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Spatio-temporal traffic flow prediction method based on data
encoding and decoding

LONG Baichao, GUAN Weisheng, XIAO Jianli
(School of Optical—Electrical and Computer Engineering, University of Shanghai for Science and
Technology, Shanghai 200093, China)

Abstract: A prediction method based on a time series prediction model combined with a data encoding
and decoding mechanism was proposed for the situation that the topological information of the road
network is incomplete, and it is not possible to realize the spatio-temporal traffic flow prediction. The
chain structure of road network information was obtained by encoding the traffic flow data of road
sections in the network, so as to obtain the topological information in the road network structure. The
traffic flow prediction of the chain structure was carried out by the time series model. The extraction of
the temporal features of the chain structure was completed. Finally, the spatio-temporal traffic flow
prediction results of the road network were obtained by the decoding method. Different road networks
and their GPS data were selected for comparison experiments. The spatio-temporal traffic flow
prediction method of data encoding and decoding was introduced for comparison with the time series
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model and the baseline models of HA and ARIMA. The experimental results show that the performance

of the deep learning model is significantly improved after the data encoding and decoding mechanism is

introduced. The performance of the deep learning model with this mechanism is superior to that of the

baseline model. The proposed method can achieve spatio-temporal traffic flow prediction only using a

simple time series deep network combined with the data encoding and decoding mechanism.

Keywords: intelligent transportation systems; traffic flow forecasting; data encoding and decoding;

time series model; deep learning
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Fig.1 Flow chart of the spatio-temporal traffic flow
prediction method based on data encoding and
decoding

(ST, SISO P BT 28 RIRHE R X, it
FRE B IO ) 1 2 AR 1 B A S BEAR A 4 5 e 2
1 J B9 500 i A P P A TR v R B ) Y I (] R
fE, 13BN GBI ALY 5 o A B A i 15 2
% 0 PP B B SR AR Y o R 1 ARSI B

x1 HSHA
Tab.1 Symbol description

(=2 PSR
M 6% X A B BB A
N FRF 1] 39 K
R H B A

SR 2 j i B AR
nfit 22 pg B B R B 1)
BN 2R )

xij(i=1,2,-+- ,N; j=1,2,--- M)
Xy = [Xn1 X2 -+ ng]T(n: 1,2,---,N)

xr/n =[X1m Xom -+ XNml(m=1,2,--- M)

X =[x x - xy] =[x} x5 - xp,]" I P i A

R=[f1 8 By =6, £ o X1 IR R A AR
P=[id21=0, 51 I PP A
Y=[yiya.] =0y, y1" S R e S

2 EEMENEIER SR

T [ A8 3 YL B S UL A R TR R A A,
T AR A 3E I G B ) AR AR A Ol . B BB AT
ZRFERILR, MEdgibs, BRERSE. K2
by B S5 R 0 — A 1)

& 2 HECT g S ORI B A FR . LUK B 5 A it
P Fg s B B SR B R IR AR B, BRI B A
B 2 fron.,

Hep, BB SHE )2, B 13, 16, 17,
6, 14N 12, BB 2, 11, 1, 7, 19, 8, 9,
18, 15, 3 N 2)2. 4 1 2B S5 0 2/
DSBS, 552 )ZMEBOE S | ZKES
550 ZHA4B . O BB 5 K R 2 TR
i A 3 R .

)R Z AT S S oA B, IFH
LA 28 [ OC 2 o LA 6 D0 o A 540 1) 4 B
BEANE .

B WENBPIKE NPILGE, 2R
HuL BB, ARSI DT RO K, 4 i=1;

HE2 4 L=0, j=1, KECH L Z0BBE W, ;

B3 W LZTA BB U A X



TR, A5 TSN G T A 2 e O T 7 123

%24

11 12

1 2 3 4
13 14 15

5 6

16 17 18

7 8 9 10
19 20

B2 ISR
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Fig.3 Hierarchical traversal of road network
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Tab.3 Experimental results comparison of deep learning
models introducing codec mechanisms in road
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Fig. 7 Road network 1 center section forecast results
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Fig. 8 Road network 2 center section forecast results
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