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Urban Traffic Prediction Based on Deep Spatio-temporal Hybrid Graph Convolution
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! (Institute of Cybersecurity ,Zhejiang University of Technology , Hangzhou 310000 ,China)
2 (College of Information Engineering ,Zhejiang University of Technology , Hangzhou 310000 ,China)

Abstract: Due to the complex spatio-temporal correlations and nonlinear patterns in the traffic network, traffic prediction presents sub-
stantial challenges. Existing methods primarily focus on the spatio-temporal features of road networks, separately modelingtemporal and
spatial correlations to simulate spatio-temporal dependencies. As urban road networks continue to expand, existing models may lack the
ability to fully exploit the spatial characteristics of road networks. Furthermore, the traffic operational state is influenced by external en-
vironmental factors, leading to significant fluctuations in traffic flow due to segment transmission effects. To address these issues,a
deep spatio-temporal hybrid graph convolution model is proposed. The residual connected graph neural network and graph attention
network are used to aggregate the global and local information of the road network, respectively, thereby extending the receptive field
of graph convolutions to enhance the extraction capability of spatial features. Inspired by the Transformer’s success in long sequence
prediction and to reduce computational complexity,the Informer model is introduced to handle the potential temporal dependencies in
road network data. This achieves long-term prediction capabilities for traffic flow parameters and encodes external factors such as city
weather and points of interest to enhance road network information attributes. To validate the performance of the proposed model, accu-
racy and feasibility analyses are conducted on real-world datasets. Experimental results demonstrate that the deep spatio-temporal hy-
brid graph convolution model achieves a peak accuracy of up to 75. 1% , outperforming Transformer and Informer models by 2. 5%
and 2.3% respectively. It surpasses other baseline models across different prediction ranges, showcasing its long-term traffic prediction
capabilities.

Keywords: traffic prediction ; spatio-temporal dependency ;road network ; graph neural network ;long-term forecastin
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BT e — 5T 2 BT R B 2 5 T Bl R e )
B FFERAE, NSRS B KRB E AR —
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P RIS RN R B T e BB, (A AR SRR MR R B 33X
SRSk, T TGS Bl A AR SR I IR R B ) BT AR B

BB B B AR Y R R R RN BB 3C B R 45 Y A B
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BEETGIT#ER, & F 3. ARIMA | R /K 8 3B i DL &
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EHAERIER R R S R R AR I AR BEE IR
BEZE S H AR B, B FA YO 3R 30 0 i e 3B AL 55+
BETBERBE WERB2NES  KEHBIZNE™
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P, R85 T IRUE R, 28 T 308 B m s R AH A JE4E
¥*,ETFE# 2 M4%™ (Graph Neural Networks, GNNs ) {4
RIBAR T 3BT , 2 % REE SR I B A Y B 4544,
{EE X B E A2 AR, B BT R B R R
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o , B 2 P AR MR SR R AR AE . AT, B 2R 4 A
R ERIGERES, 2 ZEME 5 SRS E FRIRR,
SBOW SRHE AR I, KRG8 TR, B L BRIR M
2 W4 SR B B P2 IR AE EREE . 7R R 5 T, 3R
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FUTR MR BT PR R R — M, 53858 W Y 2 IR 48 BE
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R A A B R PP 51 B O TR, LA R S B 3h
AARAUERE . GRU B BUR{U#B R T RNN 78 5[] f5 7% B 1
BETH RS B R KE YRR, A X T LSTM RS B /0, 7
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FRAE 7 TE X BRUL B A5 s TR 48 A 1 A, L T 0 B O &2 2 a1
EARFEERRRRR 4 B I — 2 T B PO Y R B P S e AR
BN ANEGBUSSRRK. BERIEMEMERNT IZMA,
FEESE EBUS T BEMBER, MBS Ea%E
AR B AS I 25 2 7220 TR 4R IR, GNN %) i i B I 4% B
BB A AT S E DR B R R, A AR
R4 "1 ( Graph Convolution Network , GNN ) I El %% #
4% %1 (Graph Attontion Network , GAT ) 25 77 3= 1L B AH 4R
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#,3@5 f# F ProbSparse B i HHLHIREIKATRIZ 225, 5
IR LR RRB LT ORI R, ZE AR B Bd & HIERA
T Informer 76 BITRMAE 5 P A 2000 DI ke
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IR, 7E Informer FERY vt A B E) B 405 , W1 F T AL 3R]
FRFIEHRE 7R B TR RS 47 ) A% A TR RIS S RO =R
IR R, XK K POL HAT MR, 5HEFFIH AL
B 4IE4 ) Informer BRI 4RERBUR A, AN £
SSP BN TR BIRAMEL B IR SRR G,
HEZBATIMAFREEREAE F R AEREE,
ASCH]F GCN #1 GAT R4 ##iR & B B AR, SRR
BEEEREN B HZ RIFE. BT GCN 1 GAT N4 A
BT GERES, &8 SR EESHIE FERE, FHT R
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Fig.1 Graph convolutional network framework
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I, Transformer 274 % F§ Encoder-Decoder fE%2, @ 5| A B
EEAHINRAFFIH AR B2 R X R AT EE, B
I B8 B 4 2t b ST B B Y B T AR R R B IR T BLAR Y
RN PTAT AH QK MV PATA A i, R E
WEER softimax BEGTREESMUBERER A BEHHHT
BHEMAR(S) i

QKT)

A(Q.K,V) =Soﬁmax(ﬁ (5)

Hid R KWABERE, Qe RO Ke R Ve
RYv™n 4. SR AFFINGERE. 8 i 1> Q WIEE SRR
BARIAR(6) P :
_k(gq:,k)
A KV) =155 kg )

k k;
%,k(q ,k;) & Attention A X}

Al o J'di)

EXELNET R, FENA 0. K S H5BES
Hify: , TR B E SR EHE E 4 B MR
#& . W3 P~ , Informer i 13 f# F ProbSparse B 3£ & J1 #L il

p(qu)l:v] (6)

Heip(klg,) =

A 3 Informer K JFF3 TR MR

Fig.3 Informer long sequence prediction model
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0T RRMMHILILE M WA (DI
e )

HApEaaR ¢ XTHA KK LSE(LOg Sum-Exp) , 53
WaREARTFHE BETE M HFTEHLT O RITE

M(q,,K) =lnT %

(LoLy) ,&' B LSE ${E b T3l Bl in it Bk &
M INAK(8) i
by _ qikT 1 IK qk
M(qi,K)—maxjm 2 i (8)

Hrp M(q,, K)ER K FRm H Xt Attention B EE , R E] M {H
BARK uf g, RT KB AERH S EIMAK(9) Fim
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A Q#1 Q BAMREIR4ERE,Q Bt MEERXK v q A
R, EeARERA A 0 3HFE. Informer 7E ProbSparse HER N EZ
EIANA T 2B HRAE , A A — e B MR WAL R x, KB
HRAHBRR TIURE BER A4 HTRT R VAE, DRRE
FHEBHMBEFIRE,NE m BEE m+1 ERRBE
fEm A (10) Fim :
X, = MaxPool(ELU(Concld([ X, 1,m))) (10)

Hp Concld RE—HEBRRIE,[ |, Rr ELMERE A
EE B
2.4 REMTEGESETFHNZEMEZE

ET U BB, B 8RB 2 1B A B T2 ( Deep Hy-
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N BARR G R 2 ARG

DRERGESHRE, MEMNENERXE. HREA
1 LA B ZIREEFS] X, = (X,,X,, -, X,) B RFFF
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FRRE, ZAEREHRLAEE NI TRV FES
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Fig.4 Deep spatio-temporal hybrid graph convolution model
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A R BE RRAD E A ERAE R, B T 156 S%iE B IH) Y25 16
HRAGE. BEAT, W R T 5 L DX X oz B ) 4 13 B R SR LD
POL, FEXf HREAT MBSy A K L 50 B9 JO88. o T IR BE IS
ZRAEBFUEE (DSTHGC) , i 80% B) 4% 1 Yl 4k
&, ERNEIRE R IIRE. FIIRARNEIFEO R T+T,
Heb T HRARFIIRE, TR RS RE M KB, KR
LR 4 AW, 20500 15 5000, 30 23,45 43 BiF 60
S5 R R B ST ST AR DR B R ERCR B R
Tk BB 4, BRI R HOR B0 32, Y 4Rk AR B e 300
K. AR R RN AR (11) B :
loss= || Y,-Y,|| +7L,, (11)

Her L, 2 L2 TENWE, TR B Bl r SR
3.2 MEERR

i TRk DSTHGC HYFRIMERE, MR T 5 PR 1E1RR
HRACERIREEE Y, ERHNEY, 2 RES, 05
¥ RiRE RMSE:

RMSE =, [--31.,(Y,-1,)}

(12)

i F RENS A ES AT 3OE R R 101
IR ZE MAE
MAE:%ZLIY,—?,I (13)
K& B Accuracy ;
Accuracy=1— "Y_?t "F (14)
¥l -
ARARBR2:
2 Zia(E%-1)°
k=1 2i=1(Yt__Yt)2 (15)
FRRET Z 0% Var,
_, Varly-7}
Var=1- Var{ Y} (16)

Hrf ,RMSE 1 MAE F R H5R TR IR 2K/, BfE s/
TR YT , Accuracy FIRFm BN TR , BuE B A AR
RIMPEAEBERE ,R* F Var MFRR MWERREEEN R
77, BlE U B B TR 8 S .
3.3 XBERSHH

LRERMRL ~ KPR, KB « T BHERA, B

# 1 DSTHGC BRIFELMRIN KR 15 403 RO ML R

Table 1 Prediction results of DSTHGC model and baseline models for future 15 minutes traffic conditions
B [|] PEREIE AR ARIMA GRU T-GCN Transformer Informer DSTHGC
RMSE 8.691 5.621 5.138 3.128 2.817 2.763
MAE 7.623 4.313 4.123 2.362 1.965 2.215
15min Accuracy 0.462 0.712 0.724 0.732 0.736 0.751
R? 0.081 0.823 0.841 0. 856 0.853 0.858
Var * 0.823 0.841 0.854 0.853 0. 856

Rit. FAARF MR LR 5 DSTHGC #1470 H, 451 3 A
15 5350 .30 435 45 2350 F0 60 5354 4 M ARTEERFAESE

BYTR I BE. DSTHGC AR R Z BB 15 T3R8 T Sl itk
B, N ROPT AT LIS DL T 4538

#2 DSTHGC BRIFELBRIN AR 30 40 3B RO MEE R

Table 2 Prediction results of DSTHGC model and baseline models for future 30 minutes traffic conditions

B [|] PEREIE AR ARIMA GRU T-GCN Transformer Informer DSTHGC
RMSE 10.627 6.584 5.467 3.096 3.123 2.728
MAE 8.454 4.695 4.638 2.312 2.387 2.345

30min Accuracy 0.453 0.701 0.713 0.728 0.730 0.745
R? 0.009 0.813 0.831 0. 849 0.845 0.853
Var ® 0.816 0.829 0. 846 0.842 0. 856

#3 DSTHGC BRIFELARIN KK 45 40 3B RO TR MWL R

Table 3 Prediction results of DSTHGC model and baseline models for future 45 minutes traffic conditions

B [|] PEREIE AR ARIMA GRU T-GCN Transformer Informer DSTHGC
RMSE 11.443 6.873 5.823 3.258 3.385 2.954
MAE 9.567 4.917 4.755 2.460 2.453 2.367

45min Accuracy 0.439 0. 698 0.710 0.723 0.725 0.742
R? # 0.810 0.814 0.841 0.839 0.843
Var * 0.812 0.817 0.841 0.842 0.841

1) ZEELE A, )\ GRU 2| DSTHGC ¥R BE i 22 P 4%
Fk S ARIMA [H 988 B8 BT 0TI 68, BAE T
MEERIE KB R BRI LEMS. £ 4 AMTWEEF,
DSTHGC #RI TR 14 BB & T ELRAL Xt F 15 S5
WL 455 , DSTHGC FTRIREEE L ARIMA R T 37.7% ,
RMSE iR 2&[&{L T 68.2% ,% GRU FI Transformer 1 2475 il

YEEE AR T 4% 1 2.5% ,RMSE iR 225 HIFE{K T 50. 8%
A 11.7% , BB ZAR R 7 I R R R MEARAE 42 B E B B B A
P

2) 0 TR S [ AE R B BB A, R AR R o
BOA T AU TE) 457 4iE 2 AR 9 Informer P48, 3 5 A R =
[V BE 71 89 DSTHGC BRI FEATRS L. B B 625 Y T AE
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4w . DSTHGC ¥JHA B Informer £i%Y , H 5t T 15 4340 9
MW 45 32, DSTHGC T il 4% B 4% Informer 275 T 2. 3%,
RMSE RE[HET 2% , REE S HET DL B E M FF

Y005 v 470 2R 25 TR 9O P S 5 99 B A B JRUARRAE , IR P L 30 TIE T
DSTHGC HEUAT DAL ER B P 1 72 1Y 25 AR AE 15 S , N B Bt
ZI MRS EE , R ORI AR

#4 DSTHGC BRIFELARIN ARR 60 250 3B RO IR MEE R

Table 4 Prediction results of DSTHGC model and baseline models for future 60 minutes traffic conditions

B [|] PEREIE AR ARIMA GRU T-GCN Transformer Informer DSTHGC
RMSE 12.647 7.127 6.027 3.356 3.415 3.158
MAE 9.945 5.247 4.954 2.645 2.612 2.691

60min Accuracy 0.424 0. 687 0.707 0.718 0.721 0.739
R? ® 0.801 0.811 0. 839 0.834 0.840
Var * 0. 800 0.810 0.837 0.822 0. 836

X TFAAEERBTIA, T THBELR, RN
& 5 i, HAt DSTHGC +F R i ASMIBERE R R , B Ahi8
B #AT45)E DSTHGC A TR AR T 2.4% ,
RMSE IRZE[EK T 2. 3% , KK IE B3 N Bl BE 35 U AR E R
IR R AT DASR R 308 TR v 42
301 IDSTHGCHF
2.5
2.0
15

1.0

0.5

0

BS ANBERSHMEIE

Fig.5 Dilution experiment of external factors

BEAT, RS B BOR R 15 205 93BT ILE Rt A7 7T R
6. In1& 6 B, DSTHGC L RITR I 45 R7E % & L AA BT
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BE TR BR . T AR i 6] 25 B U , DSTHGCHE 24 7
WEERMEBV/N, e B R TR I -5 SR i 200 B R 5C

30 L
_ | ) EE
=P W e
é i g J '1 A
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<
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Fig. 6 Traffic prediction results for segment
in the next 15 minutes
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