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Abstract

As the operating speed and frequency of high-speed trains increase, the incidence of catenary
dropper failures also rises, posing significant safety hazards to high-speed rail operation and pre-
senting severe challenges to railway maintenance work. Existing detection methods struggle to
meet the demand for efficient and accurate diagnosis of dropper faults. In light of this situation,
this paper proposes an innovative method for diagnosing catenary dropper faults—the InCANeXt
network model. This model is an improvement on the ConvNeXt model, with major enhancements
including reducing the number of basic blocks stacked to decrease model complexity, incorporat-
ing the inception structure to optimize the convolution process, and integrating CA and SimAM at-
tention mechanisms to enhance feature extraction capability. These optimizations enable the de-
tection model to diagnose the operational status of droppers more accurately and swiftly. By
comparing the proposed method with various image classification algorithms on a real catenary
dropper image dataset, the InCANeXt model achieved an accuracy of 88.71% in the task of dropper
fault diagnosis. The experimental results demonstrate that the proposed method exhibits out-
standing performance in the task of dropper fault detection.
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Figure 1. Catenary structure
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Figure 2. ConvNeXt structure
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Table 1. Comparative experimental results
1 xR

Ay K& 1% H Il 2%/% Topl-acc/% F1-score/% Fps
AlexNet 37.51 45.83 73.48 41.45 177.10
ResNet50 70.22 76.61 81.06 71.37 153.61
MobileNetV2 66.73 54.14 84.85 54.85 159.60
ConvNeXt-tiny 38.68 36.25 72.73 35.98 147.04
INCANeXt 79.64 68.46 88.71 73.63 167.10
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KR Swin Transformer B, 1§43 ConvNeXt 7E 15 11 AIF i [ - A P K KA b8 B2 A1 B AT 55 1) 75
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3.4. jHRESELE

N T BAEA SRR A TS ) SR PR AR, BT 1 AR SRS, A SEIR AR AR R B I 52
o RS IE 5 SR IEE 2 Fs.

Table 2. Results of ablation experiments
2. JHRAKIOZER

Inception 454 R fii b Top1-acc/% F1-score FPS
x x x 72.73 35.98 130.13
x \/ 80.99 63.01 143.03
y 83.06 73.42 147.01
\ \ Y 88.71 73.63 145.10

SIATIH RS 45 FaT A, W] LA HE ConvNeXt B B i f5 Ay 52 25 1) sk 4 e AR A SR AL, 7E
XF ConvNeXt JFURB A HEAT R0 f 4k 2 /i, (U A 72.73% ) Topl HERIZR 5 35.98%F) F1 434k, 7EfRi{L)5
Topl-acc $2F+% 80.99%, Fl-score $#&7+% 63.01%, i FPS tHHUAE T 13 (4 T7t. X — I G F XK B X T
ConvNeXt X ARG 73 BARY,  [HDN N 1 G B 2 25 5 B LS IR, B2 7 2808

UEAb, BRI, MAE AR AR ) ConvNeXt #58 Hh L B Inception 4544, H4 JEAE ALY 7 x 7 (K
BRI 3%x3, ~H 1x9 5 9 x 1 fl—AMRZEERE, A REHE S FPS L T —E T,
RARMFETHHILE FL 80X —48F5d, BLHIZESIN Inception 4545, MLALN B IR 2 RS £ R IFRE
PEECRE /1A E TR, X FF S UM Inception £ (ALK FEELAE /10 H AR

FeJa, ISR ch AR R B LA, B Topl HERIZRIRTE T 5%, XIGIE T CA VEE SibLHIf
SIMAM V7 AL LE R A AR AE SR IR 70 7 T (A 2k, IR T B AR o KRR 3R . 2R, R
EVER RS T TR ER A, EHEAR TR S TR AT, T FPS BE TN [

4, 4Eip

ARSCHRH T — BT ConvNeXt (%8 B A e Bk Bz i X (7 LR BRI 7 ¥ o 1277 V2R R B
CWHE ST T A o Sl el D AR B AR U DB 5 A B, A 80 G T /NS RGP AR (13 U 4 ) R
[FI, /T Inception Z5H4HG SR | ARSI 2 RUERHMEMIRE ). tbAh, FERAREAD FZM BRI T CA
5 SimAM JERIHLS], ST T Mmoozl fE . gk, AECT HABEME 4 A, InCANeXt AU T
88.71%TM) Topl #EMAZE, K UITE U ATHAR M oL R IZ W55, INCANeXt A8 BA AR 1 RE .

A INCANeXt BERITE F X S WifE 55 R I T H AR PERe, (H I S M REA AT B -R o, PR
T AZBER A C B BRI B AT Se i I A BE . BRAL,  Anq A RO T e, I S R K
I RFE B IG5 AR O Y SR R P, DA AR AL X - IR0 B i DL o DA B AT G i 43 2 0 LA S5
RS Z IR, AR AR U
& H

G IH b B S A O S —— o UE B EOR G IH (20221T121); 2023 -1/ 5 K
AR IR iHRIIT H (S202311535056); il FE 44 H 48 B2 5k 4 % Bh 00 H (202417148)
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