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Traffic flow prediction based on STG-CRNN

GU Zhen-yu't, CHEN Cong', ZHENG lJia-jia®>, SUN Di-hua*

(1. School of Automation, Chongqing University, Chongqing 400044 , China; 2. School of Business Administration,
Chonggqing City Management College, Chongqing 401331, China)

Abstract: Aiming at the problem of insufficient characterization of road network spatial structure and inadequate
mining of traffic flow spatiotemporal characteristics in the traffic flow prediction model, a new type of directed
spatiotemporal graph is constructed. In which the spatial relationship between nodes are characterized by defining the
relative proximity, and the spatiotemporal relationship between nodes are characterized by learning the influence weights
of neighborhood nodes on the prediction node, so as to better express the temporal and spatial characteristics of traffic
flow. Taking spatiotemporal graphs as the input of the prediction model, graph convolution is used to obtain the spatial
dependence of traffic flow data, and the gated recurrent neural network is used to obtain the spatiotemporal dependence
of traffic flow data,
network (STG-CRNN) is established. The model prediction effect is verified on the U.S. highway traffic data set, and the
results show that the STG-CRNN model is better than the autoregressive moving average model, the gated recurrent unit

and a traffic flow based on the spatiotemporal graph convolution recurrent neural

model, and the diffusion convolutional recurrent neural network model in terms of the mean absolute error, root mean
square error, and mean absolute percentage error.
Keywords: traffic flow prediction; directed spatiotemporal graph; relative proximity; temporal and spatial

dependencies; graph convolutional network; recurrent neural network
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(epoch) F1GRU ¥ ¢ 7 { Bl A 28 7o /M 4. Horpr: 223
RYLE TR T A, i KN I Gt A
— AL BRI ZRRE AR A0, AR 28 56 F0 AT S0
R, 2 5] R E 9 0.001, BN B A 64 1
FIEARIR B R RE — DN G B E LR
WHG SR T R, 2 ARSI B M4 6,4
£ METR-LA Il 275 FIEAR 80 R IN 3 K fabria T4
5E, £ PEMS-BAY Il 2k 5 B4R &2 150 IR I 3 2 fk br
& A2, I I, 7F METR-LA 3045 4 0E 17 52 58 i, 12
RIREL B E 5 100, £ PEMS-BAY ¥ 48 HE 47 S2 56 1+
ERIRE E N 170.

H1 T GRU 5.0 9 1) Bl 22 e A R AR 1 22 i
ZI5 BT B B (1 /N, Bk B MR (1 TN RS i 5
M 3¢ K, T 3@ ik Xof B S 56 43 BT SR i GRU H 1) B
PR TEANH B 4R 13 B GRU B0 B b 48
TEANEUN (8, 16,32, 64, 100, 128 3K % B 43 H7 AN 7] %
ENOELEAVIWAE p an:0b- AR

Kl 7 oR 28 JGEUAE 64 I B, RMSE. MAPE,
MAE (18 552 />. Mt & 050N T 64 1, 1 RE 6 b B
5 BB O H I3 NI 980/ 4 PP TR T 64 B,
P 6 48 A B 5 B 5 G B0 3 0 3 . X 2 i T
B TG N B — e B E N, AN ) S HUR

G AT 5T 24 R AR DK [R] ) FR0I RS B ARG, 81,
GRU H Y B 22 7o s B o 64.

1 0.80
—— MAE

3.4 RMSE

327 —=— MAPE /3 0.75 .
m <
< 3.0¢ 1070 3
= 23}t >

10.65 <
2.6t =
sl Y {0.60
8 32 64 100 128

hidden units
B 7 FRRESZSTHER

25 SWHERSH

#H F A "X B TensorFlow V& & 2= > #E 28, 7F
PyCharm J & PR 55 5 56 1 A2 388 It 000 A28 1) Il 2R BA
B #5%, F NVIDIA GeForce RTX 2080Ti #47 I
Zx AT, 7 METR-LA Fl PEMS-BAY # 4 4 I, i
FH STG-CRNN #5284 FIHiT 3 [ 5 Fp Bk 2R A5 A 43 Sl %k K
K 15 min. 30 min A 1 h (19388 AT T, 2% 1 @R
T[R9 A S A I TR 45 SR B R 1T A
3, STG-CRNN £ 84 75 9 A $H 4 b 1 s 56 &5
TE = TRVEA 8 bR B R BT TH AR T R e Al oy 1
2553 BT STG-CRNN 55 8 FH 45 T 256 28 185 28 11 e sk
P, HL 1S min (19 T 25 347 %) L, 48 AR 1 MR
TR 2 Frs.

3 2 W] %1, STG-CRNN Lt HA. ARIMA. SVR,
GRU 7 P A5 4 1000 R 5K 15 min 28 38 $04E R I
e, JC & 7E MAE $i8 bs K B 1 R B, FC At 3 288
RMSE #1 MAPE [7] i £ {I%. iX /2K A HA ARIMA .
SVR. GRU X L& f£ G (1) i [a] J32 51 F 7 325 el - @ A
e 77 PR R BE A IR A G HA A I 1) PR AH DG, T TGV
SRIAZ 30 H A 2 1) (R AH 1, 78 T e A bR A5 5
22 KU BH SR FH P 25 i) 2 A8 7 2 R ) S A vk 4
FIE R, A8 3@ B 34T U 255 2T Re g il SR Ac il 4
I R BRI A5 B, AT EAT T2 S5 R 68 0k 21 5 4T (1
TH R

12 1 15 2 7] %1, STG-CRNN #H #; T- DCRNN
B 7E AN TR 5040 4 B AN TR F00 28 KA 4 58 4 11
T 45 5. DCRNN 1A SC 2 H 1) STG-CRNN #f02%5 f&
T ZS AR, L ASCF S T8 A T ) v 3R B H
AT HTRINGE /7. H A/ DCRNN KR S 4 2 A MG 3R
DL 4y 20 1) 75 SR AT R A 52 H, 5 B0 5 13 2 A2 18
BT SRR FE A BE 78 4 Al . BT LA STG-CRNN ) T
Mz AT DCRNN. 1% 1 B [F] A 56 T B A 42
28, T8 R T s ) SRR B DG 2 BB TR S K
J%, STG-CRNN f& B 78 73 F2 40 4% W) 45 1) 1) B 25 AR 12



F3H BT F AT o BERBIRAYLE M 469 8RN 651

#1 STG-CRNNEBFIEZLEBHFUNLER %o
g ) ] [X [ febx HA ARIMA SVR GRU DCRNN STG-CRNN(unitmatrix) 43 /5 STG-CRNN
MAE 4.15 4.02 437  3.08 2.77 2.79 2.66
15 min RMSE 7.77 8.69 778  6.10 5.38 5.43 5.13
MAPE/%  12.9 9.39 1008  8.19 7.30 7.36 6.77
MAE 4.15 5.09 540  3.78 3.15 3.11 3.06
METR-LA 30 min RMSE 777 1113 937 770 6.45 6.40 6.24
MAPE/%  12.9 1221 1275 1049 8.80 8.75 8.29
MAE 4.15 6.79 6.50  4.90 3.6 3.63 3.53
1h RMSE 7.77 1421 1068 9.97 7.59 7.69 7.44
MAPE/% 1290 1671 1584 1420  10.50 10.55 10.03
MAE 2.88 1.6 1.74 1.4 1.38 139 1.31
15 min RMSE 5.59 3.43 3.09  3.01 2.95 2.86 2.78
MAPE/%  6.76 3.24 359 294 2.90 2.93 274
MAE 2.88 2.18 233 188 1.74 1.74 1.65
PEMS-BAY  30min RMSE 5.59 4.98 415 431 3.97 3.84 3.76
MAPE/%  6.76 4.65 502 433 3.90 3.91 3.72
MAE 2.88 3.05 292 248 2.07 2.12 1.97
1h RMSE 5.59 7.02 511 577 474 476 4.6
MAPE/%  6.76 6.84 646 634 4.90 4.98 4.69
Fz2 SHIZEIEM S IERE %

STG-CRNN -5 B LA R T 25 JLAE AR b R R e

sk PR A S5HAMLE 5 ARIMA 5SVRHMEE  5GRU#MLL  5DCRNN 5 STG-CRNN

B=IT ARELIRTE T "’IT I T MR T (unitmatrix) M EARTE T
MAE 35.90 33.83 39.13 13.63 3.97 4.66
METR-LA RMSE 33.98 40.97 34.06 15.90 4.65 5.52
MAPE 47.52 27.90 32.83 17.33 7.26 8.01
MAE 54.51 18.13 24.71 6.43 5.07 5.76
PEMS-BAY RMSE 50.26 18.95 10.03 7.64 5.76 2.79
MAPE 59.47 15.43 23.67 6.80 5.52 6.48
7 - HA - GRU 15 = HA - GRU = HA - GRU .
- ARIMA-DCRNN - = ARIMA-~ DCRNN 0.16}= ARIMA + DCRNN ]
6 -SVR *STG-CRNN‘/,.:—'-‘”' -+ SVR - STG-CR -~SVR - STG- CRNN
‘,.A_',.":" 11 m & - =
25 P 7 & 0.12 T
o — 7 T e
* ®
2= . 3 — 0.04 —
0 10 20 30 40 50 60 0 10 20 30 40 50 60 0 10 20 30 40 50 60
t/s t/s t/s
(a) MAE #5F5 (b) RMSE f&#x (c) MAPE #5#z

8 FIEAEMETR-LA BURE E AR S KHIFUNLE R 3T

3.0 = 7 0.07
2.5} /:
5 0.05
L sal
= 2.0 = >
= 1.5¢ = 3
) = 0.03
1O} T RIMAT BERNN T ARIMAL BERNN . T hRIMAT B8
0 ~ ~8VR - STG-CRNN 1 ZSVR - STG-CRNN °§\\1}111MA: SD”lCéUE]INRN
70 10 20 30 40 50 60 0 10 20 30 40 50 60 %70 20 30 20 50 60
t/s t/s t/s
(a) MAE 567 (b) RMSE $5#5 (c) MAPE #5k5
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R %£37%

Hi %€ 2 7] 41, STG-CRNN # % T STG-CRNN
(unitmatrix) B 54 8 I HH 58 4 (1 T30 14 . 1% 13 B [
FER AR SCHE S BB 2 S AR A0 22 X 25 51, 1@
T2 B I 45 0 O 28 ) S AN B AR 42 e, L DA T 1
BRI R LTI AL EE BB B G M SR A 2 X 45 440, TR
B v, YO 285 R B i A

T AT AR P KR % TR A 1) SR B0, LA
5 min Jg—7> T B 1) ) R, SR TT 3G I 0D A, S
oy BT & R A 8 F1E 9 .

HH ] 8 F K9 1T LU tY, MHE 1 S 7 i A5 Tl s
K 38 I, T )% 2 2B _E T34, i STG-CRNN
E AN [ 7 T5000 BF 4 A0 3 B UF 4 48 5 MAE. RMSE.
MAPE &5 3 1 H 3504 e T &5 1
3 4 @

AR SCET X6 LA HIE 0T i I 225 44 Z1 A 757y, A2 3
TR B 2 Al R T A AR A ) R, B T ol
BT ] i A R RN B o 2 D) 48 F 5 3 i T U
B (STG-CRNN). 71 3 [H 2 % A2 I 04 45 b AT 5K
B 061, 45 B 2% W] STG-CRNIN A58 784 ) 78 ) &5 5 7 ~F
B2 iR 22 . ¥ 05 R AR 22 AT 38 4 xet B 4345 22 T T
AR T HE LA A,

JE X STG-CRNN A2 38 Jit Pl A5 284 ) i 7 A 5
B8 36 UE KSR (6t L2 i, T4 H DLR 46 i

1) 38 58 SR ORI 3T B R 8 B 8
FAEPR G5 K R

2) TEA ) B 2 ] P 27 =) g s B 200 400 1 x4
T AT 22 F00IN T rt R 5 0 A B, A B 0 70 4 b A2 4 2
) £ ) IS 2 A

3) dE I R A A B 2 [, 2 R AT A (R4 PR A
i 25 R A B T2 00 28 i 2 R, NI 45
B LTI T 45

FH T I e AR R el R i, S AN S
TER S F o R I A R — o PG T A 28 347 0 3K
SO, A2 06} A8 38 L 2 44 P TN 1) e 77 v 5 A S5 SR
Fih 4 2 R AR AT S BR I0AIE. IR, BT =
I Ay 3, 7 2 S A ) e B, AR AN A 5 [ A B 4R
AT T SERRISE, T — D 7 IS [ N 3 T A
HOH, AT S8 3 b 5 S G BRAIE, 33 1T 56 2 TR A 2,
TS TR R Xof v [ 4 i P 3 RV
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