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Abstract [ Objective] With the continuous development of
the rail transit industry, its operation scale and safety require-
ments are constantly increasing. To address the issues of low
efficiency , missed and false detections in the manual inspection
of EMU (electric multiple unit) brake pads, it is necessary to
study visual positioning detection methods for EMU brake
pads. [ Method] A visual positioning detection method for
EMU brake pads based on deep learning is proposed. To ad-
dress the issue of indistinct image features in real-world scenar-
ios, based on the Faster R-CNN ( region conventional neural

network ) algorithm, an edge detection branch is introduced,
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and a target edge loss function is added to the loss function, in-
tegrating edge information from an auxiliary network. Bilinear
interpolation is used to calculate feature pixel values, preser-
ving more feature information of the EMU brake pads. [ Result
& Conclusion] The improved Faster R-CNN model proposed
here can handle details at the edges, accelerate network conver-
gence, and learn more edge features of the EMU brake pads.
Through the bilinear interpolation method, the misalignment er-
rors of target features during ROI (region of interest) pooling
quantization process are reduced. The proposed brake pad de-
tection method achieves an average precision of 98. 42% and
an FPS (frames per second) of 27.77% .
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by each following train at different running times

5 45iE

A SCER R R g 48 ZE AR R G, B R ARAE AR
BTG ST 32— 5 T S5 0 ok & 1) o3 A 2 ol
i, BR B G 4] 7 A fk 2 s 21 5 40 A A T4
BAH AR TEER S, WA TR, W
FH Lyapunov 2 5& P B8 % B 4 41 91 420047 1 54
EVEIER, RN HERR T Zeno 4720, 1 45 F R0,
JITEE A T AR BR 51 42 ks il A SRS T S
STITE) G R AR — 3K, HLRE 980 4 2 [] i ] R
PREERE , FE TR R E 19 R UL 4 L BAE o

S 3Lk

[1] SCHUMANN T. Increase of capacity on the shinkansen high-speed
line using virtual coupling[ J]. International Journal of Transport
Development and Integration, 2017, 1(4) : 666.

[2] FELEZ J, KIM Y, BORRELLI F. A model predictive control ap-
proach for virtual coupling in railways[ J]. IEEE Transactions on

Intelligent Transportation Systems, 2019, 20(7) ; 2728.

0 <

(L% 74 T7)
HUANG Yonghua, LIN Zhenheng, CHEN Xuejun. A surface
crack detection method for friction block of brake pad based on
SVM[ J]. Journal of Yanbian University ( Natural Science Edi-
tion) , 2019, 45(2) . 175.

- WA B #0:2023-11-27 4= B 41:2024-03-28 ik B H7:2024-12-10

- 80 -

2024 F

[3] #jfe, RWIsE, T8, 5. EIIEBRAIF T s f i Eriats
PEREAT R [J]. JERSCE R, 2019, 43(1) : 96.
XUN Jing, CHEN Mingliang, NING Bin, et al. Train tracking
performance measurement under virtual coupling in subway [ J].
Journal of Beijing Jiaotong University, 2019, 43(1) : 96.

(4] HU, MRS, DN FORPEN T ) F S A g 4 5 0 B
[J]. zgilsi TR, 2020, 20(3) ; 120.
CAO Yuan, WEN Jiakun, MA Lianchuan. Dynamic marshalling
and scheduling of trains in major epidemics[ J]. Journal of Traffic
and Transportation Engineering, 2020, 20(3) : 120.

[S] akaSHME, BEl2e. HAT SRR RO 14 1 1) 2298 R R B 1 4 BA
FERILI]. AL S54Em], 2022, 29(8) : 28.
ZHANG Zhixiong, YANG Kaijun. Robust formation control of
multi-agent systems with collision avoidance and connection preser-
vation[ J]. Electronics Optics & Control, 2022, 29(8) ; 28.

(6] i@, FERE, 25y, FET Okl & L i B 32255 A 51 bl Ie]
FERILT]. TTEHLN IBESE, 2021, 38(3) : 792.
SHEN Tong, TANG Ye, LI Li. Consensus for autonomous vehicle
platoon system via event-triggered control [ J]. Application Re-
search of Computers, 2021, 38(3): 792.

[7] BOYD S, EL GHAOUI L, FERON E, et al. Linear Matrix Ine-
qualities in System and Control Theory[ M]. Philadephia; Society
for Industrial and Applied Mathematics, 1994.

[8] sz, JeT i fih & 1) 278 BE M g BA P R i 5T [ D .
ML MLE B TR R, 2022,
SHI Weijia. Application research of multi-agent formation control
based on event triggering[ D]. Nanjing: Nanjing University of In-
formation Science & Technology, 2022.

(9] el T ) 225 2 20 1 55 % T 2 1% R 400 9 2 9 42 7 BRI Y
[D]. dbxt. Jentzgdksy:, 2021.
LI Jianxiong. Research on virtual marshalling train control method
for dynamic marshalling and close tracking[ D]. Beijing: Beijing

Jiaotong University, 2021.

- WAS B H0:2023-0524 1490 B #9:2023-07-05  sH ik B HA7:2024-12-10
Received :2023-0524  Revised :2023-07-05  Published :2024-12-10
CBAEEH BT, AR 41163223601 @ qq. com
- ©QR T BE SGBAT ) 4 F Ak, AR CC BY-NC-ND #4
(©) Urban Mass Transit Magazine Press. This is an open access article

under the CC BY-NC-ND license

0 < 0

Received:2023-1127 Revised :2024-03-28 Published :2024-12-10
© B —AFE B A 81342, gclbgs@ 163. com

BATVE R RIA, H B TA2IT, songyuechao22@ 163. com
- ©C¥R T 4 SLEFF R ) A F Ak, FFAEIR CC BY-NC-ND #9L

(© Urban Mass Transit Magazine Press. This is an open access article

under the CC BY-NC-ND license



