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PSSN-YOLO: A surface defect detection model for wind turbines
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(School of Mechanical Engineering, Shaanxi University of Technology., Hanzhong 723000, China)

Yao Xiaomin

Abstract: As a core component of clean energy systems, wind turbines are prone to various surface defects that
severely impact operational efficiency and safety, making timely detection and treatment crucial. To address issues such
as missed detections, false alarms, and insufficient accuracy in small target detection, this paper proposes an improved
YOLOv8-based algorithm for wind turbine surface defect detection: PSSN-YOLO. The algorithm introduces a small
target detection layer to provide multi-scale information, employs the Slim-neck paradigm as the feature fusion network
to enhance detection accuracy while reducing model parameters, embeds the SE attention mechanism before each
detection head to focus on critical feature channels and improve defect detection in complex environments, and
optimizes the loss function using normalized NWD distance to better measure bounding box similarity. Experimental
results demonstrate that the improved algorithm achieves increases of 1. 1%, 4.4%, and 2. 6% in precision (P), recall
(R), and mAP50, respectively, while reducing parameter count by 8. 97 % , better satis{ying the practical requirements
for wind turbine surface defect detection.
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3.4 BUHSHBRZIE
T B A MO B H A R L YOLOVS (19 5Ll

Kb A BB AT H Bl SE 8 L i POR.mAP, Parameter 4
FEPRIEAT X . SCE AR 1 Frs, Kot R R A
KA T St gy =L — 7 RN AR R A SR A i ek it gy X

x1 HEXBER
Table 1 Ablation experiment
SRS P2 Slim-neck SEAttention NWD P/ % R/% mAP50/ % Para/M
1 — — — — 80. 8 73.7 78.5 3.01
2 N — — — 81.6 75.7 79.6 2.97
3 N N — — 81.3 76. 4 80. 3 2.73
4 J — N — 82.2 75. 2 79.9 2.98
N/ — — N 82.1 75. 6 80.0 2.97
6 N/ N N — 84. 1 75.5 80. 4 2.74
7 N NG — NG 80. 8 77.5 80. 0 2. 74
8 N — N N/ 79.5 77.0 80. 0 2.98
9 N N N NG 81.9 78.1 81.1 2.74
S8 128 YOLOVS FEZR B In 45 1 5000 2 15 HE F2 WHEIBER
FER AN HAR I 2 P2, 45 8 ] DU RO/ R Table 2 Comparative experiment
B HEATAS I AR ME R RO B R P AR T T 0. 806, A ful K i 7l P/% R/% mAP50/% Para/M
RAETHT 2.006, mAP50 &5 1 1 106, JKAEMI TIIA P2 R ONNDY 3401 74.4 61. 2 41. 20
JE X TFARHE /N R T BB 1A skt J5 2 5L 50 B 7E I ) 45 2 RT-DETR™ 50.7 476 49.3 28. 40
*@LX#%;‘YHE?&&HEM& i%ﬁ 3 B R 4 O Slim- YOLOwWN o T 754 5 50
neck JFFFAE @A W 45, A RO T TR B A9 55 A K 58 RE
7 R R A T 255 IR 2 55 L0 T 8 4 YOLOws 828720 786 911
B4 A T 90 2 9 mAP50 3271 0. 7% 2R WA T YOLOv7-tiny ~ 78.4  74.6 77.6 6.02
0. 24 M S280 4 SE T 81 AL e A BRI 3k i L 3% L YOLOv8n —— 80.8  78.7 785 3.0l
il 2 o A5 A0 B0 G T A R YRR AR G, 76 A0 BEOR [RE R YOLOv8s 82.0  74.2 79.2 11.13
TR 1 R 56 B B s A TS0 ES 2 M SR AR N YOLOvV9s 81.3 74.7 79. 9 7.16
Wb S ECR A LN mAP50 $2FF 7 0. 3% 5 52 5 kit YOLOv10n 76.9 71.0 75.5 2. 69
42k bR BT L B8 A T Ay A R AT 55 v X AR 2 E) Y A YOLO11n 80.8  72.5 77.1 2,58
R o 8 v AE TR A A RS BB, E SE 50 2 A AL | mAPS50 YOLOI1s 70.6  73.0 78.5 9. 41
BT T 0. 4% 5% 6~8 4EURI T /1 A A U /2 9 2l PSSN-YOLO 81.9  78.1 81.1 2.74

144 Slim-neck F#1E Al A M 4% . SE i & 1 HLHI 1 NWD 45
% PRE S TN AT PR T 2 G 0L R TR Y R A R AN TR AR
BT, B 52 9 B LA b 4 By vk [l it i RS BT
BT LA S R B EETE PRI 1%, A FER
BT 4.4%, mAP50 7 T 2.6%, [\ B B 5 K
T8.97%.,
3.5 HEELLELIE

ST VPAR B R B AR IR T & R AL 3R T i 5 e N A
% L RMEBE A SCREBCT LR 32 3 04 B A R D ASE 2R 3k AT X
LESEgs, FYRLE RN 2 iR,

PSSN-YOLO 5 Faster R-CNN A [, HA& 0 9 v 6
REE,SHET /D, H Faster R-CNN 1E b 9 B Bt H 746
W, S 45 2% L 91 R 38 FH T IRUAIL 3% THI SR o A 04 55
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W1, PSSN-YOLO 7 XU T &# i 4 U 4T 55 b B A T 45 1Y
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PSSN-YOLO i PR #H £ %t b B, PSSN-YOLO 1§ PR #4
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