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Table 1 Basic statistical description of the dataset

o HEE S KRR RKE SIFEE SRR

MR B B S PR imEAEE

I[E%S
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3@1&% 27653 1849 24 42 9.28 865.92
i

it

U‘\J,ﬁ;% 27688 1862 24 42 9.23 861.81
K

2 B PO T AN A I 1) S A gt
Table 2 Statistics on temporal distribution of train arrival

delays in the dataset

W s G/ SRR RN SRR F

e .
min el i H /% K/min K/min
[0,4] 264 649 17.24
[5,9] 33713 220

[10,29] 13 526 0.88

3.23 1.94

[30,59] 1806 0.12
=60 293 0.02

NI 1220930 79.54
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NI UEFTHE GLCP-TADP BRI A &M, RAILITE
FELRBIRIATXT L

(DBN: Z1 i A% 5[] 554 5 28 1 Ak e R B 7Y
AR R G T RRAE DA T B T, AR X B 8 25 [
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f MAE{; T LSTM. MLP, {HRMSE FlMSE ¥ H A
[FVERE, XFRIII 25 Gk SR Ltk B4 A B T4 T+
W S AT RE, BOUE T A SO 5 T Bk

5 LSTM. MLP., CLF-Net. BN-STGCN #{ It ,
GLCP-TADP 7£ 3 Hit4g by ¥R Bm . Flun, T
LSTM, GLCP-TADP ) MAE. RMSE. MSE 43 5l &K
28.8%. 19.3%. 33.1%; & F B 25 & J5 3% BN-
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Table 3 Performance comparison of GLCP-TADP and
baseline models on the dataset

(e Ay /min A/ min A, /min
BN 11.56 12.34 241.11
DBN 4.84 5.87 45.09
MLP 1.21 2.75 8.92
LSTM 1.25 2.90 10.48
CLF-Net 1.19 2.82 9.50
BN-STGCN 0.95 2.56 7.87
GLCP-TADP 0.89 2.34 7.01
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2.6.1  FEEIIPUHI A RS UE

R 56 UE GLCP-TADP #5551 w3 72 1 L A4 4 2ok
ASCITJ T IH AR, B B R AR v ) 4 Jm v 7 A
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GLCP-TADP Hr i 5 Sy ML A S5t He an 2k 4 Fe
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A EAE A AR S H bl ARG R A G E B,
S S P s s SCI B I e AE B 25 R A
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Table 4 Effectiveness comparison of attention mechanisms
in GLCP-TADP

F T Ay, z/min A/ Min Ajysp/min®
GLCP-TADP-NoAttention 1.16 2.80 9.50
GLCP-TADP 0.90 2.35 7.01
IRZEREARR 22.41% 16.07% 26.21%
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Train arrival delay prediction based on global-local collaborative perception
ZHOU Jingxiang', DAI Tingting', HUANG Yanwen’, LIU Qiao'

(1. School of Computer Science and Engineering, University of Electronic Science and Technology of China,
Chengdu, Sichuan 611731, China; 2. Shenzhen Institute for Advanced Study, University of Electronic Science
and Technology of China, Shenzhen, Guangdong 518110, China)

Abstract: Train arrival delay prediction, as a key capability of intelligent railway systems, is crucial for ensuring transport efficien-
cy and safety. As train operation is influenced by multi-source heterogeneous disturbances, arrival delays propagate, exhibiting complex
cross-temporal and spatial dependencies, which makes high-precision prediction of arrival delays at downstream stations significantly
challenging. Existing methods model either global delay propagation trends along paths or local causal relationships. The lack of global-
local synergy limits prediction performance of both groups. This paper proposes a global-local collaborative perception method for train
arrival delay prediction (GLCP-TADP) based on an encoder-decoder architecture. The local encoder that combines a convolutional neu-
ral network with a recurrent neural network captures fine-grained propagation features between adjacent stations. The global encoder in-
troduces an attention mechanism guided by the target prediction station to dynamically aggregate spatiotemporal propagation states relat-
ed to the current prediction from historical sequences, achieving selective perception of key propagation paths. Within a multi-task learn-
ing optimization framework, local delay errors are used as auxiliary supervision signals to guide model learning and enhance consistency
with local spatiotemporal propagation relationships. Experimental results on datasets from operational railways show that GLCP-TADP
outperforms mainstream baseline models on indictors including mean absolute error (MAE) and root mean square error (RMSE). Abla-
tion experiments further verifies the effectiveness of the attention mechanism and the local supervision strategy in improving the perfor-
mance of train arrival delay estimation.

Keywords: train arrival delay prediction; temporal-spatial prediction; convolutional neural network (CNN); long short-term

memory (LSTM); attention mechanism; multi-task learning
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