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Traffic flow prediction based on graph convolutional neural network
ZHU Kaili, ZHU Hailong, LIU Jingyu, SHI Yeqiong, WANG Huan
('School of Computer Science and Information Engineering, Harbin Normal University, Harbin 150025, China)

[ Abstract] Traffic prediction has important significance and application in intelligent transportation. This paper proposes a graph
convolutional neural network for traffic prediction. It uses graph convolution to model urban road network, and uses GCN to capture

the topology of the graph to process the time and space traffic prediction mission. Applying the method to the real data set, the
prediction of vehicle traffic and the prediction of vehicle speed show that the method is better than other current prediction methods.
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Fig. 1 Convolution structure
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Fig. 2 Overall structure of convolutional neural network

2 ZWERSHH

R T BRI AR SRR A B, A SCHE B S ELSE )
KA IR TS0 4 I X A 3 R AR A AR AR (1 B
ASEL 3 i % H S LA S A R AT A M, 3
UEIZA A (R AT AT
2.1 HIEENA

Al T - GCN A AU 7E 52 by 5 85 48 (SZ - taxi
dataset) I WU P RESS , RIS 42 50l A
Ko FEARIURMESE PR RTEE T, S50 T 28
VR A G B



170 o ®m M5 MM

9%

BAE SZ—taxi M 20154E1 H 1 HE 1 H 31
HERYIN L EHGE . PP X 156 2% F 25 I AE
RIS XK, S50 B B B R Ay — S — A
156 = 156 11 4B 4240 1, i i 1 18 i = 0] 19 =5 1] ¢
R ATROR—SRIA R FE R A R T B ]
(TR 5 9 — AN AR IR ARG , il T AR TE I 1
LR R A AR AL AT IR — A0, B —FEA
B Bl i b 3SR B, B 15 min THE— R A
vl S ST
22 EWBSHIEE

ARLHET Tensorflow HEZLSZEL GCN AL | F2 %L
WA SH A K BR)Z ORI 2R i, 3L
P 2 B8R AS [ e 00 225 SR ) o AT AR S 5
N, 308 3 ST 565 AN DT R B 2 BOR s U AL, 24t
HHRNA 64 VNI R 1000, R Z %50k 32 1
iR A
2.3 EHEFX

AR3CH GON FEHILE S—taxi BUR4E AT,
5 LU W IIEIAT T K

ARIMA ; F A5 30 2l . 4 W00 21 7y Bisf [
FE AL A R 2 B S0 A Sk 1 28 38 Kt

HA . D7 A 0 52 283 15 B AE i A
U A Sk 114 22 300 H5 B

LSTM : KJGHHEAZM S, fistsl ] H AT i
A R — A REIR Y RNN AR

AR F O 35 4 R 22 (MAE) | ¥ 7 % 2%
(RMSE) FERAPE (ACC) 3 A TEA 48 b ok 56 A Y
(RMSE \MAE #2147 0 2 95 00 152 2 149, 50(EL i
FR IR AL | BE /N F R TN R s
BRI R VR B2 ) . BRI AR

1 n N
MAE =—Y |x, - x|, (7)
n ;=i
1 n N 2
RMSE = [—Y, (v, —x,) 7%, (8)
n ;=i
-x|| F
acc=1 - lx=xlF (9)
x| F

24 LBERRSH

¥ GOCN BB S—taxi BdlafE EaEATII% 5
3AEEMEDT IR IEAT T B A SO B BUE AR 1Y
8090 A I 208 HE B A, 209% A5 I3 K s 4R
A

Sl PN IR RS AR 1, R LA
ARG R TR AY T 1 B R RERE ) BN 2L, B

o s S RS A BOHE A AR K 22 1), GCN 1Y
RMSE \MAE [t ARIMA ({E AKX, ACC & T 47.
84% ; GCN f) RMSE \MAE . HA $0{E A%, ACC #2755
T 22.59% ; GCN ) RMSE \MAE . LSTM #{H 1%,
ACC #2151 12.07%

F1 TEFEELRE S-taxi_FHMEELE

Tab. 1  Performance comparison of different methods on the
dataset S—taxi
Model RMSE MAE ACC
ARIMA 18.212 3 16.219 2 0.428 2
HA 17.919 8 15.496 9 0.680 7
LSTM 20.321 8 19.291 0 0.7859
GCN 154120 13.700 9 0.906 6
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Fig. 3 GCN prediction results
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