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Traffic speed prediction study based on adaptive residual dynamic fusion graph

attention network

ZHANG Luning, WANG Jingsheng "
(School of Traffic Management, People’s Public Security University of China, Beijing 100038, China)

Abstract; In the field of modern intelligent transportation systems, accurate prediction of traffic speed is of great significance to
alleviate traffic congestion, improve road safety, and optimize traffic management. To improve the performance of existing traffic
speed prediction models in medium and long-term prediction tasks, this paper proposes an adaptive residual dynamic fusion graph
attention network for traffic speed prediction, in which the bimodal graph architecture can capture static topology and dynamic
spatio-temporal correlation features of the road network through parallel processing and dynamic fusion of adaptive and dynamic
adjacency matrices. Applying gated temporal convolution to realize the feature screening, and using multi-head attention mechanism
to enhance the spatio-temporal feature expression ability, designing dynamic feature fusion unit, retaining static topological
information through residual connection, and combining cross-layer multi-scale feature fusion to avoid feature degradation. The
experimental results show that the root mean square error of this model is reduced by 22.5% and 22.6% compared with Graph
WaveNet in the 60 min prediction task for the METR-LA and PEMS-BAY datasets, respectively. The model can adapt to the
changes of the traffic state in real time, provide accurate speed prediction for the traffic management department, and assist in the
congestion diversion, dynamic path planning, and emergency response. The model has high practical application value.

Key words: city traffic; traffic speed prediction; bimodal map fusion; dynamic graph convolutional network; residual connection;

attention mechanism
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Fig.2 Schematic of adaptive neighborhood matrix generation
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A1, 1], B BB | FE LR g
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i A3 20 B [B] 3 B B (temporal convolutional network, TCN ) 4285 Hst [6] /5 51 AR 1E I, 43 01 3k 8%
1% PREY tanh I sigmoid J5 ARSI THEMLE] . sigmoid PR HH A 24 F 1142 {5 5, g tanh fi M 4536 21 5
KT —EWE R AR ER Dy X, TN R S R R
H. =f(W X+c) Oo(W,X+d) , (13)
Horb W, R W, 05 TON B RUR BB, ¢ Il d ZASINE] TCON A2 40t _E A4 BT, f o4 FH Tl 0938k
5 PR, 175 | AJEZ MR E o O sigmoid W PRERL, O KR JTR W B3R, H, ok i B RFTERE
232 FRABRER
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SERAN I 2 SCRESS A PR W b 3 300 E A2 50 Y s AR DG Y ORI . Bh A AR HEAE M 4840 Gumbel -
Softmax B AL Z 5 i A2 GAT w38 i 1 v 4 BRI 2% 2 o |3 3 107 <0 e RE B AR A IR [ HY L)
I — BT H S e 22 I R TR AT A -
H' =(I,+D"’AD™"*)X,W, (14)
b A JEARHERIE DRI 1, S AR W EB B, X, J2E TON Hi AL
W A A IH—AAREHERE D AD™ 2 5 40y [ 35 N AR HE R A, PI935 GON 76T 5 )2 R E AL 3 1Y
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aij: #5 (17)
z exp(e;)
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Ho,a" R PR B B b, SRR AE ¢ EIRHIEFOR B b, SR AE ¢ ERHIE R R ]
LeakyRelu A3 eREC, W AR i AR (R i R AR A R A
TE22 3 BRI Mg b B T n TR R0 REOF R4 07 AR IS [ RRAE, 75 206 H, -
H,= 0(11(2 Za;;Wh;'j,), (18)

m=1jeN;

Ho, af R s T R BB m BEEE, B TS m RS hT S TR ¢ ERRIER R R M
REETRE o N sigmoid 30 PREL,
233 FhEHIERESELT
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Fig.6 Schematic diagram of dynamic feature fusion unit
SR H, FISh SRR H, IPREAE R DF 8 AR U SRR AR H, || H, ] Gl S BCE R R W, i 20

b PEATLMEAR e, R FH Sigmoid 3 PREL o A R TR gate

gate=o([H, || H,]W +b) . (19)
FRIT TEAE R ESRAE H, SHARAE H, SEATIBGR AN, K I A6 T SRR H, A 3R 2500 B 4 S B &
ERD IR MR B BRI R, O e Rk, AT .

H, =gateOH +(1-gate) OH,+H (20)
W PRAR L XS RSRAE H, BIRBEE Y
oL oL dgat
=2 O (gate+H, 0 E%541) | (21)
oH, oH, oH
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ag;te=gate@(1—gate)@wz[:,:dim(Hu)]’ (22)

a

Hepw,[ ., .dim(H,) | AAEFERE o SRR 1 23 e ARHE RS BE AL 4R A X (21) , 5R 22300 H, 4 4 ke
S AT IR ERS IR TME B AE VR A th i SeA% 38, I A 5028 Fff o BV 2 T 8, AR AR |- G2 fige of 1
HEEN L
24 HUHE

AR RS B A B S R e & )2 1 Z,,Z, -+, Z, L B 5 IR B 6 2 RO RRE MR R 2 Z, &
2 TR T ARFIE L0 2 S A e P 28 50 U TN, BF— 23 3R A T AR I 4 B A0 4k | 55— J2 A i R ke A8 3 RS 1 7
MZES 15

Z=Concat(Z,,Z,,*+,Z,) , (23)
Horp Concat (- ) RN UTRFIEYE I A BRBRGE HFRAE

3 g

31 HE\ERLBRBESHNA

P % METR-LA 1 PEMS-BAY FFEJIZ: 5500, FAF B 3% 1 /R, METR-LA F1 PEMS-
BAY J2 38 38 TR0 S5 )2 A ) SR A | 7 5 TS AS L R T I LA RS IX L 1 Al A, B
P 235 5 I 2% 235 4 A1 25 ] O 2R P9 00 6 A AR S i 3 8 08 A I 00 1) AR R R A, 7% T4 H AR R
R I ASEIB TS, BECRIEEHE A 25 i 22k DA K 3 5t i e, B 2 DB AR IR 701 280 HL il K1)
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#£1 BiEsE
Table 1 Parameters of the datasets
ol de RN B R 0 SR A]
METR-LA 207 5 min 2012-03-01—06-30
PEMS-BAY 325 5 min 2017-01-01—05-31

A SZITE Microsoft Windows 11 #:4E R 45 13547, i 1] NVIDIA GeForce RTX 4090 GPU #il Python 3.9
(1) Pytorch VR 5 2 S HEZRHEA TR ALY ZR 505, 2830 TN A A L+ 60 min 19 D7 s 8 o 11, R 12 AN sk
LIS > I AR >K 15 min 30 min F1 60 min B 3CHE O, 38 0 7 TR DX [] A T XA 18 2R 00 iE , B 2 B
NS R/IN A 32,25 8] P i 2 0 24 o 74 B B e B0y 32, FE R SR BOs Bl 4 kit AR PR A Adam {1
B, =0.9, B,=0.999, W tH5 > % y=0.001, IE WAL Z4L A =0.000 1, 5 KINGRECH 100, 5 ELE
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Table 2 Comparison of predictive performance of ARDGCN and ARDGAT model ablation experiments
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Table 3 Comparison of the predictive performance of various models on the two datasets

. 15 min 30 min 60 min
LiCiiE S s
RMSE MAPE/% MAE RMSE MAPE/% MAE RMSE MAPE/% MAE
ARIMA 8.21 9.60 3.99 10.45 12.70 5.15 13.20 17.40  6.90
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DCRNN 2.95 2.90 1.38 3.97 3.90 1.74 4.74 490 2.07
STGCN 2.96 2.90 1.36 4.27 4.17 1.81 5.69 5.79 2.49
PEMS-BAY T-GCN 2.83 3.14 1.50 3.40 3.76 1.73 4.35 495 218
Graph WaveNet 2.74 2.73 1.30 3.70 3.67 1.63 4.52 4.63  1.95
STAWnet 2.78 2.76 1.31 3.70 3.67 1.61 4.36 447 1.89
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Fig.10 Plot of true versus predicted values of the model on the METR-LA dataset for a prediction duration of 60 min
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