LIS

At

Ll

ELECTRONIC MEASUREMENT TECHNOLOGY

B o R F48 & H 154

2025 4 8 H

DOI:10. 19651/j. cnki. emt. 2517779

£F SAFPN-YOLO HyRALR BRI 7 %

4 A # B #HrE
CLHFPERFRAIRREAHLFERE KN 221116)

T OE EEXHE Gy R R T & H AL T S A T BE 7 AN Y ) B AR SCHR H — Fp 3+ SAFPN-YOLO iy XU AL
FETH B RAART I B . B S BT XA B AR 22 RUBE A IR) R, (L TR Al A BUAR Y SAFPN I 28 B AR T 42 B Y AR 4
FIE B A PG I INRRAE Bl A B B AR SC2EE s K, S T AT SR B TU AR B IR, 7R 3 T R 1 TR 2 ik
B ) A4 R B 4 S 1) SCDown A5, {8 45455 70 5 B8 6t JR) 350 AR A1 S 415 18 1% [T A, 8 8 T I 174 400 87 31 T Py 42 B
FRAE s B o R T i o 0 B il (o e LA G S 55 5 S 19 T 0, 4 B T — A AT LA B 5 ) 4R A 58 T BE 7 RNARAE 25K RE T Y
HRILS L — 2 e T R M RE . SCI0 45 R I L 3L F SAFPN-YOLO #9 KUAIL 2 18 3 B 4 I 35325 9 mAP50
SKENT 82. 4% AHE TIHARMERIL B T 3. 3% . RE A% 52 0 55 0 v A9 XUATL 2 T e B AG )

KB KLRE ; BRI RHE RS s 5 B

A5 BT 4 s BUHL R B
hE 43S, TP391.4; TN957. 52 X EFRIRES . A ERIrEZERDFEKE: 520.6040

Surface defect detection method for wind turbine based on SAFPN-YOLO
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Abstract: In order to solve the problem that traditional detection methods cannot detect surface defects of wind turbines
sufficiently. the paper proposes a surface defect detection algorithm for wind turbines based on SAFPN-YOLO.
Firstly, in order to solve the problem of difficulty in multi-scale object detection, the SAFPN network based on the idea
of asymptotic fusion is used to replace the classical feature pyramid fusion network, so as to reduce the semantic gap of
information during feature fusion. Secondly, in order to solve the problem of redundancy of background information.
the original SCDown module was replaced by the NAMBlock module embedded in the deep embedding of the algorithm
backbone network, so that the model could extract features in a broader field of view while retaining the key
information of local features. Finally, in order to solve the problem that textured defects are difficult to detect and
locate, an attention mechanism is proposed to strengthen the spatial feature interaction ability and feature expression
ability. and further improve the detection performance of the model. The experimental results show that the mAP50
based on SAFPN-YOLO fan surface defect detection algorithm reaches 82. 4% , which is 3. 3% higher than that of the
baseline model. and can achieve more accurate defect detection on the surface of the fan.
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Table 1 Comparison of the accuracy of YOLOvV10 in
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FEAIE il 5 19 2 mAP50/ %
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Table 2 Parameters of model training

24 i, &
Images size 640 X640
Batch size 64
Epoch 200
Initial Learning Rate 0.01
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Table 3 Results of ablation experiments
LAY SAFPN NAMBlock AS*-MLP mAP50/ % Params/M Flops/G
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FEAY 3 NG 81.0 2.59 7.7
B 4 N 81.0 2.83 8.6
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Table 4 Results of comparative experiments

el mAP50/%  Params/M Flops/G
Faster RCNN 53.2 45.1 148.9
SSD 66. 1 23.0 28.5
YOLOv5n 74.6 2.5 7.2
YOLOv6 74.5 4.2 11.9
YOLOv7 80. 3 6.0 13.2
YOLOv8n 76.0 3.0 8.2
YOLOv9-T 81.0 2.6 10.7
YOLOv10n 79.1 2.59 7.7
SCRk[11] 79.9 3.01 7.8
k[ 12] 81.9 3.2 8.4
SAFPN-YOLO 82.4 3.23 8.7

SC A B B T A TR R R R (BB A R
AEHFHE., 785 YOLOv6 Al YOLOvV7 5k #17 %F b
B, SAFPN-YOLO 453534k #8 5 ¥ Z AR FEA1. [H
S AR 5 M AT RO B9 38 B AT T X L, SAFPN-
YOLO 7£ & TBUTA 16 br _B 37 A8 09 B0, 0 L 349 4 DUl
KB AL YOLOVS, YOLOVO Bl 6. 4% F1 1. 4%,
AN, K SAFPN-YOLO 5 24 i £ 8 107G 56 KL 2 T Bk
I3 46 000 450 38, P9 B AR SR AT T R LE L A S B D RO A 2
BB s SAFPN-YOLO ~F-# kIS B2 #5352 T 85 5 1
SAFPN-YOLO M4~ 401 2 48 b il 12 A8 U E i 385 m 4n 1 8
M9 TR, FE 8 A9 m %N, b A AL A I 2% AR R B
I, PR AE 1 — X — 43 BE 5 — X 22 43 Bl 09 3 A | A 2k

VLR oy A A A 48 28 3 i 0l /N I s F R e, UL SAFPN-
YOLO 7EiE S o B 7850 58 IS,

)|
3 1 k
? \\ ! ! )

o T— k
0 100 200 0 100 200 0 100 200
Epoch Epoch Epoch
(a) A FHEBR (OFE=iES (o) Mt REIK

(a) Box loss (b) Classofocation loss (c) Distribution focal loss

K 8 SAFPN-YOLO — %} £ 43 Bt 035 2 ith £&

Fig. 8 Curves of SAFPN-YOLO one-to-many assignment losses

N

train/cls_om
(98] -

train/dfl_om
(9%) -

train/box_om

~
>
~

e ° o
° 21 )
% 12 |
53 _] = 3
R L S
= £ 8 .8
= 1= <
g & E

[}
»~
™o

0 100 200 0 0 100 200 0 100 200
Epoch Epoch Epoch
(a) WHHEBI K (b) 4%k (OF:ii¥-I=tiFS

(a) Box loss (b) Classofocation loss (c) Distribution focal loss

K9 SAFPN-YOLO — X —4 Bt i35t 2k it 2k
Fig. 9 Curves of SAFPN-YOLO one-to-one assignment losses

TR B AR L T S B N 37 S AR T
A AR B R B A4 DIE AR L AR S B0 4 v Bt 1 P 19
R TS S 7 R B T AT A B L
HARE) AT AL 45 - W lEl 10 Brs .

o 174 -

Fig. 10 Visual comparison of the practical application of other models with SAFPN-YOLO
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