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Short—-term traffic flow prediction based on STL-GRU-Transformer
GAO Zichen, NIU Xuejun

(School of Traffic Management, People’s Public Security University of China, Beijing 100038, China)

Abstract; With the development of intelligent transportation systems, improving the accuracy of traffic flow prediction has become
a deepening research topic. Considering the periodic and nonlinear characteristics of short—term traffic flow on roads, this paper
proposes a method for short—term traffic flow prediction based on a combined STL-GRU-Transformer model. By using seasonal-
trend decomposition through locally weighted regression (STL), traffic flow data is decomposed into seasonal, trend, and residual
components, allowing the prediction model to better capture the characteristics and future trends of the traffic flow. The GRU
model, known for its simple structure and computational efficiency, is used to predict the seasonal and trend components, while the
Transformer model, adept at handling complex residual signals, is employed to predict the residual component. The results show
that the STL decomposition method significantly improves prediction accuracy, and the Transformer model demonstrates excellent
performance in predicting residuals, substantially enhancing the overall model accuracy. The combined STL - GRU - Transformer
model achieves a Mean Absolute Error (MAE) of 25. 67 on the traffic dataset, improving prediction accuracy by at least 5. 98 in
comparison with single models, which represents an 18. 89% improvement.
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Fig. 2 Diagram of Transformer model structure
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Fig. 4 Flow sequence results of STL decomposition
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Table 2 Prediction accuracy table of combined model

oA Ay MAE MSE RMSE
STL-GRU 28.90 1597. 84 39.97
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STL-GRU-Transformer  25. 67 1 244. 84 35.28

4 ZERIE

AR T —Fp LT STL-GRU -Transformer [
IS 52 3 A T 5 i AR BN R A58

(1) STL F3fif J5 1 e A R4 HUAg 38 Ui 122 1) e 3
g, o R BT R AR A B T GRU B
AU OCHERAIE

(2) Transformer B0 X 5% 2255 i b HULA 25 T
P2 T B ARAR Y T HOR

(3) SO ST Y i , 3T STL-GRU-Transformer
(2 G TITIABE A 2 B i o O S ) T 28051, 45 2R 3R
W12 RO R TN BCR B9 MAE 24 25. 67, MSE
1 244.84 RMSE JJy 35. 28 AR T EARE AL T 8OR 22 /0
T+ 18.89%

[1] i

L BUEDE, X%, B REACE 28 4L H AR I A2 1 I N R 4
BB T].

T, 2004(2) ; 28-34.



%6 M BT, % 3T STL-GRU-Transformer K %5 i 3238 7 1t Fi 0 89

|

[2] STEPHANEDES Y J, MICHALOPOULOS P G, PLUM R A.
Improved estimation of traffic flow for real time control [ J].
Transportation Research Record Journal of the Transportation
Research Board, 1980, 7. 28-39.

[3] EWed:, A&, JHEK, %, 5T ARIMA-GARCH-M #Z!
PR I S 308 O BN D9k [ 7). B AUSCE R A A i, 2018, 42
(4): 79-84.

(4] Z2U0E, BRTE, SRARZE. ST I8 B 2 A w0 /N A A K
GHMT]. LT TRBEAR K2R (A AR, 2000, 19
(6): 656-658.

[5] Eik, BHAR. MNSCERBUIERILHGAT]. ITS @il 2005,
7(1): 10-13.

[6] VYTHOULKAS P C. Alternative approaches to short term traffic
forecasting for use in driver information systems[ C|//Proceedings
of the 12™ International Symposium on the Theory of Traffic Flow
and Transportation. Amsterdam ; Elsevier, 1993; 458-505.

(7] JAh. A Bl 50 o3 H R i J i Sl i R 58 [ D). B
A RMIRSE, 2022,

[8] XgRMh, R&GWF TEI MMV LGER[T]. FHl 5PR,
2022, 37(11) . 2753-2768.

[9] HOCHREITER S, SCHMIDHUBER J. Long short—term memory
[J]. Neural Computation, 1997, 9(8); 1735-1780.

[10]CHUNG J, GULCEHRE C, CHO K, et al. Empirical evaluation
of gated recurrent neural networks on sequence modeling [ J].
arXiv preprint arXiv, 1412. 3555, 2014.

[11]VASWANI A, SHAZEER N, PARMAR N, et al. Attention is all

you need [ C]//Proceedings of the 31* Conference on Neural

Information Process System. Long Beach, USA: NIPS
Foundation, 2017 5998-6008.

[I2TBRSE, £, IR, 5. FE T8 IHE S0 00 o 20 B 28 Tl I &
SEIR T[], SSlfR RS % 4, 2023, 41(1) ; 124-131.

[13] F#i#T, = K. 3T GA RBF Al Cao JrkByas 28 i
B[ 1], 3SEfE R 544, 2023, 41(1) : 115-123.

[14]JAH, FEI&M. 3ET SSARX-NARX A (1) 55 i 5 38 i
[J]. ZSlfEE5%4, 2019, 37(4) : 89-95.

[15]EDE, ibedE, IET. ZET/M I GRU-ARMA BiBU(1Y
23 PRIl R A I T vk (7], ARHAE B 5% 4, 2022, 40
(4): 177-184.

[16]ET, MR, Bist, 5. FT PSO-LSTM (1 Hif A2 i Iii it
TR PR [T]. R B U A BE 2 i ( AR RR) , 2024,
24(1) . 29-32.

(171 EACH, 220, FE~FIL. HT Bayes— ARIMA 5% X 2\ 4 5 i
PRI T]. A, 2024, 69(4) : 225-234.

(18 1ERIEA , SREERN. Z5& M) R ST HLE Y Bi-GRU-Auten (Y5
IPAZE A B [ 1], L7 TR AR R 220 (A RB#R) ,
2023, 42(6) . 763-768.

(191 JEWE =~ , IME, ZRidA. BT L & LSTM M i i
FAAZE BRI T]. JOER R R =24k, 2024, 50(1) : 57~
65.

[20]FRES, MiRSC, BN, 45 T RS FRl & 2 R IR
A3 VL e 25 PR R [ T ] ) P WS K2 24 4 (A AR
BR), 2023, 41(4) ; 33-46.



