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ABSTRACT As a crucial component of a high-speed rail traction power supply system, the catenary system is responsible for
transmitting electrical energy to electric multiple units (EMUs). In practice, continuous impacts from pantograph-net interactions and
external environmental factors can lead to defects in the catenary’s supporting parts, such as looseness, detachment, fracture, and
cracking. These issues compromise the reliability of the catenary structure and pose risks to its stable operation. Therefore, timely and
accurate positioning of the catenary support components (CSCs) is vital for ensuring the safe operation of high-speed rails and improving
the catenary maintenance strategies. In 2012, the former Ministry of Railways of China (now the China Railway Corporation) officially
promulgated the General Technical Specifications for High-speed Railway Power Supply Safety Detection and Monitoring System. This
study marked a shift from traditional manual inspection methods to intelligent non-contact catenary detection and maintenance using
computer vision technology. This study addresses challenges in detection systems by focusing on “catenary part positioning” in the

whole detection process from the perspective of the functional integrity of the detection system. Detecting CSCs is challenging because
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of the variety of parts, scale differences, and small size of components. To overcome these challenges, this study proposes a catenary
component detection algorithm that utilizes a multiscale fusion pyramid focus network. This approach integrates a balance module and a
feature pyramid module to improve the detection performance of small targets. The separable residual pyramid aggregation module
(SRPAM) was designed to optimize multi-scale feature extraction, expand the receptive field, and address multi-scale issues in CSC
detection. Furthermore, a path aggregation network based on the equilibrium feature pyramid (PA-BFPN) was designed to improve
cross-layer feature fusion efficiency and small object detection performance. Finally, the effectiveness of the proposed method is
demonstrated through comparative experiments, visual analysis of the results, multi-scale feature fusion module experiments, feature
pyramid network experiments, and ablation studies. The results demonstrate that the proposed multiscale feature pyramid FCOS (MFP-
FCOS) algorithm offers excellent overall performance compared to many classical algorithms. Visualization experiments confirm its
effectiveness in detecting targets across different scales and effectively solving small-scale and multi-scale sample detection challenges.
The proposed SPRAM effectively mitigates information loss and improves feature extraction performance, whereas the proposed PA-
BFPN obtains more comprehensive feature information. In summary, the proposed MFP-FCOS achieved a detection accuracy (mAP) of
48.6% on the CSC dataset with 30 floating point operations per second (FLOPs), indicating a balanced trade-off between detection
accuracy and detection speed.

KEY WORDS deep learning; object detection; catenary support components (CSCs); path aggregation feature pyramids (PA-FPN);
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Fig.7 Schematic diagram of key catenary components
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Horp, TP R IEHIEFEA, FNJE RS IR UFEAS, FP 2
R IEREAS. HEAN, AP R P-R #2056 T A 45
by i AL, A R 2 E A O

1
AP = fo P(R)dR (12)
0
D AP(g)
ap=L (13)
" 0
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BRI AP (HSE945 45 LA, ASCIB 5] AT FPS
(Frames per second), FLOPs (Floating point operations)
AR 280 (P,) VR 188 U+ 1 080 o 2 1Y)
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H B 1: i A1) RGB BEMZHZ M LL T S50 &
AT IH—1k: (1) ¥I{E M [123.675, 116.28, 103.53];
(2) brifE 2= Ky [58.395, 57.12, 57.375].

2B 2 SN B e 4R BR300 BE AL 46 i 2
800 ~ 1333, Kl M B 1.5 5. SR 5, XAk 3
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2% (MobileNet-P) H1. 48 J5 M 3 1 v 48 BOR [A] S5 1iF
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B HFAE 5] A %] PA-BFPN " i34 @il & 4571 {P2, P3,
P4, PS5}, i BRI Sk 0 2%

2R 4. ¥ PA-BFPN [ 5 th R#1iF 4 A #] FCO-
SX-Head H7, 715843025 70 5. oo 20w & o0 B0
N 430, 9000 5 28 1) 340 R HE OG5 1 23001

BB S MR G I Sk A5 21 (4 43 28 50 B0 [ )5 43
BOtE 25 2% (Focal loss) A RNE 12Kk (GIoU loss).
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SR IG IR e A R S 4
34 XFEERIR AT

T W E BT 5 9 (MFP-FCOS) M RE, A8 3C
XL T — S 22 B H bR I Bk g5 R gk 1R
JN.SLERECE APEUNE . (1) P T 256 B 10
gE R 5 IR BEHL I Sk At A - A (2) BEALYI
AR RS /N A, A 800800 14 BEAL IR
PEATIN L. AT T DA X SE 8 (D)X F—Br ks
M2, A 3C L YOLOV3 Fil YOLOX R34k (2) %t T
ke £, LA Faster R-CNN £l Cascade R-CNN 4
Hegk; (3) X FIoaikr 4%, # 5] A Center-Net, Cor-
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Table 1 Comparative experiments for classic detection methods

Methods Backbone mAP APs, AP P/M FLOPg FPS
YOLOV3 Darknet53 46.23 90.56 45.38 62.4 122.2 32
YOLOX-m CSP-Darknet53 48.21 91.23 47.16 25.43 58.7 34
ResNet50 45.98 90.32 45.68 41.24 122.4 25
Faster- RCNN
ResNet101 47.16 91.34 46.54 60.34 171.2 15
ResNet50 46.14 90.96 46.23 69.54 125.1 21
Cascade-RCNN
ResNet101 47.86 91.84 47.01 89.12 173.2 13
ResNet50 46.23 90.87 46.98 33.23 118.3 28
FCOS

ResNet101 47.51 91.52 47.12 51.34 161.8 19
ResNet50 45.67 90.08 45.45 31.34 319.7 11

CornerNet
ResNet101 46.71 90.67 46.19 50.14 367.1 6
ResNet50 46.35 90.78 45.29 31.91 126.28 22

ATSS

ResNet101 47.24 91.46 46.95 50.91 173.83 16
ResNet50 47.98 91.12 46.47 37.34 123.8 23
ResNet101 48.43 92.56 47.24 55.45 165.4 12

MFP-FCOS
MobileNetv2 47.35 90.41 45.67 12.21 35.1 32
MobileNet-P 48.62 92.76 46.82 14.43 38.6 30

Note: APs, represents the average accuracy at loU=0.5; AP,5 represents the average accuracy at loU=0.75.
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i A TR R R TR, A U A A R R (2) AR SO
R R A3 51N 22 B AN [R] 1 3= T 2% i), MFP-
FCOS Ha il (X 4 SE 30 T e (MR BE, HAARIAE mAP.
APsy. AP, P, Fl FLOPs H, HA5 A (1) P RE 48 PR 1H
N mAP=48.62%. AP5;=92.76%. AP,=47.24%, P~
12.21 F1 FLOPs=34; (3)YOLOX-m jA%| T f A3 FPS
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Fig.8 Visualization of detection results
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Fig.9 Visualization of comparative test results
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Table 2 Analysis of the multi-scale feature fusion module

Methods mAP APs, APy APg AP, AP,
SPp 4551 88.63 43.07 523 44.53 49.27
ASPP 46.65 89.43 44.17 6.43 45.86 438
Dense-ASPP 47.32 89.78 44.86 8.16 47.41 50.28
Inception 4577 88.91 4354 6.94 4491 48.00
SRPAM 48.62 92.76 46.82 8.89 46.17 49.43

Note: APg represents the performance of the model for small-sized objects; AP, represents the performance of the model for medium-sized objects; AP,
represents the performance of the model for large-scale objects.

AR, A 455 e 19 25 4 P RE HE 44 4 Dense-ASPP>  48.62%. APs;=92.76%. AP;5=46.82%. APs=8.89%.
ASPP>Inception>SPP. A< SC fr # Hi i) 22 R BE AR B AP, =46.17%; (2) PA-FPN £ 45 A6 IV g 35 2 WA,
BB G JE R 40 R . (1) SPP A5 B 2 22 IR bk 15k TE AP, b ik B He A (H M 50.06%; (3) PA-FPN F1 Bi-
YERYSEA, IR R 5 ASPP BB A Ho, Ho A7 78 ™ FPN K il 14 G& AH 3T, 45 48 45 3 b FPN & 0.5~
H YRR B X K M) (2) 5 Dense-ASPP AH [, 1.5% #2457 FERANT . (1) A LT FPN, NAS-FPN
ASPP {3 i FRAE R & 1 77 L Rl A 22 ROBERRE, 2 1 Bi-FPN & B¢, PA-FPN #{l PA-BFPN il i # il [
MY AN 5y B3 BAR B 28 LR, ASPP L ik L E%AR, FHIRJZE B9 8% 06 15 5 48 5 24 S R 1E
e 5|l ANTREE T 43 856 AR 3R 22 e M 4R i 3 47 ¥ (2) 5 FPN A b, PA-FPN #il PA-BFPN A

AT LA S50 1 v LR AE B M g DLIE 3 - i R AE 4 TS R R4S 1 R R £ ERD
3.8 HEEFEMELSH ( FPN) £ R {5 B (3) 5 FPN 4 [, PA-FPN #l Bi-FPN

PN I R Gl = A28 N B e 7 L < 71 I 0 -l = O 1 S | Bl & B S T R (T S B
I FPN., PA-FPN. NAS-FPN #1 Bi-FPN), L5 3iF i PA] ok T LR A5 B 4 T B AR AR AR S . B UL AT UL, PA-
P& 1) PA-BFPN W 2% (1) A R, 28 3 B /R AH 65K BFPN H A — % B3R 1T & B 4n 4 2 A
Iah R 7 3 Jii7n, SRPAM B Fll PA-BFPN b 75 2 55 2k
mFE 3 PR, BBV (DA SRR S B E S h R R4 5 T
PA-BFPN £ 5 PERE R U, HR B A0 0 mAP= 1 WM JR 75 R S e 78 R 2% i 1) 3 2 b s SUAE
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SR RZ I, X 3 2 S R 0 2 R AT
T E AT RAL S HT

WE 10 fr 7R, #4407 B AT AR 25 SR a7 DLAS
MFP-FCOS W %% & Je Xt KR H br 17578, H
UK BE A W 3% A 0, 25 B AN TG /N R H A X 8k,
I O T ik 0o G B 2 A 0 X L X ik — 20 R W
MFP-FCOS XA [F] RUEE H bR BA 2k, uEH] T MFP-
FCOS & 1119 & .
39 HELSEIGAAR

R T i — 25 B UE AR ST B i B S
A HWE, A5 %} SRPAM, DCN, PA-BFPN, FCOSX-
Head BEHHEAT T 11 Al 5250 40 AT, 45 a0 4 i,
(-)DCN 7R ] A5 T 4 BUSTHR (4 31 @, 48 5 A I

A EHETE T 2.25%; (-) SRPAM £ 7~ SRPAM £
Bt s (-) PA-BFPN %78 PA-BFPN A5 B (1) 7
filt; (-) FCOSX-Head % 7% FCOSX-Head 714 fill; (-)
FORARVEAT I B S, NG5 AT LAAS Y, 4% R
(18 T 0 2 Xof A5 76 Sk O[] R R ) 67 T 5 ) 3
1t # 4 DCN, SRPAM. PA-BFPN Fl FCOSX-Head
BLH, TE APs 48 5 J7 1 53 5l $2 755 2.25% . 3.05%.
3.23% F12.78%. (-) F&7m A PURN CHE SR, %
AHEIR YA ASFFEEE A $2TF, 72 mAP. APsy. AP,
APg Fll APL 73 ] $ & 42 F+ 3.07%. 3.23%. 2.96%.
2.95% 1 1.72%. Hy e mT DL, T4 il X A 75 (1% 552 v It
# ¥ & PA-BFPN, SRPAM. FCOSX-Head, DCN.
HE— 255G UF T T B A AL (0 A5 R0

K3 FHEE TR

Table 3 Analysis of feature pyramid networks

Methods mAP APs, APy APg AP, AP,
FPN 45.55 89.48 43.86 5.94 44.47 47.7
NAS-FPN 46.95 90.01 44.4 6.47 45.01 48.85
Bi-FPN 47.05 89.89 44.75 5.83 45.41 48.68
PA-FPN 48.28 90.51 45.65 6.96 46.11 50.06
PA-BFPN 48.62 92.76 46.82 8.89 46.17 49.43
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Fig.10 Visualization of heat maps
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Table 4 Experiments analysis of model ablation
Ablation methods mAP APs, AP APg AP, AP, Latency/ms
(-) DCN 48.17 90.51 45.01 8.41 45.83 48.66 28.66
(-) SRPAM 46.51 89.71 44.57 6.92 452 48.16 25.33
(-) PA-BFPN 45.55 89.53 43.86 5.94 44.47 47.71 26.03
(-) FCOSX-Head 47.55 89.98 45.07 6.54 47.41 48.24 29.71
-) 48.62 92.76 46.82 8.89 46.17 49.43 31.25
Note: Latency represents the test time of an image.
4 zﬂn: 'L@ force under strong stochastic wind field. Shock Vib, 2017,
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