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Improving the YOLOv10n algorithm for detecting defects in
transmission line components

Wang Haiqun Wang Wenke Yu Haifeng
(School of Electrical Engineering, North China University of Science and Technology, Tangshan 063200, China)

Abstract: In order to solve the problem that the component defect detection in the transmission line inspection image is
easily disturbed by the background environment and the defect target scale is different, resulting in low detection
accuracy, an improved YOLOv10n transmission line component defect detection algorithm was proposed. Firstly, the
RepViTBlock and ELLA attention mechanism were used to redesign the C2f, and the ERC2{ module was constructed to
suppress the background environment interference, enhance the feature extraction ability of the model, and reduce the
parameter redundancy. Secondly. the DASF neck structure was designed by combining dynamic upsampling DySample
and attention scale sequence fusion module ASF to improve the multi-scale feature fusion ability of the model. Thirdly.,
based on the DBB of diversified branch blocks, a reparametric shared convolutional detection header RSCD is proposed.
which reduces the redundancy of the header parameters and strengthens the interaction ability of feature information by
sharing parameters. Finally, the MPDIoU loss function is optimized to Inner-Wise-MPDIoU by drawing on the ideas of
Inner-IoU and WIoUv3 to accelerate the model convergence process and improve the defect positioning accuracy. The
experimental results show that the accuracy of the improved algorithm for the detection of transmission line component
defects reaches 92. 1%, which is 3. 4% higher than that of the original algorithm, and the number of parameters and
GFLOPs are reduced by 19.4% and 0. 4, respectively, which proves the effectiveness of the improved algorithm.

Keywords: YOLOv1On; attention mechanisms; attention scale sequence fusion; reparametric shared convolutional

detection head;loss function;defect detection
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(exponential moving aver-age) . MLCA (multi-level channel
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Table 2 Comparison of attention mechanisms

(7858 mAP50/% Params/10° GFLOPs
229 88.7 2.27 6.5
C2{+ RepViTBlock 89. 1 1.93 6.0
+SE 89. 6 1. 94 6.0
+MPCA 89. 7 2.05 6.0
+EMA 89. 4 1.93 6.0
+MLCA 88.9 1.93 6.0
+CPCA 89. 2 1. 99 6.2
+ELA 91.0 2.10 6.0

& 2 /M, £ C2f gl AR IR HLH 0
RepViTBlock #5555 iR 5 B 78 2 0m FNF s B IR
B GFLOPs ¥ B 5 00 F . mAP50 2T+ 7 0. 4% . IEH
T 51 A RepViTBlock #E 8 iy %M. 76 b 3 il - 43 51 51
AARTFER LS G R AR mAPS0 7 1 ¥A A
[F 2 B (R B2 5, B 2 850t FN T 38 B OB GFLOPs ¥/h T
JRBLRL, o ELA R WL R IR AE , B S HR B
W N BT £, (H mAP50 6 B &0 T Hi & H
HL . mAP50 353 T 91 %, BRI TR T+ T 2. 3%, UEW
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HIGIE Inner-Wise-MPDIoU 45 25 pR %19 0 3, 75 52 1
MR B & 1T ¥ CloU,EloU™  SIoU™ , WIoUv3,
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Table 3 Comparison of loss functions

2k PR P/% R/% mAP50/ %
CloU 92.3 82.8 88.7
EloU 90. 6 82. 4 89.4
SloU 91.1 82.8 89. 4
WloUv3 93.2 83.6 90. 1
MPDIoU 92.5 83.8 89. 6
Wise-MPDIoU 92.5 84.1 90. 4
Inner-Wise-MPDIoU 93.4 84.1 90. 5

M2 3 AT AL, 5JR YOLOv10 B CloU 4 25 iR %L
A FEBI A L3R 14 R B2k RS B EloU 198G B 32 1
T4 B BEAR 1. 7% A0 0. 4% LA & SToU B4 B 28 [ A%
L2 %641 oAl A58 2 o 500 4G DU 1 6 35 A R [ R A 2
Horp, 5 F MPDIoU #i 2% p& 1 7] i 5] A Wise-IoUv3 F
Inner-IoU B8 1) Inner-Wise-MPDIoU # J} & N ¥l & , H
TEAG 0 % A 8] A mAP50 J7 1 2 28 B A A , %0 i 0 5
SR TET 1.1%.1.3%.1. 8% . Inner-Wise-MPDIoU i
RS £S5 MPDIoU #H H RS #05% L 3[R 1 mAP50
ST T 0.9%.0.3%.0.9% . 5415 A Wise-ToUv3 &
R Wise-MPDIoU i H , 78 13 18] 2R KR 25 (15 B T 4 1 2R
I mAPS0 43 AT T 0.9%.0. 1% ., SLE LR TR, A
MY Inner-Wise-MPDIoU 461 2 p& 0%} iy v, 2k 1% 358 14 B
563 P ARG 00 30 SR B A F Al 451 2% R B, R E T Inner-Wise-
MPDIoU it 2% pR £ ) pt e
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R I B SR R I R RO AR SC LU YOLOv10n 4%
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Table 4 Ablation test results

S:iy RSCD Inner-WiseMPDIoU — ERC2f  DASF P/% R/%  mAP50/% Params/10° GFLOPs
L 92.3 82.8 88. 7 2.27 6.5

1 N 92. 3 80. 9 89. 6 1.94 6.2

2 N 93.4 84. 1 90. 5 2. 27 6.5

3 J 92.7 84.0 91.0 2.10 6.0

4 J 92.3 82.9 89. 3 2.32 7.0

5 N N 92 83.4 90. 5 1.94 6.2

6 N N J 93 83.3 91.5 1.78 5.7

7 N J J J 92.2 85.4 92.1 1.83 6.1
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BAE MR R T TG RAE T 0. 1%, {B7E B 18 R mAP50
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Table 5 Compare the results of the experiment

Bk mAP50/%  Params/10° GFLOPs
Faster-RCNN 84.8 41. 15 206. 69
Mask-RCNN 87.8 44.17 260. 14

Cascade-RCNN 85.6 68. 94 234.48
TOOD 66.9 31.98 184. 4
YOLOv5n 88.0 1. 77 4.2
YOLOX-tiny 85.1 5.03 18. 94
YOLOv7-tiny 72.3 6.02 13. 10
YOLOv8n 88.7 3.01 8.1
YOLOv9-t 88.2 2.62 10. 7
YOLOv10n 88. 7 2.27 6.5
Hk[12] 89.7 7. 30 27.99
SCHk[13] 90.7 4. 40 13.2
k14 ] 90.7 2.30 6.6
AR 92.1 1.83 6.1
ALFE AR H LS5 b L 55 R RGO BEOR [F] 98 S 3R 3% T

FL R IR, PR AT A AR DI 45 SR ) EE N 81 11 s
TS 1 AT RY 2L HE R R B T AL B LS LB 2~ 6 TR AR
[EEER-IbE AR

() FR
(d) Foggy days

(e) fRIGIR
(e) Low light

B 11 AS ) B A ) 25 R e e

Fig. 11 Comparison of detection effects of different algorithms
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