% 46 %% 8 FRRXFFHR Vol. 46 No. 8
2023 5 8 A Journal of Chongqing University Aug. 2023

KT BRIz P gt 15 T 14506 2h 0 e 11 52 {0 4 %Y

iTQ‘_ila,i_‘%ﬂ_ Ia,ié}‘i__‘z,gkﬁﬁ Ib’ﬂﬂ_&% la
(1. PEAARAZERF a RBEHEFHR; b.ZERNKZALFR,IL T 100038;
2L AHMHEKE BAZEER,FEH 250000)

WE AN LBARTEZ TN, IFFTRLALAAN RN ARES, A THDE -HBS
(encoder-decoder, ED) # % #2 4% £ M % (convolutional neural networks, CNN)- 1 /& 38 £ 7T (gate
recurrent unit, GRU)EE A | & #k ED CNN-GRU. # %1% Al CNN £ 4 % 25 35 , xF & 387 5 9] #4715
BT, B Lk 45 88 GRU M 5 3t /7 M8t . 3 4E 9, xF )b CNN.GRU £ A4 A,
EDER A 2 Mk TR £k RRFM, b LK 48R CNN, GRU £ & 2 T 3L 7% 5 7
MHFAERBREMERABARS, T TAR AT KO EBRET ANAES, b LR A,
BB Z MmN OLe9 ED CNN-GRU B A #9375 iR 2 T 54 0.344~6.464, FH 8312 2 TH 4
0.192~0.425, st E B E4 N, $ B EF4#H AT ED CNN-GRU B A A BIFFAM AL A . A T
ED CNN-GRU £ & /£ R Rl #ir N 4t 69 % F B A Tl P AL 4 P 39 B RAF O TRM AL 1, A 2038 35
BEMHRRGRTRET —ALBLEREZRSREIMAB LG S P @AM AR,

K FEE B AFAM ;CNN;GRU; % A% B -5 %5 %

FE4SHES :TP183;U491.14 MERARAARD A X E4S:1000-582X(2023)08-132-09

Multivariable traffic flow prediction model based on
convolutional neural network and gate recurrent unit

WANG Bowen", WANG Jingsheng", WANG Tongyi’, XIA Tianyu'", ZHao Danting"
(1a. School of Traffic Management; 1b. School of Information Network Security, People’s Public
Security University of China, Beijing 100038, P. R. China; 2. Department of Electrical Information,
Shandong University of Science and Technology, Jinan 250000, P. R. China)

Abstract: For multi-step forecasting of traffic flow, a convolutional neural networks (CNN)-gate recurrent unit
(GRU) model based on encoder-decoder (ED) framework was proposed, referred to as the ED CNN-GRU model.
In this model, CNN serves as the encoder, capturing information from the traffic flow sequence, which is then

interpreted and outputted by the GRU decoder. Experimental results show that compared with CNN and GRU

Yok H#A:2021-07-28 4% H AR H #1:2022-04-14

ESTHE A LA LB BB 58 110 % B0 H (2020LLYJGADX020) 5 H [ A R 2 %2 A 27 R A B 1F 2 B} L ik 7
AR R H (2022JKF02013) .
Supported by Public Security Theory and Soft Science Research Project of Ministry of Public Security
(2020LLYJGADX020), and Project of Basic Theory System of Basic Scientific Research Discipline of People’s
Public Security University of China (2022JKF02013).

ERE A £ M3 (1999— ), Lo, B AF 58 28, 2 %NS BE AC il L A2 il & A B 2 8 U7 ) BF 5Y L (E-mail)
20162131001 7@stu.ppsuc.edu.cn,

BEMEE: ERIH(1970—) 3 BIEZ , 32N F 8 G8 2¢ 0 7 [ i 5%, (BE-mail) wjs1970@vip.163.com.



% 8 I, E A T ABRMNZERNE L 7355650 38 06 3R 7T 42 A 133

models, ED framework effectively solves the problem of rapid error accumulation. Compared with other
benchmark models, CNN and GRU models are superior in feature extraction and interpretation of traffic flow
series. In terms of the traffic flow prediction task of 12 steps in the future, compared with other benchmark
models, the root mean square error of the univariate input ED CNN-GRU model is reduced by about 0.344 to
6.464, and the mean absolute error is reduced by about 0.192 to 0.425. Additionally, compared with univariate
input, the ED CNN-GRU model with multivariate input exhibits a better fitting performance. These findings
confirm that ED CNN-GRU model possesses strong forecasting capabilities for multi-step traffic flow forecasting
tasks with varying input dimensions, and provides a multi-step traffic flow forecasting model that supports both
univariate and multivariate input for cities with diverse data acquisition conditions.
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Fig.2 The internal structure of the GRU

1.3 Encoder-Decoder 2514
I i 4 - 15 2% 25 #4 (encoder-decoder) ] 14 B [a] 5 51 T30 0, 38 32 5+ Asf (8] 7 1) 4 00 38 7R o — B ) i,
I HWE T 45 1 T 5 8 7 S A SR AR K 1) it il 2 B TN 254 5 i SR R n) R

2 EFED CNN-GRUEB WM AL

F SR AR 25 A T 1 3 T 7R

WAEZE HiSEE-CNN

Fully-Connected V2 5-GRU 2
B TimeDistributed 2
E I L :
BEE i MWALZ s TimeDistributed
RepeatVector/Z

B3 HREBRLEH
Fig.3 The structure of model in this paper
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Table 1 The average RMSE and MAE of each model in 12 time steps

- PEMS-04
RMSE MAE
ARMA 53.123 5.992
SVR 52.445 5.965
XGBOOST 51.799 5.977
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t+1 +3 +6 +12 +1 +3 +6 +12
ARMA 38.243 43.418 53.122 64.985 5.051 5.431 5917 6.697
SVR 37.753 42.509 52.311 64.162 5.043 5.405 5.891 6.681
XGBOOST 37.664 42.013 51.507 63.442 5.084 5.402 5.994 6.721
RNN 34.815 41.773 50.724 63.403 5.038 5.397 5.981 6.672
CNN 34.839 41.682 49.143 62.043 5.032 5.341 5.903 6.632
GRU 34.831 40.839 48.933 59.482 5.043 5.337 5.895 6.581
ED CNN-GRU(Univariate) 33.636 40.408 48.417 56.508 4.923 5.269 5.808 6.397
ED CNN-GRU(Multivariate) 33.608 40.227 46.479 56.338 4.158 4.787 5.737 6.360
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Fig. 4 The loss curve of the model on the training set at #+1 and #+6 time steps
H ] 5-6 15, JCE 1 1 28 1 e (B 34 2 P I 4, ED CNIN-GRU A58 1 78 AN [R] A9 4 A 254 T 34 fil 8 3 B4 g T

45 2R ] R AR A S B A, ED CNIN-GRU B B 75 22748 B iy A 2% 1 BE A HCH S PO ROR , O Hodle AR 2%
AN TR) B9 3k SR L 17— A S PR AR i e 20 A i A ) S 3 TN A



TR XK FFIR

% 46 %

138
600 -
— VOLUME —— SVR ~—— RNN — GRU

so0.— ARMA  — XGBOOST — CNN —— ED CNN-GRU(Univariate)
=
.E 400
=
)
2 3001
i
15 200
]
® 100

1 1 5 1 1
0 500 1000 1500 2000 2500 3000 3500
HARFS
(a) i+l
600
— VOLUME —— SVR ~_RNN — GRU
500l ARMA  — XGBOOST — CNN —— ED CNN-GRU(Univariate)

£ 400
=

<

2 300
i
18 200
"
® 100

1 1 1 1 1 1 ]
0 500 1000 1500 2000 2500 3000 3500

FARFS
(b) t+6

5 BHEEAL BT KTENKE ERNEHE

Fig.5 The fitting curve of the model on the test set at t+1 and t+6 time steps
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Fig. 6 The fitting curves of ED CNN-GRU models with different input states on the test set at #+1 and #+6 time steps
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