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Abstract: With the accelerating transition of the global energy landscape towards 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 is one of the critical power-generating components, directly influences
the safety and efficiency of wind power systems. In recent years, unmanned aerial vehicles (UAVs) are equipped with
high-resolution imaging devices for blade image acquisition. By combining advanced image processing and object detection

techniques, it has achieved automated and non-contact defect detection, which not only enhances detection efficiency and
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coverage but also reduces the risks and costs of traditional manual inspections. Therefore, this approach has become not
only a mainstream methodology in the industry but also 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 significant challenges for
defect detection. Moreover, defect features, such as erosion marks, stains, or manufacturing traces, frequently exhibit
high visual similarity to the blade surface textures and present multi-scale and diverse morphological characteristics. This
visual ambiguity further complicates accurate localization and classification. In addition, the lack of standardized annota-
tion protocols and the heavy reliance on manual labeling hinder the construction of high-quality datasets. These issues col-
lectively constrain the detection accuracy and generalization performance of deep learning-based object detection models.
Existing survey literature on wind turbine blade (WTB) defect detection primarily emphasizes non-destructive testing meth-
ods, with a noticeable scarcity of comprehensive reviews dedicated exclusively to image-based detection approaches. Cur-
rent surveys in this field focuses predominantly on architectural advancements within deep learning models, including the
integration of lightweight modules, attention mechanisms, and multi-scale feature extraction techniques. While these archi-
tectural improvements have enhanced detection accuracy, they often overlook essential aspects including image preprocess-
ing methods and learning strategies, both of which play a crucial role in determining overall model performance. In this
review, we systematically incorporates perspectives on image preprocessing and learning strategies to analyze defect detec-
tion methods for WTBs. The main contributions of this review are as the follows. (1) From the perspective of defect mani-
festation in wind turbine blades, defects can be broadly categorized into internal and surface types. We systematically pres-
ents and analyzes the causes, formation mechanisms, and visual characteristics of these defect categories with respect to
their structural properties:. We also summarize the most frequently observed defect types in datasets. These datasets pro-
vide valuable data support for the design and optimization of subsequent defect detection models. (2) This review summa-
rizes the characteristics of defects in detection tasks across various power system components, such as foreign object recog-
nition on transmission lines and insulator defect detection. Through a comparative analysis, this review demonstrates that
wind turbine blade (WTB) defect detection uniquely encompasses all the aforementioned challenges and variabilities. Con-
sequently, the task of WTB defect detection necessitates simultaneously addressing a spectrum of challenges, including
poor image quality, multi-scale defect manifestations, class imbalance, the lack of standardized annotation protocols, and
the requirement for lightweight deployable models. Such a problem-driven perspective provides a foundation for inspiring
future methodological advancements. (3) We conducts an in-depth investigation into the key components of deep learning-
based image-driven WTB defect detection. Three critical aspects: 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 are examined for its criti-
cal role in improving the saliency of defects and bolstering the robustness of detection models. At the architectural level,
the enhancement strategies across mainsiream detection frameworks, including two-stage, one-stage, and Transformer-
based models, are presented. In the term of learning strategies, a structured analysis of the practical effectiveness and
potential of approaches including transfer learning, ensemble learning, cascade strategies, and unsupervised/semi-
supervised learning are presented. These strategies are evaluated in terms of their capacity to address limited data availabil-
ity, class imbalance, and label uncertainty in defect detections. (4) In addition, this review provides an overview of pub-
licly available datasets released in recent years, detailing their data types, annotation protocols, and defect categories,
thereby offering guidance for researchers in selecting appropriate research sources. A summary of commonly used evalua-
tion metrics is also provided, underscoring the necessity of image quality assessment in diverse application scenarios. (5)
Finally, this review outlines critical challenges in image-based wind turbine blade defect detection, including imbalanced
defect distributions, a heavy reliance on manual annotations, limited model generalization under environmental variations,
insufficient data modality diversity, and a lack of innovation in model architectures. In light of these challenges, several
promising research directions are proposed, including the effective integration of multimodal data, the creative design of
model structures, and in-depth adoption of weakly- or self-supervised learning strategies, aiming to inspire and guide future
advancements in WTB defect detection.
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Fig. 1 Common NDT techniques for WTB defect detection
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Table 1 Comparison of recent reviews on wind turbine blade defect detection
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Fig. 3 Typical Defects in Wind Turbine Blades
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Table 3 Comparison of object detection tasks in power systems
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Table 4 Representative image preprocessing techniques in WTB damage detection

I3 Tk
L
Pl 3 W PR I A4 R P K, 1 192 WS A U 5 b B S S HH
B
- ‘ ‘ ( PG
PR LT E SR 251036 R (2 WL 5 2 (0 5 S
Pl
i o ‘ IR 5
Pl 45 AR SYES ERR ST R A 13 BT SRR AR S5 )
PRI S b

P | éﬁﬁ%%ﬁ(Denoising Autoencoder, DAE ) i
A TER A BUR b s AR AR IR S, 5
2] NI Bl b R S I s TEIR 7 PRIAR |, 08 T 4 OGS
(1 31 % 5 25 #4915 B (Vineent 55, 2008) . Jia 55 A
(2025) F| FHAA AR 75 44 2 DAE , If-45 G125 BBl
A7 it 1E 5 R AR , 38 2ok 78 4 R Be A R AR
FAE 5 B R0 DAE ML i ) 5 5 X3k

WA, T IR BE 2 ) 10 2 e 07 vk v W 2 A TR
MPEGE . Gao 58 A (2025) 5] A LMY HUHE R ABIAY
A8 A T T PR A0 it s 307 M P, AL 1 150R
At A 5 IFFI B 18] 2% 44 U-Net Rl T 15 /R A R4%
AT WS 3 A 3B A0 30 I TR s RUR . SR, %
T SCHR 7 1) BB TR T T B 45 vy, AR S B 37 5t
H R I AT A R B E
3.1.2 RATH

VTAE SR, 3 T B A 28 W 2% (Convolutional Neu-
ral Networks, CNN) Al 4= 5% % HT M 4% (Generative
adversarial network , GAN) ] X B0M J7 ¥ A6 1T E AL
AR T B IR . DudE A (2023)HE 22
HIRE RAEPUIR 8550t ERAE S5k 225 ) 5L
BT MR E = PR R PRI S Ay . (HIZ0y

925308 3o AR AZ A 3 S B PR 5 A i A A 36 )
B BB 245 T 5 2 AT RS FE i 24

DeblurGAN-v2 VE2h —Fi BT GAN 119 /5 2% [F144
FBORIRLTY | 3 1 % 25 45 4 RN 22 RUBE 0 0 4 , SICERT
2 = MR TR A T AR S 8 TR (Kupyn 45
2019), Lu%§ A (2024) FIH HII 25 DeblurGAN-v2
LIRSk 5 A R AT AR Ak 3L, (H A B 52 Bl B
R AR W 7 A DL IS AT A7 R A U R o Peng B A
(2022) 5| A Inception-ResNet-v2 1£ i DeblurGAN-v2
(3T 45, S R TR e SR, SR TG I AR A
T H R P ASORYI 2% 1 A SR A 1 B

B 1 3 e PR A T 2SR LA BEAISGZ S BRI 1Y
SZ 0 AT AR T APLRAT AR R FE s ik iz
A . Wang % A (2023) 5T B FRE PES 6,
T R T AL S S, BT X AT
FesE ME R RZ I, DT = PG T
3.1.3 #adeR

FE JRCEEL I A R 8 R S FE R A ik )
FEAR A RE 1 45 18 1 S B0 o R MR AR, A 3%
PETE X Bl NI 4 11 F o 1 50

M PR TR EEW I CNN 22 ) R BER 5
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SKaESA, WEE, RIER, BRI, Fk, HER
K71 % AL Fr 8RBE B ARG M SR 4R i

1R 2 FE R R TB) I SR OC 2R | 875 RUAR AR 5 K A2
F Bz R RLAEE . dn &l 4 A, Sarkar 55 A (2021) R H
SRCNN F3E 5 THEOR MG o3 B30, S I v 20 R 1A
B A O T IR A 2 B O
KOG 20 R T SR AI RGBT

GAN 5| A i 4 30 [R5 B At Y o S 58
T, 3 3 A s 5 0 ) g ) P TR T A e PR 1Y
v Jo7 1t S A A AR T IR SR T o e T VA AR R
U TR b5 ] AT E I PLH 5B IH 254, 52

Low-resolution input
images
(Blurred images)
EAFRMA BB

CRMIE®) d

Extracting Low resolution features
of image blocks

BRI 155 PERRHE |

THEAIAE B2 G IR AR T YR B (Li 55, 2021) .

Dual-Attention Transformer (DAT) 3% F Trans-
former ZEA4) , 38 i -5 VR 22 23 [ HRAIE 55 TR 2 1 LA
ik, P[] A 225 ()15 53830 | S0 I B SR
O UM SR SO S 45 MR L o Zhao 55 N (2024)
HE— 2P 5 AT T8 U e (1 X be G SR L $2 T
R AEAR BB BB T By SO A 9 5 X0 LU, o £
14 B L RE ) FNAE A48 JELRE ) B3 T X REOR JE S
B ORI 5%

High-Resolution
Ontput images

—
T
ion i

(Clear images)

Convolution

Non-linear mapping

R B

PR AR
GEMTE®R)

Reconstruction of High-resolution
image

RABERERNER

P4 FIHI SRONN 2 5 5 it (Sarkar 47, 2021)
Fig. 4 Employ SRCNN for image quality improvement (Sarkar et al. , 2021)

3.2 BEBRILAKIE
3.2.1 FEURPHE

BT BG PR R o e A e B8 WTB ik
I ARG U B A ) o] A R S R R AR R
MNTTHE T T 5 b 52 7 S A vE R P . 1207 1 RE
A T B e A £ R BA B G, IR EUE O A T A R
TR

Li %5 A (2020) $2 H T —Fp 56T 2850 1) B P42
T3 1 AER BRI S SRR 1 [ B A 2 A o 75 5%
I, SEE I R 1 2 RS A £ B, I 3T Haar £f 55 F0
RANSAC 59 52 901 2 VU e RS 4, AR 45 &
36 (BRI BT 1 A S B RS PE % . Yang SR A
(2023 ) AR 318 Z00RL 3 A6} 23 FRERAE A IR 2R DR, A
F Deep Lab 3 #1542 HUH Fr 05 2., 85 I PF 82 E1R
FIMERRPE R AT FETE . Yu 28 A (2023) 2T TEAHL K
TPBAE RS E AT RGBT S50 F i 2%, S B0 o i
LLHMNEUG I TCAEPEE A R SE 8 A R
3.2.2  FMGIECHE

TE WTB 8 B & I A, & 6 21 41 1K 1% (Infrared
Image, IR) 5 7] WG EMR ARG o Zhou 55 A (2023)
W32 W1 B2 2R 50% Y2040 EHG S T il OGEHR 2
I, [FIEF 51 Rep-ResBlock [ 45 #4511 F1 AT 2% 2 Y

FCE T, 85 IR ESARAE flA R RAE , 158 40 15
FRIE IR S THAG RS B2 5 i ik

[P =15l 3 A 3 53 NI I e Bl 52 U |
(Nakauchi 5 ,2012) 55 T 5 0 B vk Sk 57 o 100 A%
ELPk A (Parent %5, 2011) o FR K PR 5 54 S5 -
SN RN B UG 3 i € L W Rl Ry N <
B 5 TR B, PR 25 A (NI 55 O IR S 2T MR 220055 )
g FFER T HAr 538 = A n] X 4P (Nakauchi 45,
2012) . Rizk % A (2020) 38 i i fE = Fh 7 55 A [F) D6
Tt DXl 11 1 D A R T A B 1 R LIRS A
SE VKL
3.3 BEBREH5IRE
3.3.1 K55

Sy & v UKL AT o Ao DR 2, 5 R F UG 43 %1
DHBRT S, 22 B AR X, A Sk 0 i R
PRAET LT BT A 5 R LB A

Yu % A (2022) 7E U-Net W28 250 51 A 53 2 IR i
Al AR G5 O OCEEREIE (R AT L 8 T 5 I ARk
B A3, SEIZ 25 Bl G o B JS ( U-Net
AR PE BB S R (E A R R . Yu A
(2023) F| 11 ¥ 2 U-Net Fl Sobel 2 5[4 52 2 15 5
RAAR T 22 MR BFHEXEE . Rizvi % A (2024) 7 U-Net
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|51 A Pixel Shuffle F1 Pixel Unshuffle #:1E , 7614 £5
25 () 3 B2 04 ] B 3 08 R I 30 SR 7, B HASE Y O
BGE S, fEMCIERE b, gE— W 1t Canny 3 2546 )
B PO AR RS B A T — M A X
S (ARG 15 £CHE 4 (Rizvi 55, 2024) , 43 % e 0 808 4
2R T TR TS B R AR SR

3.3.2 BBk SR

BG5S Rl A e BHR A B b R VR A, o
IR PR HEAE R AL RRNE R | Bl 0 5 Z2 IR LA
PTHE BRI HRCR S RIAGR T .

Peng 55 N (2022) 42 i} T —FP EF X5 3R 15 21 IR
TR AL MG 3858 5 1 o 1205 06 it I 38 A
SURRIE AT RIS 5 38 2ok 7 e iy RURE 2 ] rp gt
ST GRS DL K BRGNS 34, JFA8 FH IE 5%
PRIICRT Gabor 284 , PR 52 i 2% 401, DN T 4 461 0
MIPERE . Ji 58 A (2025) #2 i) CMFCANet [ 2% HE
L83 3 G PO RGB AL B Y HIS B (6 25 1]
HATEE A IR 2l B 6 B2, S TR I A A e
BT S0 N MR A T R

FETARZT T AT, BUR 0 L BOM R 4 B
FORBEA B3 WTB B FE ) EE & , Bt 1
SR AR 1 T BT 88 R AT R 5 TR, MR P
T A S T EL ) ) Al A PR T R S Ik
A, UG o3 E 2B 52 25 SRR I ) 2% 1) T4, L4
I3l RE R AL T A A A S ST . X
Sy vk AL ) Ay e SR R 5 S A7 AF 5T B A

4 BRI 4

PEAE A, JE T UM 25 X 4% Fl Transformer 555G
ERHY A A S R R, © 8 WTB ik o Az ) 45k
(Y B EF S 5 18] . Moreno 55 A (2018) 18 i+ 75 25 £k
PEE T Ik CNNALAL, IESE T CNN 7E WTB 6k i 6
I 50385 %) T A7 P ABAEAR 3 B R B/ N RS B
(%) A6 0 24 RATS A6 FF B2 T 5 Abhishek 45 A (2019) 255
W3 RS2SR A DX 0 — o 28 U0 K 2 2k
BB A 2325, AELTE A 38N RS i B B A7 A T T8
R, HAS Y ) e R R R B T AR ik
HERE . Altice % A (2024) 7E ResNet-50 -+ [ 45
fill & Transformer 2544 , 32k HI AT A2 I 45 BB SR 5L
T B RRAE 20 A R 4 I, i E R T
FENING 5 E R,

JAE CNN 78 B bR AG I 2 ok B A . 25 30 i, {3 H:
XN b R 0 RS 2 R 2 ) o HE R AN
St WESEE AR T 2R A I AE S AR A
FH X e A B 25 1T 4324 - A R-CNN R 51 R 1R Y 9
B BOR MR U1 LA You Only Look Once (YOLO) N#%
O B PR BEAG A AL . 4ROk, BR A5 58 CNN 4244
A1, Transformer FEAE [ 12 I, 2B 58 K 4
JRERRIRE ) B R S RIATERE , i H AR KLINAT:
55 FERE TR ST 7 1), A&l 5 R o

SR % WTB it A5 I e T TET I 7 22 Sk K O
AE AT T RIASL I 265 1) 45 2R 4 AT T R 50
Pedt o SRR 2 b X 265 5 1 0 e 4
I PR MG 0 R T RIRIYE &2 % WTB Al
(AT PR RS BE FIRCR . SCHE REAS [ AR 7Y, fif
B IAE X 48 5 AE A T T 1) SR B T 5 0 e
4.1 E TR RN M 2%

g VEIRAL G5 B AR I 4878 H b 8 137 7 TR =)
FRPE, Girshick 25 A (2014 ) $2 Y 77 DX a5 A 4l 22 o 2
R-CNN, B UCRH e X S5 TR FE B ARRHIE 25 45, T
T X ek A AR HE 2SR AL P Y
B HARKEIAESE . Mao 558 A (2021) 2 H T 2t itk i 9
HRURBE2: 2] M 4%, 855 AT AR IE A AT 2 JE Rol 55 I
T SCE B, SR/ INERBE TR RE T, B iR T B
UK WAL IAT S5 i iE M 55 RIE ).

JAE R-CNN 7R 0K B2 7 TS T 280, (R
G5 000 8 A A A 32 DX BB D T R i B A
5B ITUAAE ) B, Fast R-CNN i i 2E 2 45 4E (8] 5 Rol
Pooling W B AL IR A DX IR £ S B
J 53 2 00] 194 . Shihavuddin % A (2019) £ %f
AL 3 T e A 36 % 7] L, i FH ResNeXt-101 5 2y
Faster R-CNN BR{iE HE UM 2% |, 9454 DCNv2 $2 T %t
V&SI TR AR E 2275 () RAERE S o

1E Faster R-CNN SZ 8 H AR -5 45 B AE 2] 15 1)
a1, He %8 A (2017) i — 2082 1 T Mask R-CNN,
PLSEBLRORS 40 0 B AR RS 55 . Zhang 55 A (2020)
7 Mask R-CNN-512 #1 /il A MRNet , 5 B X I e 7 4]
G v it 7 48 RN i BE 4y 25 . B JS L Zhang GF A
(2021) Fb %8 T YOLOv3, YOLOv4 Fll Mask R-CNN (¥
PERE , I 51 A BIG G 55 AU B 3G 9 44 2 TE Mask R-
CNN BERY TR AN TR 6 IR R A4 AE SR 3 6E 7 Fng
Btk Diaz 55 A (2021) 38 i 210K SR &, % 5] AR BE
A B RN Mask R-CNN BEAT U145, HAT 40 5 4G
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SKaESA, WEE, RIER, BRI, Fk, HER
K71 % AL Fr 8RBE B ARG M SR 4R i

Viola-Jones
oG
SITFT T DPM LSBP
RGN ? 5
FE G 7572 3001 2004 2005 2008 7016 >
P 7Y B ] ) 2 Faster R-CNN
- Fast R-CNN
~ R-CNN Mask R-CNN Detec,torRS Sparse?R-CNN
2013 2015 2016 2017 2020 2022 >
SPPNet EPN
- - R-FCN -
SR BRI 19 £ EfficientDet YOLOX
FETIRE D] SD CenterNet PP-YOLOV?2 Jgﬂ_g\yl%
FRIARS I 7 v OverFeat RetinaNet PP-YOLO PP-YOLOE YOLOv11
A -
2013 2(?5 ZTG 2017 2(118 2019 2(120 2021 2(122 2(123 2024 2025 7
YOLOV\l(OLO ) YOLOV3 YOLOv4 YOLOV6Y0L0V8 YOLOv12
\Y YOLOvV5 YOLOV?
, § Derformable DETR
T Tran e f R 4
T Transformer (R /5 2% DETR RT-DETR
? , A .
L 2020 2(121 2023 2024 >
ViT Conditional DETR

Swin-Transformer

KI5 E ARSI o0 2% 4 Fe Joke P

Fig. 5 Milestones in the development of object detection networks

DU BBt P RN ) T B AS
4.2 E-THmMEEEIRK N R %K

A B BRI v PR DX 5 R B
B0 A SERE 2 LA R H PR RIAT S5
Xof TR RGBT ok o Sl BFR B HR H T o
3] Iy 14 B B BB ARG T 7 9

Single Shot Multibox Detector (SSD) % H 2 R
AT P15 B[] 25 A6 T, 6 R R 8 7 [ B 4 - 1 ok
JEE | HC I 2 25 F TR R L L L, i AEA
(2023) K F ResNet50 1 4 SSD Y FEAE LB M 2% | {0
ARSI SHE S EE , RS YOLOv4 K UL Y
RHT . EADD (Lv 45 ,2022) 76 £ T 5] A
FDSB Fll FAM #4) i (1) %% £ i 42 3, T 4545 BiFPN, 55
PRRFAE & 2% 3k 5 &, (0 R IR HE IR T
YOLOv4,

SSD AR LA G IS P | 235 4 7 B A5 5 (R
FE /N B A A AT 55 Hhoxl 8 JoT £ o A0 AN SRR B ATE DT
BC AR A, AN i S RUHILAS T ) e 4 B 75 2K . YOLO
W B ARSI A6 Ay TeT 05 1) 850, 4 AT MR R 3R
1) 00 A RIS S P TN S R 81 i P B B BEAGE I <

Sarkar 55 A (2021) F| FH 88 73 9 % 8 g {40
o JO R Bl o S 4R L ISR T YOLOV3 W45 S8 T /5
FRMBFE R A SR, (HAR 5 YOLOv4 55 LA
L INARTHE S8 S S EEFE bR . Liu 55 A (2023)id 1o
(EaR R ICEE NS UIR/ & X RTINS S| BRI X 6

YOLOv3 & 4% J& A4 i, (L[] B i = 8 ) X e
LB

YOLOv4 7E YOLOv3 () At - i — 25 2 i 46
() TR 2 RS TRY (7 2 A BE 1 . Zhang %8 A (2022) 2%
FH 4% 5 9% MobileNetv 1 IR BE 1T 43 25 46 PR R A5
WA, I He 3 SE . CBAM il ECANet 76 A [l {37 B (1) /E
FHRUR | 326 B A AL AT BB A . Huang 55 A
(2024) 7843 | ] YOLOv4 3 T 0 4% i 5 41E 312 B fik
H1, I FEAE N E IS A seSE EE I ALH, T2
[ 8 18 7 S AR IRE ) B R IR T R A n]

YOLOX 7£ YOLOv3 1 YOLOv4 &5l F 11k, B
A2 RERMAE T, ) 28 T T A AN 3 s
PO X Tolk g5t B bs 22 RUEE () R4 )
5, WT-YOLOX ( Yao % ,2023) 8 i SimRepVGG 1 N
F=F 4% I 38 0 CFRM AR B, 52 80 % /N H bk B AE
PR,

PP-YOLO 7E 4% B8 YOLOvA 2% U3k i Al |
7T R L . LS ZE AR PP-YOLOV2 5 s5 $2 Tt
TN . SoBifE i % PP-YOLOE NI i#E4T
T AR T A, SN E R IRG B 4 P R R
i N M AE 7 4 4R . WTD-YOLO (Cao 55,
2025) EFXFE H ARk /N R, 78 PP-YOLOE &tk I
FIAAALR)Z R A B I HUH O AARZ DAL P2 U RE
J7, I8 1 AR AR B S R 22 J2 VR i) e 2k v A T
254 Transformer Zi i g5 5 CBAM $2 T+ 2237 5t 4F
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fEF IR

YOLOvS 7£ YOLO R #)FAil 5] A Focus f
JE UL PANet, S AL o [R]BF 340 [ 2 HE 2R
ML, B 3h5 2 3 anchor X512 T T LRI
ROBERHE R HEBURE /7. AFB-YOLOvS5(Ran %5 ,2022)
I FH 5% 22 3% 32 Il PANet XUJR] B 4%, Bl A TR 1R 2 4R 1E
FE 51 A [F] 2% 2 BUE DL 41 WTB SRS FRAE
SR, 2 AF 5% v 5080 S ARSI HLAS I8 35 53403 5 5
PIARI 288 . Liu %8 A (2024) [A) BER FH 25 F 1k Y
e FVARZE 48, I 2555 & fk GCBL-YOLOvSs & 7L

GCBL-YOLOv5s 15 & T W %% v F GhostBottleneckv2
B A AR 19 C3 Bk, JF 4R i CBAM 11 & 1 4L
il L DR AERS ZINVRRAE SC T 0 ] i S B2 i Al o B X
AR T 1Y T EURRAE , Zha 55 A (2022) 7E backbone 1
Fift & MobileNetv3Bone Fl GhostNet DL 42 Tk {0 24 21
FRAE 5 [ C3TR B B 48 €3 B He LA i X 1K 4
BER R RORTINEE Sy o 2L /NGRS A8 LT
IR T (H AR5 Ko 2 85 i A D 3 BB A X
YOLOvS B HA A A i 4N S B

&5 YOLOvSEERM#H A HILE
Table 5 Summary of YOLOVS Improvement Methods

Loss Func- S5

SCHik Backbone Neck mAP ) oI 28 i
Zhang % A _— POJZ TR @0.5:0.951
CBAM [E® | . 378 41.3FPS
(2022) RSB BRI 2 (10.115)
Ran % A — @(.5:83.7
AR | FP 11. 63.4FP
(2022) CA FER ML WL [H] FPN (132) 6 3.4FPS
2 @ .
Zh(uZsz )}\ MobileNetv3+GhostNet - Alpha-loU ??253)32 - -
Zhang E YN . @0.5:90.15
(2023) MobileNetv3 ] FPN (15.51) 8.4 71.15FPS
Dai 5 A ~ ~ ~ ~ ~
(2024)
Liu % A Ghost & +GhostBottleNeckv2 @0.5:94.56
BiFPN 6.8 7.3GFLOP:
(2024) CBAM ' (15.05) ¥
Lei % A ShAPRZ @0.5:0.893
- - 0.138FPS*
(2024) A BC R s (t1o.11)
@0.5:0.792
Ye % N F-TEHEBEE# N ODCony; (10.029)
(2024) HAF Y GSConv @0.5-0.95:0.457 7L 1S.0GFLOPs
(10.010)

T OO R AT B A img/s

YOLOv6 7E YOLOvS JEfili |, 5] A T Efficien-
tRep .RepVGG A He LU THIEEFERCR , BT
TR FEE . SR, R B A A i) 45 4 A L
R [RI, t AP T R E R S R BRI T
BTN WTB BB A AT 55 A TR BE A AL, 3 B0 G itk
o=

YOLOv7 7£ YOLOvS 34t | 5] A E-ELAN & %!
SRS G115k IF4 6 CSMIEE ) Rt
PWK & 15 BiFPN 2544, [A] i 20 Wise ToU LAEAL
MUEMERE. YOLOVT A 3 0K B 42 7 I b, (0 AE

/N E RS FIUEG 23 38 25 B AR K 22 RUBE 33 1 1 A7
AR . I, Fu s A (2024 ) 32 H 520 Ak pie R AR Y
LE-YOLO. % HI %5 4 GSConv A S KUK SimAM
TR AL, 7 2 A 1 () 398 5 S ] 4 38 (| 9 1
BRlE . ik B2l H bR, Liao % A (2024) 2k H
DGST BEHL AT KA P i 5 A (1) ELAN #2HeAil
MP-1 AR, DLyl i E 44 B TR K 5 [R] B 5] A ECA
BEHFN MIoU , #8745 (kG B2 PR SUAI0R . IR
PP (H AT ] 6 R IR it .

YOLOVS J& YOLO 81 1 /> 52 Bl 4 Ze 4 5 4 1)
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SKaESA, WEE, RIER, BRI, Fk, HER
K71 % AL Fr 8RBE B ARG M SR 4R i

WA, 3238 T A9 31 Tl 30 28 0 45 2K 55
Yu 2 A (2024) $2 Hi #8358 Y OLOVS B, 5 1 5] A
CBAM BiFPN % EloU £ F4-%F XUHL i Fr 22 RUBE Bk
RSN 2 T AHANIE T 52 2 RS0 H R RSB
%, ZouZE N (2024) 5] A DSConv 5 CARAFE, ¥455%
LGRS RFE SIS R SCURAT, 255 WioUv3
5 A 32 0 T R I S AR T A RS B 15T Y

FEA SN AYIE LT, B A R B 4 LR R
ik 100%, (HIZ AL BE AR SAIE . Cao 55 A (2024) 25
A MLCA FERE S B SRR IE R G5 AFPN iy el it 5
e AT R 22 = N 2 R/ H BRI BE
TE LR 7RG I S 32 10 () B 38 25 4R T mA P, BRAE T B
BT S % 1o A5E TR0 R ASE X B 0 s o A X
YOLOvS 1) HoAth 2 i i 4 55 6 s

R6 YOLOVSHEEMBH T EILE
Table 6 Summary of YOLOvVS8 Improvement Methods

SCHEk Backbone Neck Loss Function mAP J;(%[() ioRIBE YA
B
@0.5:76.6
Li 4% A BiFPN (133)
LSK Attenti Inner I 22 9GFLOPs
(2024) K Attention FasterBlock nner foU @0.5-0.95:46.5 0-9GFLOPs
(124)
@0.5:83.3
Yu % A CBAM Atten- (114)
BiFPN EloU 3.04 8.3GFLOP
(2024) tion ! 0 @0.5-0.95:54.7 ®
(11.1)
Wang 45 A . @0.5:0.995( 1
PC - EfficiCloU 2.07 7.0FPS
(2024) on tero 0.026)
Liu % A ResNet—-EMA @0.5:79.9
Focal Block - 3.01 7.8GFLOPs (0.
(2024) ocal Bloc Slim-Neck (13.0) 5(0.9)
@0.5:86.6
Yang 45 N FasterNetBlock (143)
GMF-SPPF - 8.7 116.3FPS
(2024) C2-EMA @0.5-0.95:64
(17.5)
@0.5:0.937
Zou & A DSConv (1023)
WioUv3 335 8.5GFLOPS
(2024) CARAFE ony @0.5-0.95:0.712
(10.023)
Ma % A MKGG @0.5:0.855( 1
SBiFPN - 2.1 _
(2024) ECA ! 0.017)
Zhang @0.5:92.0
?;ij)}\ CA Attention Rep—-GFPN Inner-WloU (155) 3.2 120.5FPS
MLCA Atteni-
oo & A t |\ @0.5:78.6( 1 4)
ao on
AFPN Inner—IoU @0.5-0.95:51.7 - 8.5 GFLOP
(2024)  AESEIHERS pere (T593) :
P ’
Sun A CAA-HSFPN 54T 55 @0.5:78.6
RFCBAMC - 1.82 8.5GFLOPs
(2024) onv F 3 45 1 Head @0.5-0.95:51.7 s
@0.5:0.92
Zou % A UniRepLKNet (10.03)
DySample - 2.53 7.2GFLOPs
(2025) ADdown yoamp'e @0.5-0.95:0.687 ®
( 10.062)
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4.3 E-TF Transformer B4 P 2%

Bifi % Transformer 75 [ K 15 7 b B 901 5 U 45 5
W, B T A R = AL AL 5K . Vision Trans-
former (ViT) i 2 4 EIMR 44 0 7 5146 30, AT A
BN HLHIE S 2R A OC R |, S 1A G R
2 2% 1) Jm B AL SR B o Divyanshi 48 A (2024) 7
UK VIT R T /O R m kil i g AR
B2 BG4 Jmy b SO, e ¢ i 2 )2 I THL
SRR B RGN

VAT EECRG K 2 R i 380 88y T 4 L 2% W 2
B AE B = Jry R R AR RE ) RS B) J2 R4 L T
o 73 B AR P AR A 3 28 A U AT 55 R A AR W R )
PR o 4 RfiX — 0] , Swin-Transformer 3% J B3P &
H R I HLE R O PR S TR DR S OR I
(e ] 144 5 Jmy 0 5 4 Jm R AE AR Bt 3 4 T v 43 R
FIGALFIRE 77 o Han %5 A (2025) i d SR BEAEHLAR S
ARG IR A AT WO/LL A AR S s AT IR TR
PR3 5 A 25 T, A S S i 25 R 3R U Swin-
Transformer 155 751 14 P34 1 1 A 25t 25 O T At X
FEAR Y EHZ AT 58 R B0 ik KL IS 17 R8T A 2l
PERE.

I B, Detection Transformer (DETR) B YK ¥
Transformer 414 i ] T+ H ARG I, {E 18T 156 Wig 403 o2
18 F/N B bR f ) 28CR RAESE R R . Stk DETR
with Improved DeNoising and Anchor Boxes (DINO ) i
i GIAMER 7 ] 5 S HHENL S, BE T T/ANVE
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Fig. 6 Representative learning strategies for wind turbine blade defect detection
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Table 7 Summary of Non-Public Datasets
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4 . https: //github.com/cong—yang/Blade30

5. https: //github.com/MoShekaramiz/Small-WTB-Thermal 1
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Table 8 Summary of Performance Evaluation Metrics
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