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Pantograph arc detection algorithm based on improved YOLOVS8

Zhang Shuzhao Peng Ligiang Guo Akang Wang Lixin
(School of Mechanical Engineering, Hebei University of Science and Technology. Shijiazhuang 050018, China)

Abstract: Aiming at the problems of low detection accuracy and false detection and missed detection of small arcing in
the existing pantograph arcing detection model, a lightweight pantograph arcing detection algorithm RIL-YOLO based
on improved YOLOvVS is proposed. Firstly, combined with RepConv module and GhostNet idea, a lightweight feature
extraction module RELAN is designed to reduce the amount of parameters and calculations while maintaining the
performance of the model for arc feature extraction. Secondly, aiming at the problem of small arc missed detection, a
small target detection module is added, and a weighted bidirectional feature pyramid network structure is used to
achieve a higher level of feature fusion., so as to improve the detection ability of the model for small targets. In order to
solve the problem that the computational cost of the small target detection module is greatly increased, the neck
network is reconstructed, the reconstructed IBiFPN structure only increases the computational complexity by 0. 3G
while ensuring the accuracy of the model. Finally, a lightweight detail enhancement detection head is designed to
replace the YOLOvS detection head, which improves the model 's ability to capture detailed features while reducing
model parameters. The research results show that compared with the YOLOv8n model, the RIL-YOLO model has an
average accuracy of AP@0.5 and AP@0. 5:0. 95 increased by 5.2% and 3.7%, respectively, when the number of
model parameters is reduced by 66% and the calculation amount is reduced by 13.6%. The detection speed reaches
112. 4 fps,which can effectively realize rapid and accurate detection of ignition arc. The method provides theoretical
method reference for real-time detection of pantograph arc.

Keywords: pantograph arc; YOLOv8;RELAN module; IBiIFPN structure;lightweight detail-enhanced detection head
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Table 4 Ablation experiment
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1 — — — 90 58.8 3.0 8.1 138.9
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3 — N — 95. 2 60. 4 1.8 8.4 105. 3
4 N/ 90. 9 58.3 2.4 6.5 126. 6
5 N N — 95.9 60. 6 1.2 7.0 111.1
6 N — N 91. 8 59. 8 1.9 5.0 138.9
7 — N N 94. 6 59.5 1.6 8.4 102
8 N N 95.2 62.5 1.0 7.0 112.4

S 45 R R, RELAN, IBIFPN #l LDEDH 4 45 & % #
R R M ROR A T3 4 P A A

[ 8 Sy i Rl 92 B e A R YN 4145 38, I 8 () L (b)Y Fom
SEHKEBE AP@O. 5 fl AP@0. 5:0.95 &, MK 8

=4
o
T

=4
[=}
T

—e- YOLOV8

-+~ RELAN

- IBiFPN

—+- LDEDH
RELAN+IBiFPN

—+~RELAN+LDEDH

~*=IBi FPN+LDEDH

AP@/0.5%
o
=

=4
38}
T

=4
(=}
T

—+ REL{\N+IBi}:‘PN+LDIEDH ‘

0 50 100 150 200 250 300
Epoch

(a) AP@O.5 i Z& Xt H

(a) AP@0.5 curve comparison

AL A SCHR R RIL-YOLO BB fE AP@o. 5 T4k 10k
TFEMJF0) IBIFPN A, M 4E AP@0.5:0. 95 £k ik
ST HMA S . B, RIL-YOLO # & % (ki T H &
AR R TR, X SR SRS T EL A A B b i

06
05
* 04
v
N
703
=
® —e—-YOLOVS
& 02 -+ RELAN
< -=— [BiFPN
—»—LDEDH
0.1 RELAN+IBiFPN
~+~RELAN+LDEDH
—e—Bi FPN+LDEDH
0.0} . ) ) —’T RELATA\IJrIBiFPlI\HLDEl‘)H
0 50 100 150 200 250 300
Epoch
(b) AP@0.5:0.95 i £k %} Lt

(b) AP@0.5:0.95 curve comparison

P8 A Bl B i S 350 2 b 2k 2R L

Fig. 8 Comparison of mean accuracy curve and recall curve before and after model improvement
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Table 5 Performance comparison of different models

£S5 TEBBMERESTE

HL 7 AP@0.5/% AP@0.5:0.95/% Params/M FLOPs/G FPS/Ips

Fast-RCNN 94. 1 59.2 41.8 135.0 26.3
YOLOv5n 89.7 58.2 2.5 7.1 114.9
YOLOv7 88.8 57.2 36. 5 103. 2 74.6
YOLOv7-tiny 87.7 56. 6 6.0 13.0 88.5
YOLOvSn 90. 0 58. 8 3.0 8.1 138.9
YOLOvVY-tiny 91.5 60. 7 2.6 10. 7 107.5
YOLOv10n 89. 1 59. 6 2.3 6.5 127.8
YOLOvlln 89.8 61.9 2.6 6.3 133.3
RIL-YOLO 95. 2 62.5 1.0 7.0 112.4
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