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CESL-YOLO:An improved YOLOvV8-based algorithm for surface
defect detection of wind turbine blades
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(School of Automation and Electrical Engineering, Inner Mongolia University of Science and Technology,Baotou 014000, China)

Han Hong Wang Jinming Zhang Fei

Abstract: To address the challenges of low detection accuracy for small-scale defects and excessive model parameters in
wind turbine blade surface inspection, this paper proposes an improved detection framework, CESL-YOLO, based on
YOLOv8n. First, the convolutionalblockattention module (CBAM) is integrated into the backbone to enhance the
model’s focus on defect regions during feature extraction. Second, the neck structure is redesigned as an EfficientFPN,
where re-parameterized convolution is employed to improve multi-scale feature fusion efficiency. Third, the SloU
bounding box regression loss function is adopted to accelerate model convergence. Finally, a lightweight sparse-
separable branch (LLSSB) detection head is developed to improve defect localization accuracy. Experimental results
demonstrate that CESL-YOLO outperforms the baseline model, achieving gains of 2.7% ., 4.8% and 5.3% in
precision, recall and mAP, respectively. Moreover, the model size is reduced from 3.01 M to 2. 82 M parameters,

making it more suitable for practical wind turbine blade surface defect detection tasks.
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Fig. 3 CBAM attention mechanism network architecture
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Fig. 4 EfficientFPN network architecture
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TR AU SRR Rl A 5 R 7 B A Uk 2R 7 T B H A
PE. 4k2L5I A SloU 42k s U - mAP 427+ = 82. 9%, H
Wl — = 75. 7% . 24 4 FhEladk 7 ik W B S AT,
FALR B T oM AR RS 00 36 . 3 Il R mAP 4y $ETH &
84.4%.75.9% F 83. 7%, tH L LA w7
2.7%.4.8% F1 5.3%, 4 W UE T CESL-YOLO A
B .
3.5 MHtEFEEANALRLSH

R T HE— 25 B AR SR B AL B Y O TR
Backbone #7143 51 51 A 75 & 18 7 & 7 Cefficient channel
attention, ECA) . 4> J& 1¥ % 77 (global attention mechanism,
GAM) .23 [0 11 & ) (spatial attention, SA) DA M & FRAZ 1T 7=
71 (selective kernel convolution, SK) % 3 i 73 & J1 WLl 3¢
FIXTHG, S s RN EE 2 TR, & 2 B 50s ol 1, ECA
Xof B TR ) 2 0 ek W e AR L LS R BE R T B s SA A SK
B mAP 43> $135 %) 80. 3% F1 80. 9% . SR . SK HIZ K it th
3.01 M¥ENZE 8.56 M. i B IF B K HH L Z T, CBAM
LT RFSEm AL RO T R 3R A 1A mAP
SR FEE 85. 3% .74, 120 F1 82. 3%, 1 M T H At i =
FIHLH
3.6 i Neck MBI RS

% 3 AR [RIERAE Rl A B 2% % Neck 45 4 14 g 10 1k %t
b, oF 45 AE 4 5 28 B 4% Casymptotic feature pyramid
network, AFPN) i 2R fifi #& i 2 0 & W 2% i 2>, (3 5T
mAP NG A W R 2 T35 55 T EfficientFPN,
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Table 2 Comparison of the effects of attention mechanisms

ol P/% R/% mAP®@0.5/% Param/M
YOLOv8n 81.7 71. 1 78.4 3.01
+ECA 79.3 74.8 79.4 3.01
+GAM 81.7 71.9 79.5 3. 44
+SA 80. 7 73.9 80. 3 3.01
+SK 81.3 73.8 80.9 8.56
+CBAM 85.3 74.1 82.3 3.02

#R 3 Neck M&MALITEE

Table 3 Neck network optimization comparison

F4 HEBEKHFF AP@O. 5 3tk

Table 4 AP@0. 5 comparison before and after improvement

— AP@0. 5/ %
YOLOv8n CESL-YOLO

Cracking 64.1 74.5
Dirt 98. 4 97.9
Missing part 75.3 94.7
Erosion 65. 8 68. 7
Breakage 69.9 77.5
Lightning 93.3 93.5
Paint 84.7 88.0
Tape 71.9 73. 4
Stains 82.5 84. 6

A P/% R/% mAP@0.5/% Param/M
YOLOv8n 81.7 71. 1 78. 4 3.01
+AFPN 82.1 71. 4 78.6 2.29
+ EfficientFPN  84. 5 73.2 81.7 2.83

3.7 MHHRREBHERS T

ST VA S 2 TR 451 2 BRI EIORT AR B A S il 1) AR 4k
R XTI R R A Loss MR HEAT X H 43 1. B 9 ek
HEFTJE A9 Loss M1k .CloU #1 SloU 7 Il 25 40) 9 ¥ 4b F % 5
K B BB ARES R B 38N, SToU 28 80 H 5T pe %) i 85 ik
FEESEAR ST . NSRS B, CloU Fi 2k 48 T B 2=
T DX ] AR A — 2 B3l 5 1T SToU W 8 % #F — 25 i 8k
I TRE I T AR U S E SRR . R L Bk )E
B SToU $5t & AN A T 38 7 452 780 (9 Wie S50 B2 i EL 7 die 200
S BRI AR A B E  AH L TR IR Bk rR LR R TR AT
A5 b, 5 A5 TR R DU 1 i

— YOLOvS8n
40F CESL-YOLOvS8n

0 20 40 60 80 100 120 140 160 180 200
Epoch
9 Loss figxf Lt

Fig. 9 Comparison of Loss curves
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A SCGE 3 YOLOv8n 5 ka5 CESL-YOLO X}
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TGl o B A T R, S IR A SR ANk 4 PR
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TR B S 0 BE 4 AR TH T 10. 496,19 4% F1 7. 6 %, B AIE
T BICGHE AR BRI 4 b il R B T U AR G R R A 2K
B 0 SR 3 4n 5 HRAE , X T Paint, Tape. Stains %525 AU 6k [ ,
BB R A 3R B R YRS BE 4R . XF T Dire AN
Lightning 45 11 B I A4 il 5 2 5] o 450 Y F) R 32 BE AR (R 45 1
SE » 3% WY A AR R AE i B/ R B TR 3R 9 IR B R R R
J3E 25 D31 TR 6 1 S S R 3 67 T

P 10 SRR O BT S I A TR, 222 YOLOven
ARG A8 S A Sy R A A CESL-YOLO 4 6 0 % 5
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Fig. 10 Comparison of detection results
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7Nt I G T B 4 T R A M
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Sk T A T i 50 I B AR AR A X PR I 3 TR R A
FASPERE L # . A SO CESL-YOLO 5 HAth 3= 3% B bR 46 I
FRIEAT XS LB S A5 AN 5 iR . B 5 R U
AT 501, 5 T B BE 19 FasterR-CNN 230 &3k 41. 39 M, it
BRI K, TOOD WA M AEKF] 76. 1% HKEEHE S
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Table S Experimental results of different algorithms

gl P/% R/% mAP@0.5/% Param/M

Faster RRCNN 82.5 71.5 79.5 41. 39
TOOD 82.9 76.1 82.3 32. 04
ATSS 81.5 72.5 78.9 38.92
YOLOv3-Tiny 79.1 68.2 75.3 8.68
YOLOv8n 81.7 71.1 78.4 3.01
YOLOv5n 81.9 73.3 79.4 1.77
YOLOv7-Tiny 78.1  76.5 81.5 6. 04
YOLOv10n 78.4  69.1 76. 8 2.71
YOLOv10s 79.6  72.8 80. 5 8. 04
YOLOv11 82.6 72.8 79.1 2.59
CESL-YOLO 84.4 75.9 83.7 2.82

TER A T YOLOVSn S5 /N AU 1. 77 M,
B HABER PRS0 2R L A 01 2L K mAP 3755 F CESL-YOLO.,
YOLOv7-Tiny 5 YOLOv10 £ 51 7E#84> 48 br A Br42 7+, {1
RS BRI FEE—EAN R, HILZ T ,CESL-YOLO £
JLPRFRER S B0 1 0T G503 A3 BE DL mAP 4y
A 84. 4%6.75. 9% FN 83. 7% » TR EALLE A M B, R B 76 K
FL I 3 T B B R AT 45 v ) S 2 P 8
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i, 48 iR AR o /) I 868 ) 4R AIE 2 35 BE T 5 Neeck 19 45 2R
EfficientFPN 544 42 71 22 ] e Ak fil 5 192808 B iy 5
HE 45 2 0 45 Sy SToU , LA PR A5E i S50 3 85 1 5k 63 72 A5 0
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