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Abstract

Accurate and real-time traffic prediction is an important part of intelligent transportation system,
which is of great significance for traffic planning, traffic management and traffic control. However,
achieving highly accurate traffic flow forecasts is a challenging task due to the complex spatio-tem-
poral dependencies in the transportation road network. In this paper, spatio-temporal dependent
graph neural network is used for traffic prediction. First, the relationship between traffic flow, speed
and density is explored, and based on the relational equation proposed by B. D. Greenshields, the
traffic flow data is obtained from the speed data, which provides a solution to the scarcity of the
existing traffic flow data. Second, this paper uses a model based on graph convolutional networks
and gated recurrence units to model the spatio-temporal dependence of the traffic road network.
Specifically, graph convolutional networks capture the topology of the road network and model the
spatial dependence, while gated recurrence units capture the dynamic changes of traffic data on the
road and are used to model the temporal dependence. Finally, this paper uses its own dataset to
evaluate the proposed method. The experimental results show that the method used in this paper
reduces the prediction error by about 6.3%~97.73% compared to the traditional method and
demonstrates the superiority of the model in traffic prediction.
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Figure 1. Spatial dependency map
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Figure 2. Time dependency diagram. (a) Periodicity; (b) Trendiness

B 2. BHEMRHEIEE . (2) FHEAE; (b) EFHMH

A AT AR Z, YR T KRBT 2 NG L HLe 27 SR R R R B 2 S A
A8 48 1) 22 38 TR 7 7 A2 R T G AR A (0 F 11 A 22 3 # 31 °F 35 (Autoregressive Integrated Moving

DOI: 10.12677/aam.2025.143118 316 I3RS


https://doi.org/10.12677/aam.2025.143118

F#E 5

Average, ARIMA) [1]. -R/RZJEH[2])FRENL &5 5 2] 5% (U0 3 +F 17 & AL(Support Vector Machine, SVM)
[3]. BfibLARM(Randon Forest, RF) [4]), X675k BARTER E Yo PRI E, HHFRMREHZME, —
D7, ACIEEAE R B AN SN, A% G075 e LU RO P A I8 I % X 28 1) P S i S Bh A A A
N E AR MR R 7 —T7H, ZCHERFEZRA RREM TR EINEE R 50, L5770
ZHASEARN G B IA R [5]. EFR, WREES I EIERDGE AT AE 7o R, LRGN
122 M 4% (Convolutional Neural Networks, CNN) [6]517& #5115 % 2% (Recurrent Neural Networks, RNN) [7]7E
PRI ()RR AE AN (] ZU R AR J7 T PR IR A0 # o SR, CININ AR R EG = [R) T IR0 XA ) 4, e L
SR IR X 10 A8 B B X 2 5 s RININD ) 1 A R AR S A DR AN T R A0 3R A1 558 1) [ 8] o

7 ERE SR, K2 M 4% (Graph Neural Networks, GNN) [9]8 H: B A5 % A 45 4 A0 B8 () 5 K 4 e
73, BT R AE T T AU T R . RS AU £ I 4% (Graph Convolutional Network, GCN) [10]ifid 4
FRERAE R AR B AL R PIRHE, SRJE X A HIRHIE AT e A8 4 . AT, GCN 75 EEREAN B 45 44 Kb AT U 25,
XIHFE T REMTENNAF . EXMIEOT, BTy P [11]00 B = 71 2% (Graph Attention Net-
work, GAT) [12]#¢ &, GAT AT A TAFRE, (EAEEARRENE H 2 OCHE 5 21075 AU G E
OJETT AL A B T B S I SR OCHE B, NI E = TNE R P . (2 GAT R A & A E N
BUORE, SIHFESE Z 1 THRAAE i B .

N R BRI R, FRATE B A N g 5 11488 3 oAl 45 ST S @ i, IR B A HdE
RIS UERB A AR, A EE TAEEE LT =ANJ7 1

B, WA T ERE. EENEEZAPRR. RIEERARERBCRNA, B EEHES
B 7 ARG, A ST IR AR R ANME AN SR SR A T A R SR

B, ARSCRHEET BRI 2 AN 45066 I BT AR Y, RS I R B S M . BT S
PT35I 2 W R T B DX 28 PO P D 2 ), SRR TR s 1) 450 VR B e mT i SR TE B E A8 @R M ah &
Ak, T AR R

¥, ASCRHBAEIEERAGAR . LR REH, S&G7EME, R TR ITEE
TR R 22 PRI T 40 6.3%~97.73%,  FFAEAA 1 A5 2R 7 22 36 TR0l /5 T PRI e 2k o

2. BURTALIE

ZHHE 4R Los-loop KR T~ Zhao S5 [13] N ATF KR I — R 1830, 1ZHE 2 3R BRI 25 TS AZ AL E 1
EOE A B SICER Y, B T 2012 4E 3 H 1 HE 3 H 7 H 207 NMERE EAR KNSR EE, & 5 /il
SR BRSO R AR AL R, AT MR T A% SRR TR B B ) (R R K R, RPAEHERE
IR T A5 S P E B B A B B R R (A0 @ & . R B ), ol T IR H AR A e — B R,
O F Gtk i 1) 77 Uk AT 1 3 7

AT IR B AR B IR ) A SR T ) AR, R TR A B, R R AR B AL B B AP AR
B o TR AR IR PPIRES W] DO B T A A ) = ROR RN, AT IR o S BRIE B ) AT I SR R
T v R BIE R BEIR AL IR 57K, B K S AR EAT R B AR . SR S R AR AR
BN

g=k=*v

g DEPSEE T, MR, EEM SRR, HETREREAL RN, CREEM
P, BATLAF R ACER A . AR /R24(B. D. Greenshields)$ H! T RIS FE 2 [ O6 R IE, &l 3
F:

DOI: 10.12677/aam.2025.143118 317 I3RS


https://doi.org/10.12677/aam.2025.143118

F#E 5

v(km/h)
A

vs

Um

k(ve\h/km)

10) Ep kg

Figure 3. Velocity-density relationship graph
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Figure 4. Relationship diagram of the three elements of traffic flow. (a) Flow-velocity relationship
diagram; (b) Flow-density relationship diagrams
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Figure 5. Scatterplot of traffic speed
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Figure 6. Overall structure of the model
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Figure 10. Comparison of prediction performance for different number of hidden units. (a) Comparison of MAE and RMSE
for different numbers of hidden units; (b) Comparison of R?, var, accuracy for different numbers of hidden units
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I SIS I, HA FI ARIMA B VHEI (R ELP, HATE S iR, (AR Rz K, R
fiko GCN. GRU FIA SRS B ARAE TR AN TH R ), AHOOKBRAR 7 TR 22, $8e 7 WRG R . A
SCRELTRN GRU A58 55 1R T BN [R)RRAE AR (1) B B, 3l L LA SR 2R (10 HA R ARIMA) BLA 5 47 (1) iU
FEE. B, T 15 /B E W LS, ASCHEAIR GRU BB RMSE 1% %5 HA %4 97.73%F1
97.58%, ¥R HA 121540 23.57%F1 21.55% ., A AR GRU BRI RMSE % 243 i Lt ARIMA B
] 98.39%H/1 98.28%, A&/ HIHR 4] 76.36%H 73.49%. X T EZEHT HA Fl ARIMA J7isfE DL FE &
R ARI 18] 7 F0 504 . GCN 7 & T AR B 8 GCN R 18 123 (AR 1IE, 20 T A8 @
WAL [A] 7 A o e b, AR —Fh S B S B P 77 v, ARIMA BTG FEARRHMIE T HA, 2%
RN ARIMA i LA EE KRN IR Fa kit JF H ARIMA GBI 5 SR 2 R8T P, R
SRR I B, e R A SR % .

4.5. jHRESELE

N Y BRAIE A SCRE AL & AN A R, FRATTXT Los-loop B & #E(T 7 ANSZE . % 2 B T MAE,
MAPE 1 RMSE (E &, “BHETxR” #FREGNE.

Table 2. Ablation experiments with different configuration modules
7 2. TEIEERRAVHRLSELE

il te BRI R RMSE MAE Accuracy R2 var
Our Model 7.2837 4.9612 0.876 0.7246 0.7254
Los-loop GCN 8.6721 6.1041 0.8524 0.6092 0.6094
GRU 7.7735 5.4705 0.8617 0.6968 0.6972

AL PR 4518 X T GCN #%y, A B RMSE I8 T4 2% B (R EFE ) GRU #i%Y, FKH
GCN S $ 25 [H RFAIE A R o X5 F GRU #8745, AR ST ) RMSE % F1X 25 FE 25 [ RFIE ) GCN AR 7Y,
F W] GRU Xl 2 i [R5 AE 1A R0 o
5. B4

ARSCRH T —Fh T B M AN v, 4547 GCN Ml GRU. 46, ASUIKIEASARA
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F#E 5

IRZEF A @I = R A 1)k RAF BB B, I B A RS Bk T . ik, ASUEHE
SERIRT A S AT AR, AR BT R RORIE S, ERORIE B PR R, 1EE FASEER
PeAt IR Sy B B SR . AR N 4 T R e X 4 (B PN A, AR RO s 1 I A BT ]
IR I PR BRI, B AR . S, AR B AR RIS P e T, SkER
ZERRM, SMEGTNEML, AR SCRH IR N RZE R T 4 6.3%~97.73%, FHUEM 1A AT 3@
TR 75 T O o A1 B AT DAR: FH - AR B 25 T 55
S

B H 8 BB %I 5 H (24YFFA055, 22JR5RA797), H it & = it & B A S0 = JF i iR /i
(2023KFKT-005) 5 Hili & HE A AATUH (“ AREVUHE” 550 15 &1 88 & AL L ot 7o) i B . &
P B TR A O SR AL T B B IR AR S R . AR SO R B AR Z R O T, X T AR
SCHIITR] 58 Rk 2 1 28 5% L AE A

SE
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