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Algorithm for wind turbine blade defect detection by integrating

edge enhancement and multi-scale feature aggregation
LI Bing'**, WEI Letao?, ZHANG Yimu?, WANG Yue?, WU Zifeng?,

XIE Zhuofan?, ZHAI Yongjie"*?
(1. Yanzhao Electric Power Laboratory, North China Electric Power University, Baoding 071003, China; 2. Department of Automa-
tion, North China Electric Power University, Baoding 071003, China; 3. Baoding Key Laboratory of Intelligent Robot Perception and
Control in Electric Power System, Baoding 071003, China)

Abstract: Unmanned aerial vehicle (UAV) inspections of wind turbine blades yield aerial images characterized by com-
plex backgrounds, small and variably scaled targets, and irregular defect shapes. These factors often cause high rates of
missed detections and false alarms in existing object detection methods. To overcome these challenges, this study
presents a novel defect detection framework that combines edge enhancement with multi-scale feature aggregation.
First, an edge enhancement feature extraction (EEFE) module is proposed to improve the model’s ability to capture de-
fect boundaries, thereby enhancing the representation of irregular defects. Next, an adaptive multi-head attention
(AMHA) mechanism is integrated into a hierarchical spatial pyramid pooling efficient layer aggregation network (SP-
PELAN) architecture, forming the SPPELAN-AMHA module, which strengthens global context modeling and reduces
interference from complex backgrounds. In addition, a multi-scale feature aggregation (MFA) module and an aggrega-
tion diffusion feature pyramid network (ADFPN) are designed to extract multi-scale contextual information through
deep convolutions with diverse receptive fields, improving detection performance on small targets. Experimental results
demonstrate that the proposed approach improves average precision by 1.7%, 8.3%, and 4.1% for surface erosion, crack,
and gelcoat peeling defects, respectively, and achieves a 4.7% gain in mean average precision at intersection over union
threshold 50 (mAP*®) compared with the baseline YOLOv8n model, confirming its effectiveness for wind turbine blade
defect detection.

Keywords: wind turbine blade; defect detection; irregular defects; complex backgrounds; small targets; adaptive multi-
head attention; feature aggregation; deep convolution
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Fig. 9 Samples of wind turbine blade defects
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P, .(mean average precision, mAP) 1 45 4 5E )
PEAEARIE, mAP T35 I T B L Pa(aver-
age precision, AP), T AP W /Zif it P Fl R 115515
2, Hata o h

P= Nre (1)
Nrp + Npp
N.
R= TP (2)
Nrp + Nex
1
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0
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A nz; A 4)

s Npp 7R IE B AS BTN O G /9 BE AR 2L
Nip 278 SUREAS BN 0 1E B RE AL, Ney 3271 1E
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£ ToU [BE M 0.5~0.95( & 4 0.05) S5l PN 3T 5
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i T BRI S 50 (Parameter, Params) Fl &5 %
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Table 2 Ablation study results on the position of the EEFE module

VB Pl% RI% mAP>°/% mAP>*%/% Params/10°
AN 86.9 78.0 84.8 58.5 3.0
i ET 89.5 81.4 86.6 60.4 3.4
PR 84.1 80.0 85.4 60.2 3.7
E oy 82.4 81.8 84.6 57.6 4.1

T IR A e -

16 3 T M 45 {8 1] EEFE 5 B &b 5 5 ok 1 35,
mAP> Fl mAP*% 435Il i5 5] 86.6% F1 60.4%, HZ
B AN 2 3.4x10°, X REE T ML 5] A
EEFE H5 8 B8 % 75 47 i £ B B2 30 [ B 34 i 455 7
X 30 AT B RN R AR A AR AR 1, M R 5 22
(A REAE Fl G R E B e 0 4 (5 BT 3= 5 A RRIE 3R
TE S50 ) 25 v 4 mAP R T 0.6%, HAH
RWEAT T . TR EA S B 1S oA 2, i
FF-S505 FE A B T [, 2 BAREAY B0 15 e
fETUAY o %8 I, Fe X3k $% BEFE fH (U B e £+
) 5 ) C2f Bk
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Table 3 Comparison results of spatial pyramid pooling modules

7% W) 4 T EE AR AR Pl% RI% mAPY/% mAP%/% Params/10°
SPPF 86.9 78.0 84.8 58.5 3.0
SPPF-AMHA 82.3 85.0 85.3 58.7 32
SPPELAN 81.8 813 85.5 58.5 2.8
SPPELAN-AMHA 86.4 81.3 86.5 59.2 3.0

TE : IRLEE o fee (L

243 FERM &3 L I
A ADFPN {2 YOLOVS 37 35 K

25 A M, A SCE RS F A AFPN (asymptot-
ic feature pyramid network)°’ BiFPNET F
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Table4 Comparison results of neck networks

Neck  P/% R/% mAP*% mAP*%/% Params/10°
JEERL 869 78.0  84.8 58.5 3.0
AFPN  80.7 792 813 54.9 2.5
Bi-FPN 81.6 77.9  84.0 56.2 2.0
GFPN 826 802 842 56.9 3.2
ADFPN 89.6 764  86.8 56.9 3.0

T AR R A -

STEGZE LR W], ADFPN 7ER 3580 S 80 1
[, Bt T O 5 9 R DU BE L HE mAP
mAP*% 43511 15 31| 86.8% Fll 56.9%, iIEHH T %A Bk
e B AR IAT 55 0ok BE AR 3. [RlB, ADFPN [y
0 R A0 1] 55 5134 5] 89.6% 1 76.4%, 11

PR RS BRI ) [ B, o A B e e . R
BT HAL I 254, ADFPN (/)4 [0 g4 T
R, H LB 3 A RS A R DA R 3 ARG U RE Y G
b, 2 B AR B Ar g A F3 R 45 il 77 1 2% 2
fE. X —E15 25 T ADFPN i i 22 K& R AF fl
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T 7 RS, T Rl SE e X g R AN SR 5 R,
e e AR R LR B S R R R e, e
A FR il ] EEFE #ibk, B 75 il SPPELAN-
AMHA Bit, C 78K ADFPN S M 4%, D 3%
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Table 5 Ablation study results of modules

% A B C D AP P/% R/% mAP®/%  mAP**/%  Params/10°  FPS/(li/s)
SE CR GO
1 926 785 831 869 780 84.8 58.5 3.0 187.5
2 \ 941 791 866 895 814 86.6 60.4 3.4 168.0
3 \ 938 815 842 864 813 86.5 59.2 3.0 181.3
4 \ 944 821 848 912 786 87.1 60.1 35 153.6
5 \ 918 836 848 896 764 86.8 56.9 3.0 206.7
6 NN 928 859 865 905 821 88.4 59.5 3.5 175.2
7 NN N N 945 8.8 872 917 802 89.5 59.2 3.5 171.3
1 : SEN K MR (surface_erosion), CRF LY (cracks), GO MEEMLA 12 7% (gelcoat off); ITALEHE R L 1E

SIS R, M L TR AY, U5 2 % T
&y C2f 25 44 B3 e A EEFE i, mAPY 42 5
T 1.8%, A5 A4 0] Z8 55 5L T 2.6% Fl 3.4%,
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i} {8 ;] EEFE. SPPELAN-AMHA #l ADFPN,
mAP® i F T % 88.4%, kil H A5 F] 90.5%, H
] 335 2] 82.1%, REITERF LRI RIKFE S
I T, AR R ZE X RUBIL I A S5 54 A 4G )
Aefg R e mdE Tt . S 7 ARSI 6 AU SERE L, Ky
12 PR AU e A Shape-ToU, mAP 1 mAP*% 43
W T 4.7% F10.7%, HXF 3 28 [ 6938 9k
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SR AR, Bt I AR A B TN T S 0 G
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T A G DU ORG JE 55 G N R =2 R B T R A Y AL
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Fig. 10 Comparison of heatmap results
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R T UE AR SCAR R KUBIL I e dfe o A 0 ) £
P, 8 5 TS R B bR AR A 2R AT X L,
XF A 43 5] K Faster R-CNN, RT-DETR(real-
time detection Transformer)?*? fil YOLO %1 H #5465
I 1, A% A B4R FH BN I 28 S50, L0 445
w6 fim,

F6 FILXWHER
Table 6 Comparison experiment results
e AP P/%  R%  mAP®/%  mAP™/%  Params/10°  FPS/(li/s)
SE CR GO

Faster R-CNN  90.0  72.6  48.1 407 796 70.2 473 28.3 20.3
RT-DETR 89.1 756 85.1 848 771 83.3 53.6 19.9 40.4
YOLOV5n 93.0 784 849 840 844 85.4 58.7 2.5 167.0
YOLOV7-tiny 904 790 872 848 796 85.5 54.0 6.0 183.3
YOLOvS8n 926 785 83.1 869 780 84.8 58.5 3.0 187.5
YOLOV9c 940 760 856 862 779 85.2 58.7 21.1 80.9
YOLOvV10n 91.1 72.5 80.3 828 772 81.3 57.0 2.7 143.4
YOLOv11n 91.5 787 817 814 831 84.0 57.5 2.6 132.7
AR 945 8.8 872 917 802 89.5 59.2 3.5 171.3

1 SENZ R i(surface_erosion), CRAZEAL (cracks), GO NEEI B 12 MiT% (gelcoat off); MTALEEE M ILIE

Hy S 36 25 R AT, AR SCRE TR R R k| 3
SUMEERC AR Z 75 3 25 B br 10 AP {8 5 B3k
F1| 94.5%. 86.8% F1 87.2%, ¥ T HAL T 1k, H
L5028 1) 0 IS B T Rz v T At AR T vk
R AR SCERAE L B e RS AN H bR
1) 5 R R AIE 22 K BB T o AH A T Al R I Bk
AR SO AE R R B/ S B 1 W B, RS iR
mAP*® il mAP*° FA7 W] & 45 T, (R T A SR
00 52 FHPE AP RE UL B o T HLAS SCEE LAY FPS
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822415 S s O UBIL I e 2 T 422 o P ARG N 85 2
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Table 7 Multiple random seed experiment results

seed P/% RI% mAP*/% mAP*/%
45 90.0 796 88.7 59.7
123 91.7 802 89.5 59.2
345 90.6  80.6 89.1 59.4
789 913 815 90.1 59.1
1234 920 817 89.8 59.2
¥iE 91.1 80.7 89.4 59.3
brifE2E 0.8 0.9 0.5 0.2
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