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Abstract

With the rapid growth of the national economy, people’s living standards are improving day by
day, and the number of private cars is increasing, leading to a series of traffic congestion problems
and accidents in cities. Therefore, it is essential for urban traffic monitoring, navigation, route
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planning, and ride sharing to perceive the travel time of a given urban path. Previous methods al-
ways perceived the travel time of a single path, and then summed them as the travel time of the
whole path. We propose a spatial-temporal-based deep learning framework to perceive the travel
time of the entire path. More specifically, we use this convolutional neural network to capture
both temporal and spatial dependencies. Since there are also some impact factors (such as weath-
er, time, driver, etc.) that affect the travel time, we have added an impact factor module to pre-
process the data. Extensive experiments have shown that our proposed model is significantly
outperforming other known models.
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Figure 4. Multilayer residual structure
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Table 1. Performance comparison of different approaches on the Beijing Dataset

= 1. EREBEE L TRSAR M REEL R

Model MAE(s) RMSE(s)
LSTM 465.358 593.512
GCN 324.549 437.684
STGCN 320.455 406.843
ASTGCN 280.698 350.428
DeepTTE 198.358 232.194
DeepSTIF 159.984 201.358

DOI: 10.12677/csa.2023.133036 385 THEAURF 5 R


https://doi.org/10.12677/csa.2023.133036

XIPH &

A LSTM JPEEAT A, iRZEROR, A AN . GON 20 I P8 I8 28 5 2% [R] X 3 b 145 =
BEAT IR AN LLIRAF BT RFIE R 7R . GON [RBHTRS FE 2.3 & T LSTM, {H 7E AL R A4 I W 1 Hidie 2 1)
IR RAH G, SPECERIR A R A, T-GCN # EIB R M2 T3 A 5 o8 8] STGCN H, JHfs 4l
BRAGE R RA AR, X AV B IS HOEAT R IZR. TR, STGCN i id % 22 RUBE A8 W 2% 3t
ATERME, AR T ATA SO, HAR RSN A LT T-GCNo ASTGCN H = A~ 3= BT 41 4
PR, BT T A B AR . XX =N B AT INBCRTRL G, DA AR iR A R A R
R T AHT ) GCN #5854, DeepTTE & — i B 1) /735, B [R5 R 1 Ik (] A0 2% [ A1k, 7
fetl GON I8 2 . feJa, MARSE SRR, FA1H) DeepSTIF B FAT T HARAIRL 1] 5 BoRn T aeinst 3.

MAE(s)
500
450
400
350
300
250
200
150
100
50
0
MAE(s)
uL.STM s GCN = STGCN =ASTGCN 1 DeepTTE = DeepSTIF
RMSE(s)

600
500
400
300
200

) . I
0

RMSE(s)

BLSTM 8GCN uSTGCN = ASTGCN #DeepTTE mDeepSTIF

Figure 5. Experimental results of different evaluation indicators
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