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Abstract: At present, wind turbine blade inspection suffers from high-resolution imagery, extremely small defects, and complex
morphologies,, making accurate identification and localization of surface flaws difficult. To address these challenges, this article proposes
a small object perception-enhanced defect detection method for turbine blades. Firstly, a dynamic channel spatial convolution module is
constructed to improve the YOLOvS detection network. By using spatial and channel reconstruction modules, the computational load of
the model is reduced and feature extraction redundancy is lowered, thereby enhancing the detection performance of the model. Secondly,
a small object perception enhancement network is designed, which consists of a multi-scale Transformer block, a feature fusion module,
and a small object detection head. The multi-scale Transformer block assists the network in understanding the semantics of the
surrounding areas of small objects, including a multi-scale fusion module, a multi-layer perceptron, and a query selection module, to
achieve coarse extraction of small object defect features. Subsequently, bilinear interpolation and context-guided attention fusion
mechanisms are employed to align the size and semantics of shallow and deep defect features, enhancing the model’s perception of small
object defects. Finally, an adaptive distribution powerful loU Loss function is introduced to improve defect localization accuracy and

reduce the impact of class imbalance on detection accuracy. Experiments implemented on a self-built offshore wind turbine blade dataset

S H 1. 2025-07-10 Received Date; 2025-07-10
* FEAIH  E R A RFLE R4 (62303062) T H 5T B



160 f# £ ¥

a6t

demonstrate that the proposed defect detection network achieves an average precision of 0. 815. Compared with the YOLOv8 and RT-

DETR models, it shows improvements of 0. 134 and 0. 182, respectively. Moreover, it achieves an inference speed of 14 frames per

second on an RTX3090 GPU, meeting the requirements for real-time detection and further proving its potential for application in wind

turbine blade defect detection.

Keywords : wind turbine blades; defect detection; dynamic channel spatial convolution; attention multi scale; small object perception

enhancement
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Fig.5 Defect distribution statistics
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Table 1 Hyperparameter setting

S8 fH
Epochs 200
Batch_size 4
Image_size 1 600
Learning_rate 0.01
Momentum 0.9
Optimizer Adam
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AR AL R he o ARSI 5 3K, SR A AP frames
per second, FPS) , % .12 54 ( floating-point operations per
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H(recall, R) FIF-F4 Fl Il K5 FE (mean average precision,
mAP ) XIS IR B BEA TR
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P=1r v Fp (22)

R=— 1P _ (23)
TP + FN

mAP =3 [ PLR(1) 1aR (24)
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TN B9 TEREAS B 5 1B FH 1 (false positives , FP ) &R R 7
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Fig.7 Loss function comparison
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B mAP 4 0. 681, 41 FuAE YOLOv8n ALA7E 3G fin /b1
R SR 1) ) INF B2 78 T 0. 089 1191 14 Tt A 5 . 2Kl
Hi, X YOLOv8x B %) | YOLOv8s 71 7F S 4k & | i
57. 1 M (4 [RIEE H BEANREAIS 0. 033,



9

SRR A BE T/ FURR I 5i (4 B - Bk e REAS: 167

®2 MWHIBER

Table 2 Comparative experimental results

GFLOPs/
G M

Parameters/

AL P R

YOLOv8n  0.554 0.562 0.592 82 25 3.2
YOLOv8s  0.741 0.585 0.681 28.7 11 111
YOLOv8x  0.761  0.602 0.714 258.2 8  68.2
YOLOv9s  0.714  0.595 0.665 26.7 15 7.2
YOLOvlls  0.682 0.581 0.643 21.5 14 9.4

RT-DETRI! 0.724  0.538  0.633  42.1 18 521

A3 0.825 0.683 0.815 349 14 12.2

M1 YOLO £ 41 3R AR RROAS 78 A £ 4 4 1Y) 3 e
P, AR S 5G4k 2 % B[R] & P/ B A YOLOv8s #5578
YOLOv9s F AL F YOLOv11s BEAIGEAT X [, &5 R0,
YOLOv8s #5115 50K B2 B &5 , AT YOLOV9s il
YOLOv11s 43 5340 7 0. 016 1 0. 038, YOLOv9s 1557
S HCE /D, 5 YOLOVSs PR T 3.9 M, FL4fE B 32 s
T YOLOv8s, YOLOvlls A GFLOPs it# &8 T 3 4~
B eh A (HAE R 56 75 JET-H4 TUINRS B2 ) 25 140 B
FELR RN YOLOVSs,

2 Pk — 25 X H T B B B R 4% S B A
Transformer B %% ( real time detection Transformer, RT-
DETR) F174 SCFF %31 M 4. RT-DETR R H| Transformer
BRRLHR IR, 38 3 R R P 28 ERN s RO Rl
oAb B 22 ROPERFAE, BE A A% Mo BT A 1% 4 Jm) 5 AiF 56
U0 L EAT B (4 B R, R AE 18 fps, {H RT-
DETR 48 X il g 1) - S48 B R A%, I RLAE T/ B AR IS
BAERR PG R 8 s T, A SO iseit i/ B AR
R ) JRUAIL I R S 5 G 100 R0 £ S 2 1500 4 B R 0. 815,
X LU EZE I 45 1 7 2 UDORS BE 42 T T 0. 134, S0 AL
HOMT 11 M, R EE T35 2] YOLOv1 s 7K, 3R
AT AT A A A S B ARSI AT 55 )T e MR R A R

it — A AL YOLOv8s #5585 1A SC i 5 11 M
ARSI A LR M RE , A X R T A AE T 2k
B L RORE A S oL, i E 8 BRI i Tl 4% Y
7 ol B A DU B AP0 T 2 I 2% R ) 2% R T 5k
TE L2 0 2 BsF 1) K60 IOKG 2 Sk 0. 331, e F e il I 4% s 42
THT0.47, J5 A& YOLOv8s H5 7U AR wfk b B 24 [ Py %
2 /I, 25 5 TR A AN T A T O 1 T 4%
PEAT T e B oML 22 57, BE R IR SR R 1 ME %6 i % £ 1 s
PSRRI IS S 200K B 4338 21 T 0. 924 1 0. 932,
ot B T2 A Do 24 T3 3 RS R B A R, [ 8 R
JER 1 L Ay 4 S B A RS B2 ek i ) 4% AH X
YOLOv8s A7 A [) B2 B 9 5 74 Gk B T ol ik ) 2% LA
TSR A SR E L RE T

YOLOV8s
AR SRR

B8 BRBER A

Fig. 8 Defect accuracy distribution
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REH 2 FEAHY 1 LAl OB T SOPEN, I8 AR T
ZRIERA RS, AL 3 fER] 2 JLat BF 10U Bl
ADPIOU , #4) 2 A RS 241 5R T 3. 3 717 A F M 38 A E 17 0F
fili LB ZE RN 3 s,

R3 HBMIEER

Table 3 Ablation experimental results

LAY P R mAP  GFLOPs/G  Parameters/M
1 0.817  0.583  0.727 27.4 10.6
2 0.809  0.652  0.788 34.9 12.2
3 0.825  0.683  0.815 34.9 12.2

R 3 B SEG A5 S AT, B DCSBlock AAY 1 R
S HE U 5 19 2 4R FRAE (5 ., AH H L 2B (1 - 2 7
DPREFEFETE T 0.046,, [R1H, 1220 b i 1 744 1153 i 1k
T BRBURIE AR TR 0.5 M 2805 F1 0. 3 GFLOPs 1
B (HAEW DA AR T EARAEE AR . Wik, 5IA
T SOPEN XHVE&AER)/INHbRFEF T I, I-45 7 1% )2 52
FRAEEAT RS, M L FE LR B T T 0. 107 YK 35 i
FEEE i, B XA TR v A7 7 1 28 B - m) A, R
ADPIOU 5155 sRE, 858 1455 70 X6 /B AR Sl I A9 O 72
AR AR T] 6. 4 GFLOPs FOTENL T, S TS 32
PETET 0. 134, fE60 A A 1R 4 H 2 TH T 0,064
0.081, K5 , KB pa it A6 20 25k 5 i B A5 R0 Py 1F
PR, 25 5 9 R,

P19 e oAy Ji PRI ARG 245 1L A 402 oAy T AR vl o) o e
P BRI YK, B 9(b) QR T RRIH B Fé ) A8 T 45
R BAE R, S BUL G777 IR A
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Fig. 10 Comparison of defect testing results
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