Advances in Applied Mathematics BZFI$2:HERE, 2025, 14(2), 25-33 Hans X
Published Online February 2025 in Hans. https://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2025.142048

ETDGCNRY3Z @R E T

KA, AR, HILR”
LA R RO, HR 22
AR T EHHOR B RSS Frt, Tl 22

Weks H . 202541120 FHBER: 20254F2H6H; KA H: 202542 13H

wm B

BRSBTS B G S EXEE. BT BRENEREAIERRML, SRR
JTTEA R PR YIS ER, SR T BRI T REE . XERMA T — MRS
SRER—EhS BRI 4% (D GCN) SRAFR RS I8 GO H Bt 18] 5 T ) R - BAT T80 5 P s AR B AR A
HETT, TRER ERERE, ZME5INBEMERINZRME, FT BENRSIER N EERE.
SLH R, BRATKERDGONS MR 72 m FIR AR, AR B BEES LI &R T Rkt
1L

XA
RERET, ZHEEBRML

Traffic Flow Forecasting Based on Dynamic
Graph Convolution Network

Qiuyue Zhang!, Zhongrong Zhang!*, Qibin Zhang?*

1School of Mathematics and Physics, Lanzhou Jiaotong University, Lanzhou Gansu
2Gansu Provincial Department of Science and Technology High-Tech Entrepreneurship Service Center, Lanzhou
Gansu

Received: Jan. 12, 2025; accepted: Feb. 6%, 2025; published: Feb. 13, 2025

Abstract

Timely and accurate traffic forecasting is very important for urban traffic control and guidance. Due
to the complexity and non-stationary changes of traffic data, traditional forecasting methods can
not meet the requirements of medium and long-term forecasting tasks and often ignore the temporal
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and spatial dependence of traffic flow. In this paper, a new deep learning framework—Dynamic
Graph Convolution Network (DGCN), is adopted to solve the problem of time series prediction in the
traffic field. We don’t use the conventional convolution and circulation unit, but express the prob-
lem on the graph. The network introduces the potential network to extract the spatio-temporal fea-
tures and is used to adaptively construct the dynamic road network graph matrix. Experiments
show that our model DGCN effectively captures the comprehensive spatial-temporal correlation
and is always superior to the most advanced baseline on various real traffic data sets.
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Figure 1. Figure G example

1. B G =l

FESKBR I R P, SRR R UK O {5, DALl 5 AR i R O A R AT fi B
2 heg i T G AT ESEREAEERR, W LA BT 1A B AR B M2 I XM ZOARIN, B A = A

vV, vV, v
v, 0 1 1 1 1
v 1 0 1 0

0
0

1 0] 1 011
1 0] 0 110

Figure 2. Adjacency matrix of graph G
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Figure 3. Neural network operation process
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Table 1. Activation function
1 BUERRH

R FisA R
Sigmoid o(x)= 1+le - S5 E RN 0TRSO, 1) A1
Tanh tanh(x) = Ez ;Eii {EITEH (-1, 1)
x if x>0 N o
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Figure 4. Spatial graph convolution and temporal graph convolution
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Figure 5. The proposed DGCN based on spatial-temporal unit, where ®
is the Hadamard product
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Table 2. Effect of different methods on traffic flow prediction on data sets
= 2. FEIFEERES LRRBRE TR

PEMSD4 PEMSDS8
Method
MAE RMSE MAE RMSE
ARIMA 31.26 47.30 24.86 37.58
AGCRN 26.12 38.76 20.13 30.14
DGCN 20.10 32.31 15.20 24.83
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Different Forecasting Time

Figure 6. Results of AGCRN and DGCN for different forecasting times
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