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Abstract

Accurate traffic flow prediction can not only provide effective support for traffic congestion deci-
sions, but also provide guidance for residents to travel. Combining graph convolutional network
and temporal convolutional network, a traffic speed prediction based on temporal graph convolu-
tion network is proposed in this paper. A dynamic weighted graph network is constructed ac-
cording to the traffic road network topology and traffic flow, a graph convolutional network is
used to mine the spatial characteristics of the traffic flow, and a temporal convolutional network is
used to capture the short-range and long-range temporal correlation of the traffic flow. The traffic
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speed prediction based on the hybrid deep learning framework is constructed by integrating the
spatial characteristics of the road network with the characteristics of the proximity and periodic-
ity of the traffic flow. Experiments on real datasets show that the proposed model can characterize
the spatiotemporal evolution of traffic flow, and has good multi-step prediction performance
compared with the baseline model.
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1. 518

T (128 38 IO RE % 56 A B 51 5 2250, 32 s X RIS AT 80 o A8 8 IO 2 4 i 22 18 & 45 (Intelligent
Traffic System, ITS) A% OB 2 —[1]. BEE AT ERE I INER LA RN T e R I POE R 8, A8 £
SEARIEAIG K, XTI KSR T A B SRR, A AT RE RS AR I T S ERAS, O AS IE T
(0 43 BT R B2 (L T 38 77 B <A . o RUCHEF 1) A2 830 P8 TGt I T 28 B IE AT k) . A Il B 4%
il 85 HA R .

EIURT, B A I@ TR A, 5 P oh 2 B S sc i i . A . A8 75 SROAE AT I ) 55 F 258 18
RAFER PPN e T R ERIB L. FHI00— Lo i 70 32 B2 R AS RS P A (BT [ A OGP . R /R 2 980K
BAL[2]« SVR HEHL[3]F] ARIMA 1528 ) AR (A (41854 FH T 28 S AL TN o 3K S ABE 7 of P ik i 1) 3 47 ) T30
MVERERL L, SRR, ARZR M BB 5 B0 TSR AT o 475 B A 28 X 45 %o F (1] 2 271 ) AR 2 MEARAE LA
IRUF I 5 2T R, T JLAERE T 32 B0 B A @ e Tl o 4 5 [5] 55 £ 57 1 K R 10 12 ™ 2% (Long
Short-Term Memory, LSTM)¥% B A28 i ALY, S PRI T R g R 2% D S0 25 B i 1 ot A5 284
A M. He [6]55NH LSTM . T KB A @ R A AL . f5 AR TG [ 71255 tH T — iR B 4 46 X 24 T U
FERY, B A 22 X 48 1 451G A 24 75 (Gate Recurrent Unit, GRU) 2R WX 25 4 25 & 50 I A @ im 7 o el
T [8] 4% A F A i K S i AZ e 22 ] £% (Bi-dlirectional Long Short-Term Memory, BiLSTM)AIEE: /KL
R T VR R P 2 =) A O S P TR AR, e DR i Tl P 3 3 3 P R AT SV E VR REIOAIE, SR g SRR
P& HH VR G VR BE 5 ST AR B R (D 5 20D T ERE . LSTM. GRU &I N 48 A KidlZ
ThEE, BENE %) A8 W I AT AR SSARAE, H AN it 21 0 283 I ) 25 1B A SRR ALE

ACHE B LE SR AR R — N E RS RS, HERZ BRI — 5K 18 5% S ZI 1) 28R SR
AXRIZ 538 B R T 22 A g SR AC AR AS A O, 1 HL5 FL R Bl 22 268 B IR S IR S 00 gl A2 15 3 4k
P& 10 2SR AN ) AT @R %, 1 H -5 8% 9 (19 28 () 45 g A B AR DG PE . B R e X 24 mT LA
AR R i 2 i 1) 2 T AR S, 1 PR A6 AR A 2 R0 4% BB il SR I 30 M 45 M I S B i s T AR e . ¥
[O1ZF R T — P T VR B 2% 2] (1 22 AP T 25 VR 5 R D 28 0 iy ol 2 B A SR IR HEAT FOUIN, % ASE ) P 2 [ 4
VL 35 IO 28 AT (1) 4 25 R T 28 A 28803 3R 38 3 3L 2 (B RS [] A SC PEAREAE . Zhao [10]%545 & 45 #(Graph
Convolutional Networks, GCN)FI GRU % 7. 1 % X A2 38 18 173 B i Tl A 8 . Seng [11])5524 T 2 G AN
L5 AN T L ICHR T — RO AN X A @ i S TR R A . A = A BRI E T iR A A
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TRIVERE . BREEE IR S BB AL, BARE O e EIUR 1 — 5T, (R B SHON%E,
ATt B = eh 22 TO R X 2 IR RO AT I, R AEAR HE— BT AR TT 1] . Peng [12]%% 5 H A& 4K ) 45 f
NS S S 2B S HRFE, 25 A KA AT IZ A & I 45 2 ST S IB R I TRV AE,  $ i T 36 Fam b4 o
KIS B R PR, I AL B AT AR SR 0 7 AR e KA T i AR e B kil . BB RN 48 A
BRI SRS WX ST A AR AN G5 M), AL G AR B UG o6 7 51 28 AR DG PEEAT 3B, S5 BT P 2
28 S5 PP AR R RN A S IR AT S I R A TR o T A AR £ TR 45 1 Al T 2 s i A A
TR BB AT A, IR T — S IR SR . SCER[13] [14] [15]£%I 1 I £ W 2% 75 2238 Tl
DR ) B R T e, VAR 4R T T PR A A0 I 4% (1 28 B It T A 2 e L &% R AR A

FIRFE TR 27 2] A I P AT 1 FURCR,  EATHIRAFAE A S IR A 1) R A AR A HIE 72 10
Jita), B AR AS e i D A B T L A I R A TR B L AR T IS T . A HE Bk
I AT 5 o AR SCHE T — b Tk o J A5 1 ) 8% UL A 78 A 12 v Sl It T ARS 82 o FRATT DA PRI AR R 2%
I 5 A AR I 28 A it B T — VR A TR B 2 o R A Sl B T AR Y o A R AN B A% 1R e Ml 3R
ACIET I BASIS ZEAH IR, WL REFT (b I 2% 2 H5UE R I 325 B P PR 48R Ak, AT IR A o 28 X 28 1 R 2805
2. ETHFFEEFRMEE R38R E TR
2.1. ¥IEEBhAS MRS L

WFHEINE M G =(V,E,AW), i, Ve RN FRACE M4 L R At iz e 4, W
V={V,V,, vy}« ILE :{eij :(vi,vj)|vi eV, eV} NI, Wy 5 R v HE, ez mrfE
Wey . Ae RN K G HUARHEHERE, ZHEFERIR TR IR AR EOC R, WA S AHAE, W HAE A 1,
HNAH 0. WeRVNZEE G I INBLATEERFE .

LFASIBCERE G FEZ V. E 8L W B AR LI, # A E S h sh S A 5 B
G :(V,E,A,W(t)) o AR IR S 2 % BN BRI S AR A, EHA TR WY R B B A i
B, ESHE AR . EIEARTEE VY, E, AW BOEA IR R EE S, WO R
UESEE]
2.2. EERME

P35 A5 /9 2% (Graph Convolutional Network, GCN) & & % 2% 3] () — P 28 X 48 45 K[ 16] . 5L GEIR S 2
SIS B CNINAF EL , P ) 28 A Ak 2 = I 46 ) PR T 2 S0« A8 30 2% 9 2 ML R ) 5 0 P 2% 5,
LI 28 AR FH AR R 2850 (0 2500 221, ) P L R 45 B 68 2 B 4 PN 28 v = 5 HL ) 11 s g 4k 4
KA, M HER SR EUSE I8 B 1 2 (R RFAIE A4 e 28 168 Tk T 00 s i 29 5 et o

FERHR B P [17], B g, W B G T H:

gy *s X =0,(L)X =g, (UAUT)X =Ug, (A)UTX 1)

Hop, » RxEBEREZH, L=DY(D-A)D"=1,-D?ADY, DeRV™ NEME, & LH
Di=20 A » Iy NxNRBARE, X HEMREAEERE. L fRIEEDMHA: L=UAUT,
A=diag (A, A, Ay ) &/ L BREEA RS AR U ={u,u,,---,uy } B L FPRFAE ) B 4L
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2.3. FIFERML%E

I} 73 B % 4% (Temporal Convolutional Network, TCN) [18]FH T kb BRI 74tk , 1% W0 &5 B8 iy — 4 ik 2
ICHRL, BARZE RO S A GO REAEZ U, s 1 TR
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Figure 1. Temporal Convolutional Network
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Figure 2. The framework of prediction model
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3. XWEHR»h
3.1. e el

SUG e BT 2 446 % 1 25 (Mean Absolute Error, MAE). 1377 # 1% % (Root Mean Square Error, RMSE) Fl4f
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3.2. WIEE

ASCHEEL ISR 2 B META-LA SZIB S0 S 00 S U6 Bl 42 [19] . 128U RIB 2L 22 B 207
AMEREICE B AZIE S, RIS AN]R8 9 5 0. e BN B 2012 4 3 H 1 H~6 1 30 H %kt
ARG . o i P IS SRR, X3R4T z-score FREALTRAL B, K B3 (¥ 3h Vi Bl R 46 3[0,1] 2 1]«

33 LWESHRE

AR SR Pytorch R % STHESRSEIL 1 PRONA AL . $dmSE4% 7:2:1 I RN & IAE SRR EE

TEEB R L, 3 H 64 A K/INHA R] A8 ARAZ 6 38 18 38 % 1 25 (R AR AE R AT 4208 o ZE I 7 B AR I 2
i 6 2 k = 2 HIEZIKE 72 2 (4 sk R R A FUSR SREUT [ AH G, JRIEECN 64. IZRd e, (%
>1%49 0.001 1) Adam 14k %%, Dropout = 0.7, #i2k ¥R TR ZE#Ik.

3.4. EWERE ST

K] 3(a)~(c) A4 5 80 AL ks 15 A ) AT E 8 B LS 5 AR 3 22(15 43 %) 6 (30 43 #) At 12 (60
GBI TIIAE o« BB AT R, AR SO R T I PR A R X 48 1 i o 5 168 3RS ) e 8 S L M Al R A
B AES, PMES B SHE R B .

T G AE TR A (A S A TRINAS FE, K ARIMA [20] (Autoregressive Integrated Moving Average
Model). SVR [21] (Support Vector Regression). FC-LSTM [22] (Fully Connected LSTM). WaveNet [23].
STGCN [24] (Spatial Temporal Graph Convolutional Networks)Z4 3t 28 A5 71 5 A S H (R R 3R 47 UL
4 BRI TIPERE S BUE . 8] 4 ATRIAR SCHE A BERY (R FI0I 7E =N PPAN Fa b v 3 B A i Mg
A7 51 ARIMA 58S BE 4% 21 i1 A2 S it T SRR AIE ,  (ELR i = 0 23 3 9 2 AU R E 2408, 5 IR B % )
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Figure 3. Traffic speed prediction visualization
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Figure 5. The effect of temporal features on prediction performance
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