) SRR R 2 R
4.1 E-TFMERER RN %

R i MR A% Ge A R 8 I 28 7 B A 28 (525 T8 A )

FRAE, Girshick 25 A (2014 ) $2 H 77 DX a5 A 4l 22 o 2%
R-CNN, B R e X I 5 VR B B IE 45 4, dEST
T e DX S A N — R IE R — 3 2R 2 W 1 R
B HARKIAESE . Mao 558 A (2021) 2 H T et i 92
WRUR B2 2] M 4%, 455 AT AR TR B A T 28 JE Rol 5 I
T SCAE B, S/ INER BTN RE T, B IR T B
PR EAEZ AT S TP RS M ST R .

JSAE R-CNN 7EAG 0K B2 7 TS 1 28 1, {HH:
R 000 R A A A T DX BB D R R R B A
SEICAZEAN S, Fast R-CNN 38 11 224 4F [8] 5 Rol
Pooling 18/ 85 5 115, I 5 | A DX I 130 I 2 52 A
JF 530 0] () -4 . Shihavuddin % A (2019) £ %F
AL 2 1T Ji2 A B 7% [n) 280, {5 ] ResNeXt-101 7E 4
Faster R-CNN 451IE 2 B R 2% , I 25 & DCNv2 $2 7 %t
RV FR AT TR 22748 (1) A B

1E Faster R-CNN 3288 H ARSI 55 45 28 AE [7] 15 714
Feaifh I, He % A (2016) i — 2P #2111 T Mask R-CNN,
PLSEIE RS A ) H PRSI AE 55 . Zhang 45 A (2020)
f£ Mask R-CNN-512 H1 it A MRNet (MinReact net) ,
SEFOGH I M R b i SRR R o 2. BETS
Zhang %5 A\ (2021) b3 T YOLOv3 . YOLOv4 Fll Mask
R-CNN PERE , T 5 T GG 5 FUECHE 3G 5 4 2 TR
Mask R-CNN LAY, FETHAEAN DG IEF 1R AR U0 g
JyFEREYE . Diaz F Tittus (2023 ) 38 3o 2 I S MG, %of

Viola-Jones
HOG
SIFT T DPM LS+3P
Seka T >
fegeta T 2001 2004 2005 2008 2016 4
A Bz [x 255 Faster R-CNN
Fast R-CNN
R-CNN Mask R-CNN DetectorRS Sparse R-CNN
( ¢ ? s
- »
2013 2015 2T6 2017 2020 2022 s
SPPNet FPN
: . R-FCN ,
TR B ASEIN [X 2% EfficientDet YOLOX
PR ) CenterNet PP-YOLOV2 YOLOV9
P D YOLOVI0
TR 5 1 OverFeat RetinaNet PP-YOLO PP-YOLOE YOLOV11
A -
2013 2(15 2116 2017 2%18 2019 2020 2021 2122 2%23 2024 20257
YOLOv1 YOLOV3 YOLOvV4 YOLOVS YOLOvV12
LOV2 YOLOV5 YOLOv6
YOLOvV7
Derformable DETR
ARSI X 4
HEF Transformer (RGP 2% DE?TR DINO PSR
A .
_ 2020 2&21 2023 2024 L
ViT Conditional DETR

Swin-Transformer

KI5 EARAGIN 0 2% A e ik 4

Fig.5 Milestones in the development of object detection networks
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I AT 0T 43 B 4 B Mask R-CNN #E4731145, B
AR ARSI AR AR A T A
4.2 E-T M EREZIHIG I M 2%

IR BRI 7 R DX I8 R B
B EOT A R S m v 2E  MELA R B AR IAT: 55
Xof TRE FIRS B I WU oK o it BIFGE A 2 T v
3] i 1) BB ARG DM 7 1% o

SSD (single shot multibox detector) K F £ KU 4%
U P S B[R] 2D A, PR A B8 0 [R] IR 1 3T
X 28 25 oy T 7 355 L P R TP, R ORI NS A5 N
(2023) >k H ResNet50 (residual network ) 1 A SSD %)
FRAEAR IR 2% (H 2 R S8 S, Bk S
YOLOv4 J2 LAJG #Y R 5 AT X He . EADD (efficient
and accurate damage detector) (Lyu & 2022) 18 EF
5| A FDSB (factorized depth-wise separable bottle-
neck ) Fl FAM (feature aggregation module ) ¥4 B, %) %
A e P, T 45 5 XUIa) R AE 4 7 3 I 4% (bidirec-
tional feature pyramid network , BiFPN) , SRR AE
WERB SRG AR AT YOLOv4,

SSD FR AR FLAT G I 3 J3E bR 45 4 ) BRSO L H
TE/IN FBR A IAT: 55 o g o A o or AN BB, Bl AE DT
TC ARG i, Al J RUHILAS: DU ) v 5 BE 5 5K . YOLO
W B AR A Ay 0] e R, B4 NS AR R B3k
FAE AN ) A T S 21 g TN , S TR B4 o B

Sarkar Fll Gunturi (2021 ) FIJ I #8 43 #¢ 8 i K%
ey v o 5 B KO 4 L JF SR T YOLOV3 [ 2% 52 9t
T eZERmBFE N A S HAR S YOLOv4 S5l
X IRR IS S B G B RS bR . Liu %8 A (2023) 58
U= N I L OO 71 £ S S| R N A
YOLOv3 & 2% FE A58, {HL [6] B ke = 8 ) X L

YOLOv4 7 YOLOv3 f) 3t} b 7 — 2§ o 46 )
(A TR SR AT ()92 AL RE 1 o Zhang 25 A (2022) %
FHEE 5 9% MobileNetv1 IR B AT 73 55 46 LR AR T34
BCAS, I b e i 18 1 7 LI SE (squeeze-and-
excitation) . %5 PR HIE & JJ B8k (convolutional block
attention module, CBAM ) F /5 & 38 8 1£ = 17 (effi-
cient channel attention, ECA) 7 /N [A] 437 & f) /E FH 2%
R 18 Wt A A B 9 ATk B G I . Huang 5% A
(2024) 7543 F F YOLOv4 3= T % %% (1) F7AiE £ 2 B
73, IFAEG A B A A S [R]FTE 8 R 46 5 B0 T

7 J1BLHl (spatial and channel squeeze and excitation,

scSE) , 48 T2 [a] Al 8 5 B P HRe )  (H R IR T2
grig LA I8

YOLOX 7£ YOLOv3 Il YOLOv4 JE 6t A1k , B
A RERAE ST, ) 1238 T LA AN B AR
PO o T Tl g5t b B As 22 KU () R 4 )
1, WT-YOLOX( Yao %%,2023) i i SimRepVGG 1E R
E T M 45 33 h11 CFFM (cascade feature fusion mod-
ule)BEHL, SEL/IN BARFRIE SR I

PP-YOLO 7EA4 B8 YOLOv4 2.0 B () BL it | 33
T T HEREL AL . S SERRAR PP-YOLOv2 H A5 48 T
TN . SopifE i % PP-YOLOE NI i#E4T
TSR ALY ST ARG B AR R SRR
Tk PR S T T A T 42 FE . WTD-YOLO (Cao 5%,
2025) EFXFERE B AR /N R, 78 PP-YOLOE 2:4ili |
FIAAALR)ZE RGBS HUHI AR Z AR SE U RE
J7, 38 AL AR P S 2 2 UK [R] R s R TR] B
2E4 Transformer it #% 5 CBAM #2452 2237 50 T 4
fEHIE

YOLOVS #£ YOLO F 8 54 151 A Focus i3k,
JE it PANet, SV AL . [RIEES 0 B Sl Al e 2R
FEHLH , B Bl ) B R AE R 3T T BRI X 2 R
FERRE AR BAE /1. AFB-YOLOv5 (Ran 45,2022 ) F)
H 5)% 7= 1% :J% il E%ﬁ% % % % ?ﬁ (path aggregation net-
work , PANet) 3Un] 42 , @il &5 R SZRHIE , IR 5] A
[Fi] 2 ) BUER LA B - b - WTB SRBERRAE . SR 1, %
5 5t A2 ARARE /)N HL ST 55 453 43 R V5 35 PR A2
A, LiuE A (2024b) [RIRER S5 R4 A BT BRI R TR 28
W, I %k % & fk GCBL-YOLOvSs fi %Y , GCBL-
YOLOvS5s £ 5 T M 2% h F GhostBottleneckv2 5 B¢
RIFELR I C3BIH , F4E 1l CBAM vEE ML, AR
Xof /INREAIE S 1 ) TR Ao S B AR A o A% B € R T P
& R 1E , Zhu 55 A (2022) 7£ backbone 7 il &
MobileNetv3Bone 1 GhostNet L 2 T4 & (0 2L 8L 4F1E
] C3TR AL ER B 40 C3 Al LA i X I 4 R K]
GREIRINRE ST o B NS A Hois R+
Yo AR e 2 80 RS I R 52 . EF X YOLOVS 11
At e HE R it 4N 5 TR o

YOLOv6 7E YOLOvS J:fifh I, 5] A T Efficien-
tRep .RepVGG S H DUFE T4 AR A0 5510
Tl G R . SR, HvEg AR A A 45 A T 5 B
R ASCR I R B, H i T R TR S AT R BRI T
BT X WTB Sl B A AT 55 1 R BE AR A, 5 B0RF DG itk
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Table S Summary of improvement methods for YOLOvS model

SR =Y
ik F T W2 15 k B 2K PRI AP o ;
ik FET ML Nec K PR m M
N 4 G OR B
Zhang 5§ A (2022) CBAM i 2 7 ML E;’\W E - @0.5:0.951( 1 0.115) 37.8 41.3Wi/s
o J2
Ran %¢ A (2022) CA B JIHLH] LI FPN EloU @0.5:83.7( 13.2) 11.6 63.410/s
Zhu 48 N\ (2022) MobileNetv3 + GhostNet - Alpha-loU @0.5:93.2( 12.0) - -
Zhang 5 A\ (2023) MobileNetv3 XY [ii] FPN EloU @0.5:90.15( 1 5.51) 8.4 71.15Wi/s
Dai(2024) - - CloU - - -
o Ghost =1 + GhostBottle- .
Liu%% A (2024h) Neckvd CBAM BiFPN @0.5: 94.56( 1 5.05) 6.8 7.3 GFLOPs
BhAPRE
Lei 22 A (2024 - - @0.5: 0.893( 1 0.11 0.138 /s *
SEIN ) - (1 ) Mi/s
51 AT = & Y . .
Yol 1 (2024) 1B FUZ R DCony; @0.5: 0.792( 1 0.029), 711 15.0 CFLOPs

HAHR 0k GSCony

@0.5-0.95: 0.457( 1 0.010)

T R SRS R T A9 BT img/s , ~ PRSP ORI 52 et O i, 1 AR R AR ik .

HREZ

YOLOv7 7£ YOLOvS JEfitfi | 5| A E-ELAN (effi-
cient expandable layer aggregation network ) &A%k
58 —4T 55k, 454 CSM R 1 i B4k PWK
% FU5 BiFPN 4544 , [] B it ik Wise ToU LU AR [81 1
PERE. YOLOVT /R # ARG B g2 W B AE/NEH
B AR A 5 B AR U M 22 RUBE 38 WM 7 AT AN
JE o L, FufE A (2024) 42 1 42 AL G AR LE-
YOLO, %M B 454 GSConv FITE S 11K SimAM 1
T SIHL 76 5% A A [ IR 48 5 A ) 45 18 1) A 45 6
Al . MBS H AR, Liao % A (2024) % DGST
BEHLANR R AP 4 7 AT (1) ELAN A8 Fil MP-1
B, DLy 2 R iE 45 B PRUKE 5 [T 5] A ECA 823
FIMIoU, 48 T+ 7€ 74 FE RS8R . Iz AL & ik
by (HH A R IRHD

YOLOv8 72 YOLO %1 § > 52 9 4= B4 EE 44 1Y
A, Tz 0 T 5T 21 Tl 3 8 i 45 2K .
YuZE A (2024) $ H 3855 B YOLOVS B AU 5l 1 5] A
CBAM \BiFPN & EloU & F- X KUHL it F 22 KRB Bl 3
PRI RE 7, (HAS IS F 52 2 RS H G i g RO
J& . Zou % N (2024) 5| A DSConv 5 CARAFE, 34 5%
LU SR FRE SRS T UGN, 456 WioUv3
5 7 B 3 T SR I A TR RS B 15 Y
FHA BE MG DL T, 2R 7 5 Bdi 4 Lo %
ik 100% , (HiZ AL BE I T ik . Cao 55 A (2024) &5

A MLCA TER ) AR SR & 5 AFPN Bt 3
2 A RARTYE A 5 N 2 R/ H bR AR P RE
T DR A7 A I S 1) () N S 2 B TSP 2400 R X fE
(mean average precision, mAP) , B AR T BLAG B A,
TERARD BSOS PERE A2 M0 . BT % YOLOVS 1Y
HAB SRS HE AN 3% 6 Frm .
4.3 E T Transformer B4 i B 2&

Transformer 7E [ S8 1 75 Ab BT AT 28 i , 4%
O R A VL 6 48 . ViT (vision Trans-
former ) i 12 K 1R LA g P 9 AR 2, R FLHEE B
TIUH ST A R R G 5 L S 1AL G AR 22 )
1) R AR PR o Dwivedi 28 A (2024) B UCHE ViT
I FH T H T AR GE BB A I | 3 e F T PR A 4
PG4 Jy BT SCHOR, fe 26 th 2 J2 B BIL S Bk [
iRl

VAT F R A ARG I A 82 041 L 2y T 2 L4
FAH AR B = Jry FRRFE Y A BE ) 04 (8] J2 R 4
76 155 43 5 UG A 3R 2 4R TUIAT: 55 Hh A7 AE W
B JRIFR o B X X —[A] 8, Swin-Transformer 2% FH J&) i
% 0 H R IALE R DRSS R R
R [ I 14 508 Jey 0 5 4 R AR AR M, 2 2 B T i O
PEREGAEFERE JT . Han 55 A (2025) 38 18 R A4
RET A FDE IR AAT 1Y 7T WLOG/2L A B Koz A7k
BT MR35 52255, 10 R EE S50 1 45 R R W
Swin-Transformer 5 2 f1% - 34 15 51] o 1 o6 b 00 T
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F6 YOLOVSEAIRIBLH A RILE
Table 6 Summary of improvement methods for YOLOvS model

S5 Bry= N5Vl
ik EF 4 1 k B BRI AP o \
SCHk FF ML Nec ok pR %L m M o
BiFPN @0.5: 76.6( 1 3.3)
Z2pk 2 N (2024 LSK Attenti Inner I 22 .9 GFLOPs
2=k N (2024) SK Attention FasterBlock nner loU @0.5-0.95: 46.5( 1 2.4) 6.9 GFLOPs
@0.5:83.3( 11.4)
YuZs A (2024 BAM Attenti BiFP EI 04 3 GFLOP
uF AN (2024) C ttention iFPN oU @0.5-0.95:54.7( 1 1.1) 3.0 8.3 GFLOPs
Wang %5 A (2024) PConv - EfficiCloU @0.5: 0.995( 1 0.026) 2.07 7.0 /s
4 ResNet-EMA
Liu %5 A (2024a) Focal Block esiet @0.5:79.9( 1 3.0) 3.01 7.8 GFLOPs (0.9)
Slim-Neck
FasterNetBlock @0.5: 86.6( 14.3)
Yang 28 A (2024 GMF-SPPF 8.7 116.3 1/
ang 5 \.(2024) C2f-EMA @0.5-0.95: 64( 17.5) Witss
. DSConv @0.5:0.937( 1 0.23)
V/ 2024 - WloUv3 335 8.5 GFLOPS
ouFA(2024) CARAFE YT @0.5-0.95: 0.712( 1 0.023)
MKGG
Ma%¢ A (2024) ECA SBiFPN @0.5: 0.855( 1 0.017) 2.1 -
Zhang %5 A (2024)  CA Attention Rep-GFPN Inner-WloU @0.5:92.0( 15.5) 3.2 120.5 Wi/s
MLCA Atteniton
. . . @0.5:78.6( 1 4
Cao % A (2024) R RUREE AFPN fnner-ToU o "oe s 1(72 T) 53) - 8.5 GFLOPs
N .5-0.95: 51. )
CAA-HSFPN ©0.5: 78.6
Sun A(2024)  RFCBAMConv  EEE45BUAT 55 % 5% @0.5-0.95: 517 182 8.5 GFLOPs
ZERY 1Y Head ’ R
" UniRepLKN @0.5:0.92( 10.03
ZouZ A (2025) nifiepLANet DySample (10.09) 253 7.2 GFLOPs

ADdown

@0.5-0.95: 0.687( 1 0.062)

E RS RIS My i, T ARREE AR ik

HoA T LB RL (HZ AR B UE X ALS T RS T 1Y
BARIVERE

Ut 1 , DETR (detection Transformer) B UK K
Transformer 284 i FH T~ H Fr A I, 1 T i e S4c ik J3
1 F /N B A A RO RS R R . S it , DINO
(DETR with improved denoising and anchor boxes ) i
i GIAMER 27 ] 5 S HHENLS] , E T T/ E
PRSI B2 AL AR M RE . WTB-DINO(Gao 55 ,2023)
B % RUHIL BB 2 %) R sSORIASE I 25K, 78 F2 T 2% vh
5| A Focus down-sampling & £t Fll ECA 7 & S HLHH]
B8 RO AORLEE /INVRRIE A B IBCRE 5, 78 St 5 45 AR it
B2 Sk TR I HLE I AT g g 2 L AR AN ) 26
RIS RFIEIR] A S B4

RT-DETR (real-time detection Transformer) i iz
DB AL AR 52 H5 A 3 AL 1) I SR B g A% 1) DS T 5
W, RS B 5 32 ) S BB A P T Tl A

SFRAT IR . Yang 55 A (2025b) 32 B0 Y
Fre-DETR A8 , >R FHj %% i fk FasterNet #l RepConv 5%
IR RORFAE SR IS R P45 A TR
REE N 5 4E 42 H. (attention-based intra-scale feature
interaction , AIFT) 55 AR A ) AL , 52 042 R
AEEK Bl , 7] B 35 T 6 38 38 5 23 ) 2 T L Y
SMLCA #5350 48 B U Xof 22 RLBE e 4 1% 4 U
HA

FE T Transformer 1973 HIA RIFEIZ S0 A 1
o Li %5 A (2024) # ) —Fi & T 15 F DL BC A9 Seg-
former 7Y | 45 5 7E 2 ME4Z 48 (online hard example
mining, OHEM ) 303 SR Tl S AR AS i 1153 58
R 43 DX 35 0000 A e %) AL BE K A 2 o7 Sk B
DI, 528 WTB SR 2ES0 FLIIR 7% A= Db 45 e
AR R AR, IR T B AAE O R AT 19 43351
Jo e 5 A - R
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25 3] TR A A AR 548 5 )1 e R A DK
P Gt B0 AR B W SRR I S iz A PR RE . TR
WTB i g £ 0 4 55 H , e o R A A e | 300 AU ASEH) K
o TIAE PR AN W TR G A LR R R . T8
BT i R A ) SR AN RE 8 S I e 450 Bt
TR FRRIE S B, B B8 2 fifk 52 b oy FH v i DL B A
M7 R M P A (), DA 2 R TG I AR G Y
Ptk
5.1 EBF3]

TER 2 I A TORUE (B i BORBRTE ) B8l b A
FINZRLASRAG ] IE RS R, B R % 2 H bR
1155 v s 8 T W AT 55 o bR B0 L W 51 AR A [RAE:
55 S O3 AT I AR T AR A 4R T R (AN 18] 6 (a) BT
/) (Jiang 5 ,2022) o %07 AU AR Y G PR i
BEEAE 55 AR AFPERE SR T, [R) I 15 5t T A Y AR AN [F)
PEEAEIE T BRI & B 1 (Dhiman F1 Nizami, 2024) .

FRCUACRS 0 TR 11 ™ B 4K 98 Bk 2K | Alvela Nieto 55 A
(2023) £ ) — e T IR BE AT AL 5 2] ORI 7 v, SR
JH7E ImageNet [ 71l 2k B9 VGG19 (Visual Geometry
Group 19) . MobileNetV2 Fll Xception f A FEfifh % 4%
NI AR AR SRR R . Yu S8 A (2020)
[F] 38 2f ImageNet | F1 Il Z5 % DCNN (deep CNN) 42
B b 1 SCRRAE , IF 4546 S RF ) i #L (support vector

machine, SVM ) 73-2$ 25 S 30 = B B9 S A 100 %0
ESVizita e UIRIEN TR IRERTE 2751
5.2 &MFS

e AT i B G 2555 ) d A R
BT I RERL (AN &l 6 (b) JF 7 ), A R0F] 45 5 A ]
ANV , S R 0 ARG S A P Y
PRI T HAE RN R T O BRAR R DL e H AR AR
A TH Y 1 g

Memari %5 A (2024) ftt & DenseNet {14 J&) 38 435 1F
TRHUBE ST 5 VIT )42 Ry OB AL 35, SR T ViT AL
h 0. 6 F JITASCP- 28 46 i SR s, o 2 iy < 1] 2
FRIPAFIFHES I . Prant 55 A (2025) I F 248
ER S RS, A VGG  Xception Al ResNet 3 Fif
T P25 ) Mask R-CNN TN 25 5 | fe AR AR &2
A 2 B RSP A, LR AR A T R —
BEAIAERR R . A, 30 ok P8 AT R BB A, mT RS
FE BB 2 B LA UM T BE
5.3 ZREXRER

GRIRAIL R 38 5 53 By B Ak 35 s S IR AU e
b, A% 0 2 W 52 2R AT 55 40 il Ry sk 0 AT 55 7 91
(Hwang %, 1996) o SR HE T Fi 7 (64 T
HEARFIE SIS PSR AL (& 6 () s ), AT 7E
PRAETH SRR R [ I ST F R BE . X R 2 A ik
By A B AL A R AR 2] SEEET X

TE LK AT 55 T, Wang Fll Zhang (2017 ) 42
T —Fh g5 G R Haar-like FRAE-55 0K 73 S & A A6

IgiHc
TS H bR
% TN TSEO RN 3T
)
%
S AL IR, B E RS
et
(a) IERE2E>) (QE 3%
g A ERRICEE Jelk kRO
1J” é/%if}-}é % **’]WEA&TE % @]ﬁﬁﬁ?j‘:{
v
R | . T bR R S
L g S LRI v
L s & T S
e Al Sk
(c) ZRIRIRME (d) T (e) W)

K6 WTBBFaRM g ULk > 5Rmg

Fig. 6 Representative learning strategies for wind turbine blade defect detection ((a) transfer learning;

(b) ensemble learning; (c) cascade strategy; (d) unsupervised learning; (e) semi-supervised learning )
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HEZE | DA i A0 00 F) i P R AR . i i i 2
S AR 5 L ORS FEALA T I B 2 3 v A
TEZLSUA BRI B B, 1 558 2 97 8 Haar-like F#1IE
FEMAR B 2 5 SO E B WS 45518 shdd 1A
Ik 5326 7 (LogitBoost/ P M /SV M) Xof - i 156 [X Ik
PEAT 0328 5 18 2L GOKS BE A AR B B, M T 2E T Logit-
Boost Y3 IRk 7 e dEATRs am AL i o 7E b3k
Fml b, Wang %5 A (2019b ) 38 13 147 4b B A Jaya {1
S LRI R AR AT T Al ST
gL G B MER T . He 58 A (2024) #1217 —Fh
Be T SeMUR RS SR B B I Ty 1%, B A
M ARZ AR 4R T 28 S5 E ALK
54 EREFIEFXEEFS

TC B~ A1 38 5 R B i 2580 A2 SR T A 254
5503 A A CAn 1 6 (d) Btz ), A7 38050 IR BCE A 1
ARG N TARE BRI PR . X — T
FETE Tt A AR S ANZALRE T, o WTB kB
K BEFEITRE T8 & A4S . BN, Wang 55 A (2019b)
K H — 28 3 1) & Hl (one-class support vector
machine, OCSVM) B JC G J5 vk , X7 7 EH R P IE
5 S D

2 B A o 3 W ) R D i AR TR AR R
REREREA (I 6(e) fitan ), 7E B 5 2 5 0 a8
2] Z IRV, AR . BEX WTB B A6 I
T Jo e B T ARORE DA ) AT M R A T R, 2
B ol g AP bR 2 AR 8 N LA A f— BRI
DA S5 SR, A RN ARARTE B TPz IR TR R R, 52
PRSI B 1 g 25OM) FH 5 MR0RS 2 R 52 T

Barker &5 A (2021) @l T JCWa 7B 5244 Wa B
) L BT TR s R I R SR T S Y A6
DAL T B B Bk FH A T U-Net 2209 18 45 B8
25 2 AT R o 5D, WA R B S5 R R AE DL X
4y B bR X 805 BE 5 SR Rl A VAE . GANomaly F
PANDA A2 e B AR SR, T A A 5 1 3l
HLHISCELSE R . Huang %6 A (2024) 3T GAN#4
A M 2 ST HE SR, H v g B 25 78 43 R T YOLOv4
(0 32T R 4, SRIOTCAR S PR A S5 R RRAE 5 A AL 25 1
b b SRR PR S i R E T AL O R O EAR
WA MR TE R RT3 T A R s TR Iz L RE
Ho Ye 5N (2024) 5T 22 Gl 2 WL A AT 5 PR
FESREME R A AL ARARTEBE AT I A TR
i o b A AR A g Y 22 T BE (intersection-over-

union, ToU ) B8 B 53 (] B ANHR 8 P it . BEE 2K
PEAEY 70, LR ] R W A7 B AR, (EURBSTR) T IR B Jd

6 HBESIFMETER

6.1 HiE&E

1) DTU-Drone, Shihavuddin [4] A 2018 4F # 57,
ZHIR SR A S59 iR ER , 0 HE 0 5 280 x 2 970
1% % (Shihavuddin 57 ,2018) . i sk Z2440 AT |
W GAR b L i i A I 55 2 R IR 4, O i
U2 R B R A

2) YOLO Annotated Wind Turbine Surface Dam-
age. 2019 4F-7E Kaggle V-5 A FF A& Aii , 4 13 000 i 4]
18, 23 HEF N 586 x 3718 Z R YOLO 4% bR T
RO IR h SR R s R S
LRI

3) Wind Turbine Damage new. 2023 4F if i
Roboflow V- & % i , 3£ 2 248 i KUZ , 70 EF K 640 x
64018 3R , £ & 250 TR JZ BEAR AN B i 40405 , ] e 42
HEYOLO 1 VOC PiFhpridds 0. Bda e H T2
T v A B0k & B i A AR T RS ST I

4)Blade30. 2023 4F & GitHub ¥ &5 & fii , 3k
1 302 i A5, A2 3% 2440 D IR N30 25 3 i 45 Bk o 28
B A REAS 2R A AR TE

5)Small-WTB-Thermall, 2024 4-7F GitHub 5
JFIRL 36 1000 W8 5, 93 B304 320 x 32018 5%, 4
R IR TN A2 1, T A AR AR 2R AR FEAE
Prlts

ANTPEHR T

https://data.mendeley.com/datasets/hd96prn3nc/1

https://www. kaggle. com/datasets/ajifoster3/yolo-
annotated-wind-turbines-586x371

https://universe. roboflow. com/sakethh-xv7uo/
windturbine-damage-new-auklj

https://github.com/cong-yang/Blade30

https://github.com/MoShekaramiz/Small-WTB-Thermal 1

T3H0 AT SCRR P R R B BRI Sk 7
NS
6.2 ITfhTEHR

WTB G B A I v FHPPAR R PR B e 8.
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Table 7 Summary of non-public datasets in the references

SCHik BB AR IIPERIEER
Wang 55 A (2019h) L 160 5280 %2970
Shihavuddin 1 Chen (2019) iiﬁﬁ TSR B TSR IR 0 g -
Xu %A (2019) FATER LR A R R0 25773 5472 %3 684
QiuF A (2019) 24405 PR 4369 1920 x 1 080
Yu % A (2020) L0 AL s TR 5 PR J5 G 45003 171 -
Reddy % A (2019) Datal: i 1675 -

Data2: #5105 (R =5 5 F il 4t 00 s M RHBU 5 SR FF 24 5 | 647 ~
fRtl s G f il s 480

Mao 55 A (2021) P80 Wt TS s B AU 1164 300 x 500; 608 x 608; 224 x 224
Zhang % A\ (2021) U0 (20 LB HA 191 2592 x 1936
Yang % A (2021) 45 1350 224 x 224
Guo5E A (2021) ORI 5 2480 0 E 05 5 L G A=l 725 [
Haciefendioglu % A (2022) Kk 278 -
Zhu% A\ (2022) it 513 640 x 512
Zhang Fl Wen(2022) WOIR ;s L0 4Rl s TR 2 MV 400 5184 x 3 456
Zou F1 Cheng(2022) oy R I% 4396 5472 x 3 684
Ran %8 A\ (2022) - 559 640 x 640
Zhang % A (2022) RV s i ol B TG Y 1952 -
Lyu 5§ A (2022) JEEAC i 3 L5 (=i 10 000 4000 % 3 000
Diaz Fl Tittus(2023) ST V5 5 AT SR A s BT s A 5 A HA 701 -
Dong % A (2023) 150t 5 IR 5 LI 198 -
Yao % A (2023) 155t 5 P44 B 725 2560 x 1920
Gao 55 A (2023) TR e 2577 -
Zhang %5 A (2023) 85 15t 5 AL 5 0k s B 1k s s 7995 319 x 312
Yu%$ A (2023a) - 312 640 x 512
Zhou ¥ N (2023) Eintii) 1040  RGB 6400 % 6 400;1R 640 x 512
Wang % A\ (2024) FMTE I s TSR 0 5 W R % 5 5t 2916 -
Liu%5 A (2024) VR b PR S s B B E T 851 2048 x 1536
Yu%E A (2024) gt s 244 s KR 4500 -
Yang %8 A (2024) L R IR Rk R TS 6072 -
Liao % A (2024) 280 BPHR WA 2995 586 x 371
Fus§ A (2024) HIIRCRE 35S 13 642 649 x 640
Cao % A\ (2024) JBEA i 5 440 5 FRTH R 1 784 1200 % 900
Zhang %5 A (2024) PO FLB AR VR 2 W 890 -
Ma%F A (2024) izt 2990 -

T+ =" FROR RN SCHR PR B OGN R

2859



2860

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 8,Aug. 2026

x8 MREITEIEIREL

Table 8 Summary of performance evaluation metrics

PEAG TS AR & X AR
A 1% 5 2 B IR 2 [ 37 12 2% A
VEAE(E M L (mean square error, MSE ) ffif 5 5 ELFE &, Fad i PSNR = IOlog( MSEI )
4 135 B R T 2R 5 e 7 T 2B L A AT
" M5 (luminance ) X FCEE (contrast ) 145 F4) a B y
e AR 4 S = ; ;
BRI (0 s i ins g o S5 () = [0 [eCen) [s()]
WEB (accuracy) TN, TEO0 16 0 o L Aw=W+Z:l%+W
R Coreciion) | TEITA U IE (0265 4 T30 4 2 1 L procision = TP
H premsmn wl'JJ‘_EﬁﬁH{J'Jj‘H_’, recision = 7TP n FP
B (recall) 70T EBIFR, T % 1F G ELTSO0 G 5 60 5 me=ﬁ£%W
A recision eca
e F1-score FH T8 precision Fl recall , {8 F5 48 75 B A2 2 F1= %
ARSI AP) T BP9t AP =S (s =) P+ 1)
PEPEHE (mAP) ZAHHHI 452 AP R T
k
ipii
1R R B R IE 4 212 Z 4 PA ==
AR . AU i1 A 5 S 6 DX S 2 o 9 T 7 X Sk 1ou = |4 N Bl
- DTS 431 S5 22 B X B AUB
2|1ANB
Dice &% PR ) S SRR LUR 2R Dice = |/|1‘ +n‘3||
BORMBEE BRI R00 S -
FPS EW?U%?QH@{%@%E&%&\I‘}E*Tﬁ{% FPS — mﬁﬁ/ﬁj"ﬁ]
Forll P b1
GFLOPs RO AE AT — YR BT A R I O T3 A2 B YO8 -

T =" FOR TR AN . MAX FIR EBAR Z AT W i KT REUEL s MSE J2 I i 55 2K ECIR 18 2 18] i A %) AR 3R 22 (9 °F- J7
YA 51, y) e (o) s Couy) 3 ARG BEMRAESE BE X LU BERNZE Y B XS LU R EG o B oy 2 1 TR OX = AL 1 R A G
BN D)o TPOEFRYE, ERR B 6] TN RSP, TR B 6 P OBBEE , B4 FNCRAE i) o r ARSIl

e TORATENGTE L0 O PR HER L HORAERUR D] b R ARG PRIM TN IR o AP, 37855 i S JEI AP

{6,k N ESNE Py FR IR S50 ¢ TIN5 j iR R A, P, RIXT M2 ERYIER PR ER . A J9 B X
SR, B R FLSEHRAE D AL IBI 435 27 T DX ORI S IR R R S

W AR 5T S PR 52 o o o PR 3 3 ) LU 5 T
Jo BUER BT i, VPAR S A R o A b i i K 3 1Y
PEAL 8 bR 5 I AE {5 1 LE (peak signal-to-noise ratio,
PSNR) Fl45#4) AHALL B2 6 44 (structural similarity index
measure, SSIM) . PSNR U i 45 25 e 5 P15 10 0 L

SMAFS A )7 R BEATIHS . PSNR & T 40 dB &R
FZ 5 B 5 30~40 dB i RS i 45520~
30 dB Fom UG BT 22 KT 20 dB 3R BEA AT 2
%o SSIM H BEMRZE M5 B, LA 1, KW S
PG 5 T b PR G BRAH D)
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LAY REE R IAT VAN o RIS, Ay ek 3 2 A i ERRPE
i ToU SEFEARIEAT 1T AN
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7 W it

T8 3 /SO AT LA WTB B e K6 I 7 2% 18 43 M
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