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Abstract: To address the challenges of low accuracy, missed detection, and false detection in defect iden-
tification of wind turbine blade, an enhanced algorithm based on YOLOVS is proposed. Initially, a DE-
C2f module is introduced, replacing the bottleneck structure with a dual convolution kernel design based
on efficient multi-scale attention, thereby improving the network’s multi-scale feature extraction capabili-
ty. Subsequently, a global receptive field feature fusion module (GRE-SPPF) is implemented to enhance
the capture of global feature information and expand the receptive field. Further improvements include the
addition of a small-object detection layer and a multi-scale feature fusion structure in the Neck, optimizing

detection performance for small and complex objects. An attention and convolution fusion module
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(ACFM) is also integrated before the detection head to prioritize critical information while mitigating back-

ground interference. Experimental results on a wind turbine blade defect dataset indicate that the proposed
algorithm achieves mAP@0. 5 and mAP@O0. 5: 0. 95 values of 91. 1% and 61. 8%, respectively, marking
improvements of 6. 2% and 6. 4% over the baseline algorithm. The recall rate reaches 84.9%, a 7. 7%

enhancement, with no substantial increase in computational parameters, demonstrating the algorithm's effi-

cacy for practical wind turbine blade defect detection.

Key words: wind turbine blade; defect detection; YOLOvS; multi-scale features; small object; atten-

tion mechanism
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Tab.1 Ablation Experiment
160 160
Number detection Improved ACFM DE-C2f P(%) R(%) mAP@ - mAP@0.5: - Param FPS
neck SPPF 0.5(%)  0.95(%) s/M
layer
1 — — — — — 86.8  77.2 84.9 55. 4 3.01 111.1
2 N/ — — — — 88.2 79.5 86.9 57.3 2.92  104.2
3 — N — — — 85.5 81.6 87.6 59. 1 2.94 107.5
4 — — N — — 86.3  78.5 85.6 55. 1 3.51  90.1
5 — — — NG — 83.7 80.4  85.8 55.5 3.07  108.7
6 — — — — N 85.6  82.2 88. 4 59. 1 2.66  86.2
7 — NG — — NG 88.0  80.7 88.5 59.9 2.58  75.2
8 — NG N, — — 84.1  83.5 88.0 58.4 3.46  84.0
9 — N NG N/ — 86.5  83.9 88.8 59. 6 3.50  79.4
10 — NG — N N/ 85.8  83.4 88.8 61.7 2.62  74.6
11 — N NG NG N 88.6 84.9 91.1 61.8 3.16  63.7
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Fig. 12 Comparison of mAP curves before and after algorithm improvement for wind turbine blade defects
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Tab.2 Comparison of effectiveness of attention mechanism modules

Model P(%) R(%) mAP@0.5(%) mAP@0.5:0.95(%) Params/M
M3+ACFM 84.1 83.5 88.0 58. 4 3.46
+CBAM™! 88.3 78.8 87.6 58. 1 3.03

+EMA 84.1 82.7 87.5 57.7 2.94

+MCA™ 88.6 77.5 86.9 57.0 2.94
+SE™! 87.0 81.1 87.2 59.1 2.99
+ECA 84.4 81.7 87.3 57.5 2.94

+GAM™ 83.3 82.3 88.0 59. 2 5.12

+iEMA™ 84.7 83.5 87.2 58.3 3.04

+SEAM™! 87.6 81.7 87.6 59.2 3.05

+MLCA™ 87.3 81.9 87.7 58.4 2.94

Kl 134 YOLOVS % it ACEM i J5 ol # 4k ACFM il 2 il & 4 J=) LS 3 57 AF A5 8., A7 550
PO mEREL, YOLOVS B2 15 5 T4, B ) 7 JE R SRR AR5 B R 327 7 %5/ H A 1
X/ B B RY G TE BE IR, A AR TR DL . RAERE

YOLOV8+ACFM

Bl 13 ACFM LRSI e 24 77 P X L
Fig. 13 Comparison of heatmaps before and after adding ACFM
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B, LAAS SCk (9 YOLOVS 8 ik o 351, 51 A
AN ] 1 SPPF A% 8 iF 47 Xt LE , 42 4 SPPF, Sim-
SPPF, SPPFCSPC #il 3C #ik [ 28-32] H1 ) SPPF-
LSKA,DPAM,SPPFAPGC &, 525 45 % fn &
3P~ . W % Al A, SimSPPF Y mAP@O. 5.
0.95(%)E 8T 62.6% , 4 T H A A5 Y H A1 1k
GRE-SPPF & i 0. 8% , % B ‘& 78 i kS B2 1 B bx
K Wb AF AR RS U R s SR, A IR DL K
mAP@O0. 5(% ) tlt GRE-SPPF 43 %I {% 1 3% A

WS AR, 5 SPPF-LSKA # It , GRE-
SPPF 9 4 [l R, mAP@O0.5 (% ) Lk & mAP@
0.5:0.95(% ) 437l i th 5.8%,2.2% F 1.5%,
WA B F o, R SPPF-LSKA 78 i 7 % b
AR AFXF TG 4 T A I 0 A7 7E B B 2 B
i 1 X b AT, GRE-SPPF #5 B Al He H: Ath 455 784
PA 88 1 A m A mAP@O. 5( % ) , Al #5 B
RUR 200 H bR, x4 s B AR A = R
() 5 A BE 1, A8 0N 6 I e R 5 A T A T R

DR A [A] L

%3 [ SPPF Mt BT LE

Tab.3 Comparison of effectiveness of different SPPF improvement modules

Module P(%) R(%) mAP@0. 5( %) mAP@0.5:0.95(%) Params/M
SPPF 88.5 83.3 89.2 61.8 3.10
SimSPPE"™ 88.6 81.9 89.6 62.6 3.10
SPPEFCSPC'™! 88.9 81.5 88.9 60.7 4.71
SPPF-LSKA'™® 89.6 79.1 88.9 60. 3 3.37
DPAM'™! 87.9 80.9 89.7 61.2 3.20
SPPFAPGC"™” 85.8 82.0 87.0 57.8 3.24
GRF-SPPE"! 86.6 84.9 89.6 61.5 3.17
SPPF-S" 86.8 83.5 89.7 60.7 3.11
GRE-SPPF 88.6 84.9 91.1 61.8 3.16

4.5.3 DE-C2f{#: 3 £ R Fl 12 F 69 4 & & R
pog e

DE-C2f B e ] DA &4 4k 2 RUOEE B SCfF

BOFR T A A2 BRCE B T E R AN [ 7 X

TR 7 A 1 G SR AR ], A SCBE T 0 YO -
LOv8 B AU A K [F] 437 & 78 i DE-C2f 8k, DL T8
F ARSI A B AR G i . L4 SR A
RAFR

R4 DE-CAHERERRF M EHNEBIRNTLL

Tab.4 Comparison of model performance with DE-C2f module at different locations

Location P(%) R(%) mAP@O0.5(%)  mAP@0.5:0.95(%) Params/M
B2-B5 87.8 80. 3 87.8 58.3 3.22
B2-B5&.P3-P4&.N2-N5 89.6 84.3 90.0 61.2 2.92
B2-B5&.N2-N5 86.9 79.5 87.1 58.1 2.97
B2-B5&.P3-P4 88.2 82.8 89.1 59.7 3.16
P3-P4&.N2-N5 85.9 81.7 88.1 59.5 3.22
N2-N5 86. 2 82.7 87.6 58.9 3.28
B3-B5&.N2-N5 87.3 81.8 88.5 58. 4 2.98
B3-B5&.P3-P4&.N3-N4 88.9 82.9 90. 3 60. 0 3.11
B3-B5&.P3-P4 88.6 84.9 91.1 61.8 3.16
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LOv7-tiny'” , YOLOvS8s, YOLOv9s™ |, YO-
LOv1On™ Pk K YOLOv1In, 14 55 &5 09 i %
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Tab.5 Model comparison experiment

Model P(%) R(%) mAP@0.5(%) mAP@0.5:0.95(%)  Params/M EFPS
Faster-RCNN 30.8 65.9 52.0 25.0 137.10 —
SSD 36. 1 62.3 53.4 27.3 26.29 —
RT-DETR-I 77.8 69. 1 76.6 45.6 31.99 63.2
YOLOvV5n 87.6 76.3 84.6 55.3 2.50 108. 7
YOLOV6 80. 4 75.2 79.8 49.8 4.23 125.0
YOLOV7-tiny 84.5 74.4 81.0 48.3 6.02 —
YOLOv8n 86.8 77.2 84.9 55.4 3.01 111.1
YOLOVSs 88.0 76.9 85.5 56. 9 11.10 116.3
YOLOvYs 86.5 78.6 86.6 59. 8 7.17 64.5
YOLOv10n 82.0 75.9 82.9 53.3 2.70 104. 2
YOLOv1ln 84.6 79.1 85.7 55. 1 2.58 66.2
Ours 88.6 84.9 91.1 61.8 3.16 63.7
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Tab.6 Comparison of experimental results on PCB defect dataset (%)
AP@0. 5 mAP@O. 5
Model — - — - mAP@O. 5
Missing hole Mouse bite  Open circuit Short Spur Spurious copper :0. 95
YOLOvS8 99.5 88.8 89.9 96.7 83.2 94.1 92.1 46.7
Ours 99.5 90.9 94.8 96.6 89.9 93.0 94.1 51.6
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Fig. 15 Comparison of mAP curves before and after algorithm improvement for PCB defects
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