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Table 1 The RMSE and MAE under different input lengths of travel time series

No. length training RMSE test RMSE training MAE test MAE
1 1 92.19 86.83 67.11 65.18
2 3 92.06 88.60 64.69 65.32
3 5 86.56 82.62 63.29 64.31
4 7 88.69 87.56 61.79 65.11
5 9 89.12 89.29 67.21 70.03
6 11 85.99 87.30 59.65 66.06
7 13 83.07 86.55 58.71 66.64
8 15 82.65 85.64 58.20 64.70
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Table 2 Prediction effects of different models

GRU LSTM BPNN

RMSE 97.65 101.29 116.51

MAE 75.20 81.07 86.09
time ¢ /s 7.66 16.5 6.8

4 4 e

6T 1 SN B A T AR (R LA R LR st ] S 8 M I R s, AR ST L ATRBE 24 2T 1 GRU i
LR I FH T e T B AT AR IS ) S0, 25 T v T B A T AR IS [ S0 A DG | S A OG22 LA
T A T A R ) S R AT SRl Ak X6 ) M T AL A R R 2 A T AR (R TOI , UE B T GRU #i:
D 245 X i 8 A TR s 1) S R R A i B e 5 LSTM. 1 22 W 28 1 BP 1 2 ) 285 g X6 EL 437 6
B, GRU 2 45 () M AR A7 LSTM #2225 F1 BP it 25 0 45,

2% 3 Hk ( References) :

[1] JIWONM, KIM D K, KHO S Y, et al. Travel time prediction using K nearest neighbormethod

with combined data from vehicle detector system and au-tomatic toll collection system/[ J ].

Transportation Research Record Journal of the Transportation Research Board, 2011, 20



1296

XM Z B B M Kowp Hp

(2]

(3]

(4]

(5]

(6]

[10]

[11]

[12]

(2256) : 51-39.

ZHAO Jiandong, GAO Yuan, TANG Jinjin, et al. Highway travel time prediction using sparse
tensor completion tactics and K-nearest neighbor pattern matching method[ J]. Journal of Ad-
vanced Transportation, 2018, 2018, 5721058.

ER, BN, AFEIR. BE T K SRl QB B 1Y i 0 BRI AT R (R T [ ] b A B AR
2015, 28(1): 102-111.( WANG Xiang, CHEN Xiaohong, YANG Xiangmei. Short term predic-
tion of expressway travel time based on K nearest neighbor algorithm|[ J]. China Journal of
Highway and Transport, 2015, 28(1): 102-111.(in Chinese) )

TR, TR, WEL, % HTHE 2 00 w2 g A TR (e T [ J ], AR R 3 (A
SRBLFR) , 2016, 44(8) ; 36-40.( XING Xue, YU Dexin, TIAN Xiujuan, et al. Freeway travel
time prediction based on clustering method with data mining[ J]. Journal of Huazhong Uni-
versity of Science and Technology ( Nature Science Edition) , 2016, 44(8) . 36-40. (in Chi-
nese) )

FOLAT, RS, PR R, & BT o/C OB R AEIR AR 2 3 PR A e B R - 24471
R[] SO AL [ J . K2 R2E2 4 (A SRFHEM) , 2018, 38(5) : 106-113. (JING Lizhu, LI Qun-
shan, XU Jinliang, et al. Average travel time prediction model in basic expressway sections
based on v/C ratio and truck percentage|[ J |. Journal of Chang’ an University ( Natural Sci-
ence Edition) , 2018, 38(5) : 106-113.(in Chinese) )

MR, S, KRS, A B AT FRI ] Bootstrap-KNN X [8] T 43 Afr 5 523E [ I ] 4 5 e
%, 2018, 33(11) ; 2080-2086.( CHEN Jiaona, ZHANG Xiang, ZHANG Shengrui. Analysis and
empirical study on highway travel time interval prediction based on Bootstrap-KNN[ J]. Con-
trol and Decision, 2018, 33(11) . 2080-2086. (in Chinese) )

ZHANG Y, SHI W H, LIU Y C. Comparison of several traffic forecasting methods based on
travel time index data on weekends| J|. Journal of Shanghai Jiaotong University (Science) ,
2010, 15(2); 188-193.

EORY, A, KD, AE. ST R I e BOA TR TR RIS LR [T . LT, 2014, 31(7) -
157-160. ( BI Song, CHE Lei, ZHAO Zhongcheng, et al. A survey on the link travel time predic-
tion for urban road net[ J]. Computer Simulation, 2014, 31(7) ;. 157-160.(in Chinese) )

OH S, BYON Y J, JANG K, et al. Short-term travel-time prediction on highway: a review of
the data-driven approach[J]. Transport Reviews, 2015, 35(1) . 1-29.

KASAI M, WARITA H. Refinement of pattern-matching method for travel time prediction[ J].
International Journal of Intelligent Transportation Systems Research, 2014, 13(2) . 84-94.
E, B, a4 fE, 55 BT GRU-NN #5880 1 S 0 40 ff 00 7 i [ J ). W1 R 88 A 3k,
2019, 43(5) : 53-58.( WANG Zengping, ZHAO Bing, JI Weijia, et al. Short-term load forecas-
ting method based on GRU-NN model[ J]. Automation of Electric Power Systems, 2019, 43
(5): 53-58.(in Chinese) )

VL%, XSFAL, ZRARER, S5, /IR 28 0 25 R T — S ARk + /K P A 22 sk 1 [ I ). %R
A%, 2017, 38(10) : 1136-1145. (JIANG An, LIU Pingli, LI Nianyin, et al. Prediction of
interfacial tension between CO, and brine with the wavelet neural network method[J]. Ap-
plied Mathematics and Mechanics, 2017, 38(10) ; 1136-1145.(in Chinese) )

TEE, HE, XURE, AF ST BP WA ML S SVM [ P AT AR I (8] 205 TR AR 5T [ I 1. 1
ﬁmﬁffﬁfﬁﬁt, 2016, 33(10) : 2929-2932.( DING Hongfei, LI Yanhong, LIU Bo, et al. Expre-
ssway’ s travel time prediction based on combined BP neural network and support vector ma-
chine approach|[ J]. Application Research of Computers, 2016, 33(10) . 2929-2932. (in Chi-



FE T 114338 JH B TT P 28 PR 245 174 1o TR B4 T s T ) 1297

[14]

[15]

[18]

[20]

[21]

[22]

(23]

[24]

[25]

nese) )

XIE J M, CHOI Y K. Hybrid traffic prediction scheme for intelligent transportation systems
based on historical and real-time data[ J]. International Journal of Distributed Sensor Net-
works, 2017, 13(11) . 1-11.

ML, REDF, HRR, 55 LT RIHH s A BAT R R B[ J]. THEHL0 E, 2019,
36(2) . 384-388. (LI Songjiang, SONG Junfen, YANG Huamin, et al. Travel time prediction of
freeway based on clustering analysis|[ J]. Computer Simulation, 2019, 36(2) . 384-388. (in
Chinese) )

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

PETERSEN N C, RODRIGUES F, PEREIRA F C. Multi-output bus travel time prediction with
convolutional LSTM neural network[ J ]. Expert Systems With Applications, 2019, 120. 426-
435.

DUAN Y, LU Y, WANG F. Travel time prediction with LSTM neural network[ C]//2016 IEEE
19th International Conference on Intelligent Transportation Systems (ITSC). Rio de Janei-
ro, Brazil, USA, 2016.

TR, A, Wb B TR ST T E HRAT I TR B [ J ] RGLE AR, 2017, 29
(10) : 2309-2315.( ZHANG Weiwei, LI Ruimin, XIE Zhongjiao. Travel time prediction of urban
road based on deep learning[ J]. Journal of System Simulation, 2017, 29(10) ; 2309-2315.(in
Chinese) )

RAN X D, SHAN Z G, FANG Y F, et al. An LSTM-based method with attention mechanism for
travel time prediction[ J]. Sensors, 2019, 19(4) ; 861.

CHO K, MERRIENBOER B V, GULCEHRE C, et al. Learning phrase representations using
RNN encoder-decoder for statistical machine translation| R/OL]. [ 2019-07-19]. https://arx-
iv.org/pdf/1406.1078.pdf.

CHUNG J, GULCEHRE C, CHO K H, et al. Empirical evaluation of gated recurrent neural net-
works on sequence modeling[ R/OL]. [ 2019-07-19 ]. https.//arxiv.org/pdf/1412.3555v1.pdf.
EAAI, SRR, XU, AF. BT R GE U SOTAE PRl 28 I 2 1 S Oy e [T .
PEASl R W ( HARBEM) , 2018, 37(11): 76-82. ( WANG Tiying, SHI Pengchao, LIU
Jianggiong, et al. Research on traffic flow prediction method based on gated recurrent unit re-
current neural network [ J ]. Journal of Chongqing Jiaotong University ( Natural Science) ,
2018, 37(11): 76-82.(in Chinese) )

XIBF, RET, TR, 5 ETREEIMCEBRERITN[I]. RS0 E¥W, 2018, 30
(11): 4100-4114. (LIU Mingyu, WU Jianping, WANG Yubo, et al. Traffic flow prediction
based on deep learning[ J |. Journal of System Simulation, 2018, 30(11) ; 4100-4114. (in Chi-
nese) )

KINGMA D P, BA J L. Adam: a method for stochastic optimization] R/OL]. [ 2019-07-19]. ht-
tps://arxiv.org/pdf/1412.6980.pdf.



1298 byl 7N 4 5 2% W K oHL p

Expressway Travel Time Prediction Based on
Gated Recurrent Unit Neural Networks

LIU Songl’2 , PENG YongI , SHAO Yiming] , SONG Qiankun’
(1. College of Traffic & Transportation, Chongqing Jiaotong University,
Chongqing 400074, P.R.China;

2. Chongqing Key Lab of Traffic System & Safety in Mountain Cities,
Chongqing 400074, P.R.China;

3. College of Mathematics and Statistics, Chongqing Jiaotong University
Chongqing 400074, P.R.China,)

( Contributed by SONG Qiankun, M. AMM Editorial Board)

Abstract: To efficiently predict the travel time on the expressway, the travel time was studied
with the gated recurrent neural network through collection of the swiping data of vehicles at toll
gates on the expressway. By means of the developed prediction computer program, the effects
of the proposed method were then tested with the charging data of the Guangzhou Airport south
expressway. The results show that the prediction effects are satisfying. Comparison with the
LSTM neural network and the BP neural network indicates that, the gated recurrent neural net-

work is better in prediction accuracy.
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