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Abstract

Efficient traffic flow prediction is crucial to improve the performance of intelligent transport sys-
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tems. The main challenge is to accurately model complex traffic dynamics and comprehensively
capture the spatio-temporal correlation of traffic flow data. Many spatio-temporal networks
struggle to handle the distributional variations of the non-stationary part of the traffic flow time
series and lack efficient algorithms for modeling spatial correlation. Therefore, a new decoupled
traffic flow prediction simulation model (D-EFGAT) based on optimized graph attention networks
was proposed. The model utilized a new decoupling-fusion framework that employed quadratic
decomposition to separate complex traffic flow data into stable trends and fluctuating event se-
quences. The trends and events were then modeled separately using a dual-scale spatio-temporal
coding network, and finally, adaptive fusion was performed. Furthermore, an attention screening
mechanism and dynamic spatio-temporal graph encoding were introduced into the graph atten-
tion network to model dynamic spatial correlations more efficiently. Simulation experiments are
conducted using the traffic flow dataset from PeMS in the U.S. The simulation results show that
D-EFGAT has the optimal prediction performance compared to the baseline model.
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PR PR3 T A2 DA RIR T A @ BT R 7 R Bh . AE R EI T A% O ARG 4, B REACIE RS
(Intelligent Transportation Systems, 1TS)#) 72 I FH T BR AN 5035 AC AR o AS @I TMNE 9 ITS (1) 24,
RZR) T ZIE 5, HA B H R 00 AR s A5 B 2R USCHE 21 1 77 58 58 38 A4 R T A >R A8 i
RGN . SCER[LAEH,  HERA 028 I8 IR T T 7 2 Fp Al N PR B EAE A, WfE 5S4l 2l
XI5 ZE R L

ST AT S I 0 B2 2% I (R AR DL AR IR 2 TR B 25 (1) 25 TRV AR DG 1, A8 3@ i Tl Tl i 25 EK
PIPkaR . BRI, A 7 HERR TN AR RS @, B i U AR A 1T XA IR RO . R AN
G H PR gt 7 v B AT A IR S, 40 st T 45 (Historical Average, HA). H [\l H 45 & 5 °F 15
(Autoregressive Integrated Moving Average, ARIMA). [ & H [7] 5 (Vector Autoregression, VAR) %157 . 44
1T, IXEET 52 R 2R AR5, M DAR A il i B vh AR R AR DG . BEE T BRI R, SRR
TR K IEAREIEENLAS 52 ) VN T A IR T, SR E AT AT LA IR B O 5 A e (R, (H
se N THEHUPHRRE R T ez iR

B8 IR P 2 IR MR E A AL 25 0 1R S5 A AR R 3y, L5 KR RE R 5] 1 A i 43
IR FEN G20 — FRBNASB T 7 1E T U IR FE 2 ST R, 43 Sl %o e A A s 1) 2 ae8 50 w0 I i) A =X
HEHAT R, X6 )7 AR IR PR M4 M 2% (Recurrent Neural Networks, RNN). I %5 35815 2% (Time Convolu-
tional Networks, TCN)F1 Transformer. SRTX L6 7772 H 25 58 21 52 10 i 20 OB A AR, 7208 17 I 19 Hp 4 Je&
AR A A AIAR IS o D T SR A [ AE OGP, B2 M 2% (Graph Neural Networks, GNN)# 4 - Li [2]
T [RIB A R 2 A DG, $2 HY DCRNN (Diffusion Convolutional Recurrent Neural Network), 1585 4%
[ R A R R e BB E, FEEIN T — Mo BRI E——3 8B, IFE Seq2Seq HESEH
KT PR B G A MR . R1, DCRNN KA 7 F5E S, Ik 4238 W 4% 1 [ 2 SR Fh 45 7
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A R R A 388 2 Y HR (4R Fh S R RS SORERENIR, S5 6 D SEAS @A, K IE IR A I BE R, A
P8 1 28 JE AL PO £ A B PR A Ak R

-~ R% -~ R%
= #23]
2 #35
“; — E— ek 2% X 4% _— —
= / /
s
=l - - - - - 75 s o i s
0000 0448  09:35 1424 1942 00:00 (b) BB AR
#23
- #35
=
2
= = R}""’e B} 2= PRI % — = R@%
0000 0448  09:36 1424 1942 00.00 - -
#23 - —> | Bl— ~
= #35 / /
-
= Pi st LR Pi st

0000 0448 0936 1424 1912 00:00
(a) B FIRE (c) FERE-RL S HEZE

Figure 1. Traffic flow sequence characteristic and traffic forecasting framework map
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W22 — DA R G, XA B 8 AE 1) 7 VAL AR AT I8 T 5 8] (R B A5 ORI I AR AR BR il o A1t
BT EE R 1M 4% (Graph Attention Network, GAT)# 2 H T KA@M BN . Guo %5 A[6]42 Hi 1
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Figure 2. D-EFGAT overall framework diagram
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Figure 3. Decoupling layer diagram
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Figure 4. Causal convolution and temporal attention structures
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Figure 5. Structural diagram of EFGAT and adaptive fusion decoding layer
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A THI 25 FE B AS WAL T A5 e A3 7 51452k, D-EFGAT & 145 2% B H50E S«
L = qusion + L(rend (26)
4. FESW R 4
TEARTIH, N T D-EFGAT fEw &S EEvil, 75—/ E 9L s o B 2 s A 45 L 7 K&
TFESZE, B RS0 I8 E D-EFGAT I8 MEE 1M BE 0 BT S B 2
4.1. BIEE
AT BRI AT =N ISt A R Al s 52, 7 )& PEMS04. PEMSO07 A1 PEMSO08.
% 3 AMEdE4E 1 Caltrans Performance Measurement System (PeMS) &4, 2 25 [E iR 4R J TV M = BHR 7 [X
R A B A B IR AE . B EVEAN(E B W 1 PR,

Table 1. Dataset details
%= 1. BUREIFE

RIEES T AL fi i) 52 s 5 ] o i 151 715 [l

PeMS04 307 16992 5 min 01/01/2018~01/28/2018

PeMS07 883 28224 5 min 05/01/2017~08/31/2017

PeMS08 170 17856 5 min 07/01/2016~08/31/2016
4.2. BERA

ASCH D-EFGAT 5T 11 M AL E T X B«

(1) HA: 57 S0P 35 753, K 25 —Isf A) B~ 240 4E - 7l

(2) VAR [13]: [ & [ A8 7 — Tl SR I [A) A SC PR R ) A

(3) SVR [14]: S Ia) 5 [R]85 S ) S AL A gt Tl AL A% 2 2] 7 v

(4) LSTM [15]: EA T 1HHLH] K A2 /R 2% o

(5) STGCN [16]: Ktk EIERE — 445 & B 2= B S R AL .

(6) DCRNN [2]: ¥ BB I 25 J2 — FioR FH i 2% - S 24544, K4 # GCN 5 GRU 454
IR

(7) GWNI3]: —Hhgh 47745 TCN A4S (8] GCN, S FH [ 38 o A 420 B ) 4 28 o 28 AR

(8) AGCRN [4]: it 254 GRU AMEH H &M E ) GCN, RIS 73 AH S PR I AR A

(9) STSGCN [17]: &I #4EE Z N RE i 2 B B AR 2 I 2

(10) ASTGCN [6]: —FhHEaF 233 2 ALH] 51\ B 5 AR WX 45 f R A

(11) LSGCN [7]: —FiR H 1145 BB HR ARG . R 2 ) 2 ) 00 R (1) RIS A I 265

43 MEXESHRE
B EIR =AM T SRR, (RSB EAT e, Rl Z-Score JA— X BdE HEAT b i
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b, PAR/D B REARKHSE RS (52 . T A B R AT % R 6:2:2 P LLBIEAT R4, 3 BT RN 454 . BiF4E
AN o

FTA 1 BAE— G4 Intel(R) Core(TM) i9-12900H @ 2.50 GHz CPU A1 NVIDIA GeForce RTX 3070Ti
GPU (it EHL L7 . ARSCRAIT LR AE T =12 R P =12 28@ . (EREATRAETH4ERT, 4R E
YERE d 2y 128, RSB RIIEZ K KN 2, BURER B gmid =0 Z480 L B 2. AU Adam flfb2t
WGREARL, iR & E N 0.001, batch size 4y 64, dropout 24 0.5, epoch A 200. 7E#EAT 20 Vil
i, HAPURAEDE, 2 S]FTREE] 0.0001

4.4, FEIEER

AR = AR HE PRI TR AR AR AL BT A R AR BE , 20390 9 P 4 %R 22 (MAE) s $77 iR% % (RMSE)
M 23455 1 70 bb iR 72 (MAPE) . HE LR

MAE =ii X' -y 27)
\
~100% &X' -Y'|
MAPE == 21:| X (28)
13 i il
RMSE = Wé(x —Y) (29)

Y R BT A E A A, X R S .
45. FEGERMEES SR

R D-EFGAT 1E = A ESEAZ W AR & F U AR — /N (12 AN D) P38 e O F 5 2R 2%
FERIIAT 7 LB, SR 2 . WEESs A, D-EFGAT 7E3E 4 PEMS04. PEMS07 1 PEMS08
EEUE T BRI TRINSOR . R SR 4 PEMS08 |, D-EFGAT HEAUA T PEAEHEAS o5 (A, I
MAE 27} 7 9.87%, MAPE #2777 4%.

BARB|BAFELAEAY, B GETHT7(HA)E PTG B rh R I e 22, TR1 I AT DA A D e 8 000 ) e
IRAKF. BhAh, LGiHLEs 2% 21 J7 (VAR Fl SVR) 45 St A S T & 4 8 A, RO e 2T
FRBURFE, VAR AR ERBIOC R . M ERIA LSTM MERe Bz, MRS IR R A A A% 1
A2 0 I A ) B TR AH S, T 9 2B R AT IE I A ) 2 (B AH 5GP . STGCNL DCRNN 1 STSGCN [ i
ZE TR ARG, BORTELE, AREATAE A RO AR R 7 REE S, R BRA AR AT Y R (R AR
T, R R AR AN B TR B LI A ASTGCN . 33 5 J ML A 0 Ab BB K i It 1] 2 91, 9
Hl I B 2 1 S B B AR AT 5 AR 2 TR 0% 2 . GWIN 5 AGCRN HH 151 N B & B AR 455 [
B A BRI B A N S A OCVER IR AR /), BIBUVERRIR AT . M S 2, D-EFGAT 1P A HdE £ FATEL
BT ffEtEfe, EEG=AER: B, D-EFGAT K ag il a] e 51 i s a RSk TP AL B, fehs
GfR AR HR, RSO B T BE R R G BN 2 I B ThRe, ARl A AR TS
PHE R )5, D-EFGAT $2H T —Folish A B 2= gt Jrik, it E NEAE R, A 280 3k 2=
WM. BbAl, BESE S TG 2 18] 1R 22 5 T [R5 K m BE A 96 . 14 6 8 D-EFGAT 5 STSGCN.
GWN F1 ASTGCN 7 PeMS04. PEMSO07 A1 PeMS08 %k 45 [, il A kA [\ B 8] 25 (5~60 min) %8 il
WERZRBATR . 7T LG 2 D-EFGAT 7EFTA I (8]0 L AR LL LA /IR ZE, Rl R AE K
HIL B T
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Table 2. Comparison of average performance of different models predicting the next 12 time steps on the PeMS dataset
F 2. PeMS B L REMRBIFUNARR 12 BTIE) S A0 RELL IR

. PeMS04 PeMS07 PeMS08
MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE
HA 38.03 59.24 33.78% 45.12 65.64 24.51% 34.86 59.24 27.88%
VAR 24.54 38.61 17.24% 50.22 75.63 32.22% 19.19 29.81 13.10%
SVR 28.70 44.56 19.20% 32.49 50.22 14.26% 23.25 36.16 14.64%
LSTM 26.77 40.65 18.23% 29.98 45.94 13.20% 23.09 35.17 14.99%
STGCN 21.16 34.89 13.83% 25.33 39.34 11.21% 17.50 27.09 11.29%
DCRNN 21.22 33.44 14.17% 25.22 38.61 11.82% 16.82 26.36 10.92%
GWN 19.36 31.72 13.31% 21.22 34.12 9.07% 15.07 23.85 9.51%
AGCRN 19.83 32.26 12.97% 22.37 36.55 9.12% 15.95 25.22 10.09%
STSGCN 21.19 33.65 13.90% 24.26 39.03 10.21% 17.13 26.80 10.96%
ASTGNN 18.60 30.91 12.36% 20.62 34.00 8.86% 15.00 24.70 9.50%
LSGCN 21.53 33.86 13.18% 27.31 41.46 11.98% 17.73 26.76 11.20%
D-EFGAT 18.55 30.45 12.28% 20.12 33.65 8.38% 13.52 23.65 9.12%
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Figure 6. Comparison of prediction results of various models at different prediction time steps
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4.6. HRRTR SR

N T ISR ASSCHE A A - Rl G AE S AE AT @ R T A RtE, 7 LSGCN F1 AGCRN H3hn 1 i
- BRAHESE, JEA T LSGCN+HI AGCRN+M MR AR 5 A& (1) 7 L5 SR N2 3 Fro. H4 3 1]
I, ARSCHR A RS- Rl G ME ETE BT AT 55 LT L i 31 iy (4 HE 22 HUAS T B A (R 80R B0 iE 1 0 mT LA 2o
AR A 7 41 ) 43 AT AR AR T R R 52

N T WA D-EFGAT HHANAYLERIA Xk, ASCK D-EFGAT S IUAAS R AR #E4T 1tk , BEAkdn
T

w/o DF: 7t D-EFGAT %:fifi I, ZBRMEANZ, BDEfEmEmAELe, BB AL .

w/o EFGAT: 7£ D-EFGAT 5l |, ?Eﬁma@%%@féﬁmé%%ﬁjﬂﬁﬁ GAT.

w/o TPM: fE D-EFGAT J&fifi I, 2Bk EFGAT H I ahasm = R .

w/o MS: 1 D-EFGAT %&fili b, Zdi@aAFminEs:>], RS @ E 2]

% 4 5 D-EFGAT 5UMA R A AN LL 2 R, 5 HASKRAAEL, 5611 D-EFGAT RILH i EVERE
BAKME “wlo EFGAT” BItERER 2, KNI CREE E MG B CEE, BIE4A R B2 1IG
NEHAS R A, BENS RIE IR AR RS . “Wio TPM” (45 5 BT A B P A 2 GAT il
HAFENE, ErT LEHIR A, “wlo DF” M T D-EFGAT RILE %, BONE 2 THER
BT IR RS . AN, “wio MS” FIPEREAR U D-EFGAT, X3 B ik 34 S5 1 1y s B 2%
SIR R ERAE . R AT DA 4518, ASCIR H AR AR - A HEZL AN EFGAT X Ay Tl & -3 A 21

Table 3. Performance comparison of LSGCN and AGCRN with and without decoupling-fusion framework
% 3. LSGCN #1 AGCRN A T f#8-Rh S HESR M RELL IR

. PeMS04 PeMSO7 PeMS08
MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE
AGCRN 19.83 32.26 12.97% 22.37 36.55 9.12% 15.95 25.22 10.09%
LSGCN 21.53 33.86 13.18% 27.31 41.46 11.98% 17.73 26.76 11.20%
AGCRN+ 19.02 31.42 12.80% 21.50 35.00 9.01% 15.30 25.01 9.93%

LSGCN+ 21.00 33.12 13.56% 26.71 40.52 11.19% 17.03 26.12 10.72.%

Table 4. Results of the comparison of D-EFGAT with four different variants on the PeMS dataset
3 4. PeMS #(#E% £ D-EFGAT SMMAE R At bL R

N PeMS04 PeMS07 PeMS08
it

MAE  RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

w/o DF 19.61  32.01 13.15% 2052  34.54 871% 1421  24.69 9.65%

w/o EFGAT 20.09 33.86 14.12% 2231 36.46 9.98% 15.73 26.76 10.30%

w/o TPM 19.49 31.92 13.03% 20.35 34.49 8.51% 14.01 24.42 9.43%
w/o MS 19.32 31.35 12.65% 20.34 34.12 8.46% 13.75 24.03 9.21%
D-EFGAT 18.55 30.45 12.28% 20.12 33.65 8.38% 13.52 23.65 9.12%

4.7. BS¥ S
N T DS E BRI, ASCAE PeMS04 Al PeMS08 Hitii 84T 1 {1 Sk
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7 J&/R T D-EFGAT HAIEE IS A XU I 23 gufid Z 40 L ARFER R 4E R d R Ib I PERE L.

TR ZEIT LRIV, A SR PR S gD S H O 0, SRR 2 e RS e, 7E LA 2 B, R
RIPERERRAL . HLUk, BHEFRRYERE d v 128 IS}, D-EFGAT W] LUk B thft. SAR, Bhnhss 2% i
BRI AR ERAERE S, (I 2 MRHIE T e TR I B RAE R SIS, SO SIMEGE TR
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Figure 7. Prediction errors of hyperparameters d and L on PeMSD04 and PeMSDO08 datasets
E 7. #5% d 5 L 7£ PeMS04 71 PeMS08 #i#E5E ERYFMIRE

5. ZHRiB

AT A T DA e B B R 0 2% 1 g s R TR (D-EFGAT) i RSR AT — Fbif
PRI - AL HEZE, RENEAT A BRI B AT P S I 0 AT A AL el R S IR AW FEM SRR IR E, A3 AS
UL 4518 56, D-EFGAT BALEIE R AR, Ry HheRs S8 Hdfe 20 il s e 55 A sl A
TS X AREARR T A Rt Al T B RS e, JF N JE BRI A i S 4 1 S D i b B Bl A
Hx, ERZEgEET, 46 7TRRER. HENEZE /M EFGAT XA MFRILFEMEM, 2k 752
SR 4GOSV € 72N ] - A0 ) el L1 P F S i 4 oy 0 S e ST X tab i R o/ PR e
FINER AT EALR M S A 25 B i, s SRS EE R M R, AR R . =4
FUSEHE A A SR 4R B0 FOSRIR 85 SRR, AR AU AE TS P2 b 25 AT DA I e AR . S
Rl SEISAIE I 1 A SCER R PR BRI A (A R o AR AR - R S HEZLR G2 U sl F A 17 1) (7 A A2
(ELAE AL PR AR P 1IN SR 2 PR R G A MBI 705, A AE— S5 PR . FEARSRIGBE T, At — PR
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