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Expressway Traffic Flow Prediction Based on Data from Multiple Related Toll Stations
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(1.School of Transportation, Fujian University of Technology, Fuzhou, Fujian 350118, China;

2.School of Transportation Engineering, Tongji University, Shanghai 201804, China)

Absrtact: The strong inter-economic connection makes a spatial correlation between traffic data from multiple
related toll stations between urban cluster regions, and an accurate description of this connection can improve
the accuracy of expressway traffic flow prediction. However, due to many uncertainties, the correlation is
difficult to be captured and quantified. To solve this problem, an ATGCN-ResGRU deep learning-based
expressway traffic flow prediction method was proposed. By combining attention mechanisms, three graph
convolutional networks (GCN) topological networks with high, medium, and low attention levels were
constructed, and spatial learning data was obtained according to the weighted attention level of each network.
The connection of multiple related toll stations was quantified and graded. At the same time, to avoid the over-
smoothing problem, two gated recurrent unit (GRU) modules were connected by residuals to enhance the
algorithm's ability to capture time regularity. Finally, a feature fusion layer and a fully connected layer were
used to output the predicted values. This algorithm was used to predict the traffic flow at a expressway toll
station in Guangdong Province, and the experimental results show that the method proposed in this paper can
effectively improve the prediction accuracy. Compared with the classical models of diverse ensemble CNN-
LSTM, CNN-BiLSTM, and DL-SVR, the mean absolute error (E,,,;) is reduced by 7.95, 4.52, and 12.88,
and the root means square error ( Ey,,;) is reduced by 12.03, 6.12, and 19.05.
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Figure 1 Structure of ATGCN-ResGRU deep

learning-based prediction model
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Figure 4 Road network within research area

5 o N I B v ) BT C Wi 2% B0 B N TR 3%
B A S5 6, A5 A B S il O R R R
BT E,BEI9H 1THEI10H 15H
P 2L 45 d K AR iR B s, TAE A 28 d, I
EF‘%ﬂgx H 17 d, AR w] A [E] B R 15 min, % 18 &

S A AE TAE H MR H AR e — o 2 71k
ﬂlZIKIXTTﬁE H 045 B 53 5 3 47 1 2k ,%QW%
D7 e = I a1 P SN T I i 7 71 v L [
K10 A 14 H(TAEH)RI10 A 15 H (58 H ) i % e
YE R IRAE AR VR I 2R 4R D 537 i 1
2.2 EELTMIERR

R B ULV A ST 1 B30 0T e R [ A8 3 I i
T A o A L o BRSP4 X 5 227 (Meean Absolute
Error, Evar) 1% 24" (Root Mean Square Error,
Erwse) I KA X (Max Relative Entropy, Evice)

JUASFE AR VAl AS SC I A A5 20 P8 E
1

Fuw = T,

ERMSE_A/;zi\Vl[Yprm(l‘) erm(f)]z (13)

Yy ()= Yo ()] (12)

1 Ypred ( 14 )

LXOW
Nz":l yea (2)

Y
itl:'j : eral([)ﬂ‘jfj_:‘ ZHTJ‘ZUE‘JX@(}ILE%B@{E? Ypred([)

Yy (7) (14)

Evre =

R AE ¢ s Za] (4 AR SCRE TR S 5 N R A

2.3 fH ATGCN 2 X 75 il 4 BE H9 %2
VA A SCHT R B9 ATGON a1k 23 ()5 B 42 Bt

TR K R /A % A 3 9 T 1 BB P s ) L i FH AT GON AR

B FI ResGRU A B 2H & ) 2% (DL T il 7 ATGCN-

ResGRU) 5 £ 48 GCON £52 5 Fll ResGRU #£52 7 f) 4 &

W 2% (LT i fk GCN-ResGRU ) %f A2 38 78 Uk 47 i |
If il At 2.2 Fr e 5 bR 6 3 W TI 4 S AT HE R

A BT A R 2 4 8 B tensorflow A4 &, {fT A
SGDM fE o #5580 Ak 25 DL 3 2 850, 15 B A A0 3% AR
()2 2] S BN 0.01, BB B 2 AR 50 I, %1%
20K L B SUREARE T RS Y . GON BB K
ANR3X 3. ISR 4E A £ 1 h Sl i fs B, %
A2k 15 min B 388 A5 BaE A7 00 .

[A] e T % A8 3l 3 AE 1 R H R T AR BB R 22
BB, *ﬁﬁlzﬁﬂwﬁf’i‘\ﬁj\tﬂﬁlf’ﬁﬁﬁwﬁﬁ L]
WLt SRS EHATRE. FEWERHEMT/ER ST,
ATGCN-ResGRU 1;% R Pk BE P b GCN-ResGRU
B B, e AN 8 5.6 s, BARFE AR 1
Ji7R o

600
500
g 400+
%= 300 F
200+

100 [

0 \\.z,. & A
00:00 04:00 08: 00 12: 00 16: 00 20: 00 24 00
]

5 TEEMMERITLE
Figure 5 Comparison of prediction results on weekdays
500
400 -
300 -

200 -

22 3 ¥ /4

100 -

o Lroodd
00:00 04:00 08:00 12:00 16500 20:00 2400
fif Z)

6 TREBMUERIL

Figure 6 Comparison of prediction results on holidays



FRIE, 4 - @RS % A8 KM 3k b 208 69 & ik 95 ST I TR 207

®1 BMLERLE

Table 1 Comparison of prediction results

F2 HMERLE

Table 2 Comparison of prediction results

TAEH TR H

e8]
EMJ\E ERMSE EMRE E\d,\]i ERWSE E\/IRE

ATGCN-ResGRU  18.59 23.00 0.16 15.76 18.46 0.14
GCN-ResGRU 30.89  38.14 0.22 2474 30.25 0.15

24 5ZHAEEHNMRELER

B A SR 9 ATGCN-ResGRU #5815 H fih 28
MR LY A, DAUE B A SCRE TR 8 500 A R0 . AR S
VE 48 MU B 2 o R R L 0 AR Y & e 4 AR
CNN-LSTM"™' [CNN-BiLSTM'"" \DL-SVR" /35
XFAT AR H ORI T AR B 223 B 2R A7 1O, AR 2.2 BF
VEAE AR AT He B . U E B AR SO R A S 4
B TR Ll YRR B AT A TR . AR A R A 7 8 T
N, BRI 2 0

600 AL
—~— ATGCN-ResGRU
o~ ZJu4EM CNN-LSTM
500 ¢ Y ~—CNN-BIiLSTM
- '\p ~DL-SVR
£ 400 PR ;
i)
2300
iz
200
100 , :
0 I I I I I o4
00:00 04:00 08:00 12:00 16:00 20:00 24:00
if %1

7 TERWMERXTEE

Figure 7 Comparison of prediction results on weekdays
5007
400} W, I
SJFAKl ~~ATGCN-ResGRU
g R\ R £ T64E I CNN-LSTM
mE 300 | W - CNN-BiLSTM
ES ¥ h \ —DL-SVR
= 200 ‘
)
100

RAVY
0 A 1 1 1 1 1
00:00 04:00 08:00 12:00 16:00 20:00 24:00
fif Z1

E8 TREMMERIL
Figure 8 Comparison of prediction results on holidays
MRAE I 7 .8 T 2 Lol LAAR I - AR SO 4t Ay
ATGCN-ResGRU B, AL BE 48 S i i 5 s )
0] IR A5 L, B3 2o v 2 AL A GON I 4% 1) 45
A, R DX A AN ] 52 e B2 ) A Bt 1R A Rl 23 9 A
W, £ 4 B CNN-LSTM 4 £ il CNN-BILSTM

TAEH TR H

iRy

EM.’—\E ERMSE EMRE EMAE ERMSF. EMRE

ATGCN-ResGRU 1847 2296 0.16 15.76 18.46 0.14

E v 1%
CNN-LSTM

26.42 3499 0.22 24.09 28.19 0.23

CNN-BILSTM 22,99 29.08 0.18 22.27 27.62 0.19

DL-SVR 31.35 42.01 0.20 39.28 48.12 0.24

AR B AR B X A3 () G R PR i AT % 08 H T 4 Y
CNIN A 0 #60 X6F 3 [ I 2 1) £ J2 42 BBOAS 08 1, DALkt
TG ¥ o T 45 BT 6 {75 8., CNIN-BILS T M 5 A {8 F XL
T 4 7 Fof AR B T R R e DA S A B R R
AT — B TE AR 3 6 A AR 0 2 il 11 5 i 2
AN R T B A T R R G X6 S 3 I 4 5 ) T R
25 BTIRS BE A1 L . DL-SVR A RS I A 4b
AR 26 1 B A RS LR A TR R (A A R S A
T ZEF A . IR TE TR H L E TAEH P, AR
JIF 4 9 ATGCN-ResGRU 5 v: #8 B A B4 (1 151 0]
K BE L UE AN TS YN ZRAE AR R/, 25 SC T $ A5 RKG JiE 1
e F 4 B R

3 4%

AR SO 8 — ol 2 TR B8 2 > g 3 A B 52 3l
T AR R, 2 2 R BT S IR A 22 A G M Bl X 28
SRS U e NP A Uy S A S N E PR i
0y JZ O LR AT B AOCR il i Attention AL & 4>
A [ T T DA AR A A [A] B B A Wi 2t i [ A S K
b S DO R T S IR EPSN U B s
S5 AR W] A SCRT 4 B0 B Oy 12, 5 A% e I Oy vk
HALE , HEBH BE LA BT 32 T, n] LUA R0O6 8 T 2 7 O
i EAT T, S o 2N B A 4 AR R R A AL R A AR
[Fi) B A7 250 22 M o S > BT 3 OO, B — 2 19 S B
EHL

S & Uk

References:

[1] RUTKA G.Network traffic prediction using ARIMA and
neural networks models[J]. Elektronika IR Elektrotechnika,

2008(4):47-52.



208 ok oA % 2024 4
[2] XU D W,WANG Y D,JIA L M,et al.Real-time road traffic heterogeneous graph attention network for freeway traffic
state prediction based on ARIMA and Kalman filter[J]. speed prediction[J]. Journal of Ambient Intelligence and
Frontiers of Information Technology & Electronic Humanized Computing,2021:2021,10(3):1-12.
Engineering,2017,18(2): 287-302. [11] B oA B R 536 UK 5% 35 T GA-ELM (K PSR S 7L 1k
31 B AL JME, B0 B, 70 W 2,4 . B T FEEMD-SAPSO- WE R R TN [J]. T Ah 2 #6,2021,41(4):336-340.
BiLSTM 1 44 780 f) 5 B 38 38 35 T0000 [7]. B I 4 5 4% LU Youfu, FAN Zhentong, HAN Bing, et al. Prediction of
PR 2021,35(10):72-81. bonding performance of water-borne epoxy emulsified
YIN Lisheng, WEI Shuaikang, SUN Shuangchen, et al. asphalt based on GA-ELM[J].Journal of China & Foreign
Short-term traffic flow forecast based on FEEMD-SAPSO- Highway,2021,41(4):336-340.
BiLSTM combined model[J]. Journal of Electronic (12 SKWAE, B R A0, 55 2R T ARIMA 1 SVM BRI ) 5 7
Measurement and Instrumentation,2021,35(10):72-81. S T 0P T L A (). EP&I\Z\%’ZOZZAZQ):SZ-S&
[4] SUN P,BOUKERCHE A,TAO Y J.SSGRU:A novel hybrid ZHANG Lijuan, YANG Yuan,MEI Cheng,et al. Comparing
icti f hal fi
stacked GRU-based traffic volume prediction approach in predictions of asphalt pavement performance between
L ARIMA and SVM models[J].Journal of China & Foreign
a road network[J]. Computer Communications, 2020, 160:
Highway,2022,42(2):52-56.
502-511.
_ [13] 2542 A5 E BT B T IR 2 >0 A J I 2 5 Y TUIU [J]. 2
[5] DAI G W,MA C X, XU X C. Short-term traffic flow
o ) T #,2021,46(3):314-319.
prediction method for urban road sections based on
LI Ying, L1 Xiaoxia. Short-term traffic flow prediction
space-time analysis and GRU[J]. IEEE Access, 2019, 7:
based on deep learning[J]. Highway Engineering,2021,46
143025-143035.
(3):314-319.
[6] NIU K, CHENG C, CHANG J L, et al. Real-time taxi- . i
[14] ZHANG Y,XIN D R. A diverse ensemble deep learning
passenger prediction with L-CNN[J]. IEEE Transactions L
method for short-term traffic flow prediction based on
Vehicular Technology,2019,68(5):4122-4129. . . .
on vefieutat Tecnology, (%) spatiotemporal correlations[J]. IEEE Transactions on
ZHA B,YU Y H,QI Y. 1. Short- ffic fl . .
71 NG W B,YU »QL Vet al. Short-term traffic flow Intelligent Transportation Systems, 2022, 23(9): 16715-
prediction based on spatio-temporal analysis and CNN 16727
deep learning[J]. Transportmetrica A-Transport Science, [15] ZHUANG W Q, CAO Y B. Short-term traffic flow
2019,15(2):1688-1711. prediction based on CNN-BILSTM with multicomponent
[8] WANG X,AN K,TANG L,et al. Short term prediction of information[J]. Applied Sciences,2022,12(17):8714.
freeway exiting volume based on SVM and KNN[J]. [16] B A Lr A% 4580, 3 PH . ok S 455 v - [0 09T L A9 4 Tt 22 3
International Journal of Transportation Science and P WM [J]. 35038 5 R G TR 515 8.,2019,19(4):130-
Technology,2015,4(3):337-352. 134,148.
[91 HAN D X,CHEN J,SUN J.A parallel spatiotemporal deep FU Chenghong, YANG Shumin,ZHANG Yang. Promoted

[10]

learning network for highway traffic flow forecasting[J].
International Journal of Distributed Sensor Networks,
2019,15(2):155014771983279.

JIN C H, RUAN T, WU D X, et al. HetGAT: A

short-term traffic flow prediction model based on deep
learning and support vector regression[J]. Journal of
Transportation Systems

Technology,2019,19(4):130-134,148.

Engineering and Information



