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PG R — DS BB R P01 K a5 2t [l
RRERY T T — AT 2 A s 1 1] 5 o ke 93
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Aok B8 RGO, BEJE B TRl
I AT WA | e ) Jeoff k- GBI 3% (k-nea-
rest neighbors , KNN) Jij F 53¢ 3 Ji & , 28 J& {f F D
IS4 e T 3 1) A S R 1) B HL (support vector ma-
chines,SVM) "' HEA PR ST, LAY AT LLASTALL S
02 2% ST ARFAIE , (EXF AR 2 A R fiE A 4l 42 RE 0 A
R, JJUAR IR ) FE i Pe AR et A AR e i s
ARG R Tz KT, AR B MR 2 2T 5 A
) 2 38 T 451, AR E 38 {7 X 4% ( deep belief net-
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FR (R TC T R AE I TR 4R R A HROBEOC R
I AR SCRIF S T T I ] 51 0 A0 B A 2 ) 2%
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SR TR] 7 71 5040 o T AR R B IRFFP . HL RNN 72
i) 2 I o Y B T 91 2 e B8 R K ) 1 B0, T Ik
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ry, LSTM) "' R T 4546 #R BT ( gate recurrent unit,
GRU) """ FRefi vk R m R, Sk 19 1R K J
I AL I 28 ok Xof S 18 R AT T, SR 1 RNN A3
RUBEET R ) L, GRU AHXE T LSTM XA 2 4>
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S PAHERR T B I AR | 38 23 52 3]
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AN A J1 . SSE T 3BT 55 A
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3 FBINAE SR

3.1 ZWINEMHE

SR ML Pytorch, SR GPU fin i i Il 25 07
5, BRI T AT T AR [ J] LI B 10 52 e R A A
ORI DG-GRU ALA Y Foml v e, $di 3t 3
AFRTULAL : (1)309 x 309 ILRIEAEFE A, KAk
FEBCZ 2SR DG FR 5 (2) 10 53251 % B 1Y 3 B2 47|
X = (X,,X,,,X,) X € R™, iC3A& N 15 min;
(3) A& B E R AR K = (K,
Ky, ,K;) K e R, [FIBP¥ BT A B 647 0 — 1k
ERAE LR m A (I S B2, v 80% BRI
YRR ,20% MBS VE D INALR . SCIR T T Ak 15
min 30 min F1 45 min 3 /s (] B 4 38 18
3.2 iFMriEER

h T H B Al DG-DRU #4110 4 g
SR 5 A F U A PEA T s e i AR S A8 T R
T v, Z MIE 20 AAELLT 5 8RR,

(1) HIriz2E (RMSE)

i
Y,

t

RMSE = ./(Y, - ¥,)* (10)
(2) F4a5tis 2 (MAE)
MAE:%Z;I Y, - Y, (11)
(3) *EHHE (Accuracy)

_ Y-y,
Accuracy =1 v, (12)
(4) WA E(R2)

Y, - V,)?

R =1- Zi:l( ¢ _'> (13)

Zizl(yl - Yt)z
(5) f#REJT 25040 ( Var)
Var =1 - Var{Y} (14)

b RMSE #Il MAE {038 Y, Il Y, 2 (] EL 9210 2,
BUE N A RBIRI TN 8 ) 84T ; Accuracy £ {H
K ACTR TG B M v s R Var 2 FH ke iy 12 13 )
EAR R B SA M AR ST , BUE R, U A7 700 B
g
3.3 RESHEIGIT

DG-GRU # AU 280 = ZALH5 2% ) R b5 K
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AN IINERIREL GAT 23k 1H 5 J1 k4L Dense-GAT J2
AR GRU BRITRRHZ A8t Ry i DA I 84
BREE W5 2f ) R 0,001, B R/l 32, Y14
WHLCH 3000 K, AEARLEEF Xavier #I G S5
B, M0 Adam IRALER R S8, BRI Zhad FE v,
T 18 2 Ui/ PO 1 L ST S R B 2 ] (1 2, AR
SCREH 3 TR PR

loss =11 Y, =Y, 11 +AL,, (15)
Ho Y, FORSEBRIGAS I | Y, AR Y
A, A (15) AT —IUH T P Z AR 2 I T
—TUE L, IEWME, A ARTIIZS4, 8t Wik
PR 1 75 b AR ] DT A R 0 4 i, 450 % pR BB
B/ RS TR0 1 R R
3.4 ZWRERSERMEESHT

PSR AR S BRI T 1 Al LA

s, Hop 46 GAT £23k7# 2 113K %0 . Dense-GAT

JEHL e GRU BTz M B L . S AR A e AR T3
DAL | 308 2k %k =3 R AT 38 SUIRIE SR i — 2B 43 17 52
Y75 MIESE Dense-GAT )25 P I, U £ 3k
S BORT B 2 50 R LR A 0 T 1 A Akt
P PRI SR B AR A, GAT Z 3k = 10k
B BIBEN[2,3,4,5,6 ], KU 2R T B0 (10 1% 1k 4
BH[8,16,32,64,100], WAl 8 FiR, 2 GAT £k
T 71 Sk BORT B 98 PR 70 85 iR BT 1 B, DG-
GRU FEARI T M i S 4t e J5 B AIK . 49 A7 & AR 7Y
Xt GRU B B e et B UK, 72 S5 ks
I R AR 2 B2 R R 64 2 ST
180 R 3 BF, RMSE B f AL, BIVRSE AL F0 000 4R 5
U, ARIRIH GAT %5 42 1% 4 J22 5O 00 RS B b, 25 7
A, A LSS5 R IR, Y Dense-GAT JZ2 5%
4 3 B} DG-GRU ALK S F5 A F I M i, 107 AS W7 34
MEHSSBSHEL L IR RN SE8GTIA
MG WA %

I IEAS SC I S B B 5 AN SLER AR AR E T T
S X LG, £ 3% ARIMA . GCN | GAT ., Dense-GAT .
GRU, H:H Dense-GAT =AY & JZ%0Hh 3 2155
AEPERE, 1.2 A3 20l s T & BORLTE ROk
15 min 30 min 145 min B APEREFE bR, Hofr « 4T
FREER/N, 2 AT NFAG A LI R E 1 %
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RMSE

RMSE
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6.0

ES St wib )
(a) P=1

5.8 1

5.6

5.4 A

5.2 1
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4.8

E2REN-VaP S
(c) P=3

6.6

6.3

6.0

5.7 A

RMSE

5.4 A

5.1 1

-0-32
—A—64
“¥-100

4.8

4
EDSEN-VIDY (|

(b) P=2

S5

6.0

5.8 1

5.6 1

RMSE

5.4 A

5.2 1

5.0

8 ZLFEBENFREBENZXKIE

EDSEN-VIDY (|
(d) P=4

%1 DG-GRU FAELZLERIFT R K 15 min 3@ RR TN L R

mHE PEREFEAR ARIMA GCN GAT Dense-GAT GRU DG-GRU
RMSE ~ 10.9100 9.5600  9.4100 6.900 0 5.7700  4.9500
MAE 8.6200 7.6400  7.5200 5.3100 4.1300  3.7000
15min  Accuracy  0.4622 0.6419  0.6480 0.7426 0.7862  0.8164
R * 0.4240  0.4510 0.509 1 0.6483  0.7292
Var * 0.4300  0.4530 0.533 1 0.6680 0.7345

%2 DG-GRU FIEZAZBEIRt kK 30 min ZZWARR TN E R
B MERETEFR  ARIMA GCN GAT Dense-GAT GRU DG-GRU
RMSE ~ 11.0900 9.5600  9.4300 7.0000 5.9700  5.7200
MAE 8.7500 7.6500  7.6000 5.3900 4.4600  4.3700
30 min  Accuracy  0.4531 0.6417  0.6461 0.7392 0.7793  0.7982
R * 0.3930  0.4430 0.4770 0.6201  0.6449
Var * 0.3980  0.4460 0.4826 0.6351  0.6536
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%3 DG-GRU FAEZLERI3T K3k 45 min ZE KRR TN R

Fisf i) PEREFEAE  ARIMA GCN GAT Dense-GAT GRU DG-GRU
RMSE ~ 11.2100 9.5700  9.4800 7.4100 7.3300  6.0200

MAE 8.9600 7.6500  7.6200 5.9200 5.3300  4.5800

45 min  Accuracy  0.4512 0.6415  0.6422 0.7219 0.7285  0.7874
R2 * 0.3810 0.4410 0.5065 0.4626  0.6020

Var 5 0.3850  0.4430 0.6013 0.4925  0.6202

F 3 A B T EF , DG-GRU 7 BIr A WAl 36 b
HER O T AR R SIE B DG-GRU 78 32 18 Fi AT 55
A R

XF SR S5 AT R ILLL T LA,

(1) ZMFFESEIEE T . 5 2% R a0
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Urban traffic prediction based on densely connected
spatial-temporal graph attention network of GRU

GUO Haifeng” , XU Hongwei ™ , ZHOU Zisheng™
( " Institute of Cybersecurity, Zhejiang University of Technology, Hangzhou 310014 )
( ™ College of Information Engineering, Zhejiang University of Technology, Hangzhou 310023 )
Abstract

Due to the complexity topology of urban traffic network, the real-time change of traffic flow and external envi-
ronmental factors, there are huge difficulties in traffic prediction. In view of the inadequacy of existing methods in
mining the spatio-temporal features of road network and the insufficient consideration of external factors, a spatial-
temporal network of dense graph attention network based on gated recurrent unit (GRU) (DG-GRU) is proposed.
The function of gated recurrent unit is used to capture the dynamic changes of road network data. Densely connect-
ed graph attention network ( GAT) is used to extract the complex spatial structure characteristics of the road net-
work. They can establish the dependence of urban traffic network data on time and space. Considering the influ-
ence of external factors, the one-hot encoding is used to model the traffic events that occur in urban sections to en-
hance the information attributes of transportation network. Taking Shenhua Road and its surrounding sections in
Hangzhou as an example to verify the predictive ability and feasibility of the network. The experimental results il-
lustrate that the prediction accuracy of the method is up to 81.64% . Compared with traditional mathematical model
and mainstream neural network model, the prediction accuracy of DG-GRU is 35.42% higher than that of ARIMA.
Compared with graph attention network (GAT) and GRU neural networks, its prediction accuracy is improved by
17.45% and 3.02% , respectively. Experimental results show that the model in this paper can adapt to complex
traffic flow and carry out long-term traffic forecasting tasks. Meanwhile, it can enhance traffic management ability
and reduce the costs traffic congestion.

Key words : traffic prediction, spatio-temporal features, neural network , gated recurrent unit (GRU) , dense-

ly connected, graph attention network ( GAT)
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