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Abstract

The volume and the speed of traffic are the key factors for establishing an intelligent traffic system. The latest
technical accomplishments such as Internet on Things, big data and artificial intelligence made various deep learning
technologies possible to be used for predicting traffic conditions. In this Paper, we propose a CNN-RNN-Attention
prediction model combines three models to reflect the spatial-temporal characteristics. Convolutional Neural
Network(CNN) and Recurrent Neural Network(RNN) are used to learn spatial and temporal characteristics of roads,
respectively. Then we go through the attention model which improves the performance of our model by calculating
the weights of CNN-RNN results. The proposed model was tested using the link speed data of Korea Expressway
Corporation, and it was proved that the performance result was superior to that of the CNN single model, the RNN
single model and the model which are combines CNN with RNN.
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1. Data sets
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Columns

Values

date_day

20210101 ~ 20211231

date_minute

every 5 minutes (00, 05, 10, ... 59)

route_num

36 routes

Link_id

1978 links

lane_type

1 regular lane
2 bus lane

avg_speed

average speed of link

link_length

100m ~ 16,740m

link_type

rest section: 11774
regluar section: 186174

road_grade

express way: 1,918 counts
city national highway: 60 counts
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Fig. 1. Training data sets
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Table 2. Performance comparison by modeling method

Modeling MAE(t+30) | MAE(t+60) | Total MAE
CNN 583 6.27 6.05
RNN(GRU) 6.62 7.22 6.92
CNN+RNN 5.62 6.13 588
CNN+RNN+Attention 512 551 532
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Table 3. Hypter parameter optimization
Parameters Values
# of convolution layers [2,3,4,5]
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Table 4. Train time by modeling method

Modeling Train time(sec) | Predict time(sec)
CNN 147 1.32
RNN(GRU) 102 1.28
CNN+RNN 256 1.34
CNN+RNN+Attention 272 1.31

B =2dAe B2 374 EAF At o
iE *ﬁi} EAS Wrys} l %’46‘}04 379 2d

= 9= 2d& A
kgt CNNJJr RNN<Z %Lﬁ—o}ﬂ ERo 4 5
A AAY S4E A% shaeta, SaE Al
Attention 7%= HE3ste] THEAE Hste] HF
cﬂ—% 2ds sk,
= 4% 2l Iz YAsien, de
= f8 ) AEERS} ENISSEY 5
58 T2 A f:f}%l%ii*}fﬂ EERS
HolEE 2Lkt A FAE At
% ol A= A% 49+ ZME]E 5
1 232 Adsiion, 10 As 54 P39

ofN 1P b 03i _l
b mlm o

D o2 e

o]

s



Journal of KIIT. Vol. 20, No. 3, pp. 19-26, Mar. 31, 2022, pISSN 1598-8619, eISSN 2093-7571 25

o
m
ok
HO

VE 4 B39 HZ 147 HolHE
% i% tolEH = YAt AAE HZ HlolH
B =R A xﬂL }{— £% 43 293 CNN
] 72|31 CNN3} GRUS
st on, g =g
g SHA.

2 o l-l:l
4o o

o% e

o -4 g

o F&

w (Ml o
o,

¥ oX,

vo IO ox
il

T

>

 H

s

ﬂl\l‘l

o

H

o

QL

&

£

T )
=

-

o

frtt

e

AR

ol

Y
o
=

i

b

1,

frt

_?{_:

oy

ol

s

References

[11 H Yuan and G. Li, "A Survey of Traffic
Prediction:  from  SpatioTemporal Data to

Intelligent  Transportation”, Data Science and
Engineering, Vol. 6, pp. 63-85, Jan. 2021, https:/
doi.org/10.1007/s41019-020-00151-z.

[2] B. Smith, B. Williams, and R. Oswald, "Comparison
of Parametric and Nonparametric Models for Traffic
Flow Forecasting", Transportation Research Part C:
Emerging Technologies Vol. 10, No. 4, pp.
303-321, Aug. 2002, https://doi.org/10.1016/S0968-
090X(02)00009-8.

[3] B. Williams and L. Hoel, "Modeling and
Forecasting Vehicular Traffic Flow as a Seasonal
ARIMA Process", Theoretical Basis and Empirical
Results. J. Transp. Eng. Vol. 129, No. 6, pp. 664-
672, Nov. 2003, https://doi.org/10.1061/(ASCE)
0733-947X(2003)129:6(664).

[4] B. Williams, "Multivariate Vehicular Traffic Flow
Prediction Evaluation of ARIMAX Modeling",
Transportation Research Record Journal of the
Transportation Research Board Vol. 1776, No. 1,

pp. 194-200, Jan. 2001, http://dx.doi.org/10.3141/

1776-25.

[5] H. Wang, L. Liu, S. Dong, Z. Qian, and H. Wei,
"A novel work zone short-term vehicle-type
specific traffic speed prediction model through the
hybrid EMD-ARIMA framework", Transportmetrica
B: Transport Dynamics, Vol. 4, No. 6, pp. 159-
186, Jul. 2015, https://doi.org/10.1080/21680566.
2015.1060582.

[6] S. Clark, "Traffic Prediction Using Multivariate
Nonparametric Regression", Journal of Transportation
Engineering, Vol. 129 No. 2, pp. 161-168, Mar.
2003, https://doi.org/10.1061/(ASCE)0733-947X(2003)
129:2(161).

[71 C. H. Wu, J. M. Ho, and D. T. Lee, "Travel-
Time Prediction with Support Vector Regression",
IEEE Transactions on Intelligent Transportation
Systems Vol. 5, No. 4, pp. 276-281, Dec. 2004.
https://doi.org/10.1109/TITS.2004.837813.

[8] M. Castro-Neto, Y. S. Jeong, M. K. Jeong, and L.
D. Han, "Online-SVR for Short-Term Traffic Flow
Prediction under Typical and Atypical Traffic
Conditions", Expert Systems with Applications
Vol. 36, No. 3, pp. 6164-6173, Apr. 2009, https:/
doi.org/10.1016/j.eswa.2008.07.069.

[9] W. C. Hong, Y. Dong, F. Zheng, and C. Y. Lai,
"Forecasting Urban Traffic Flow by SVR with
Continuous ~ ACO",  Applied
Modelling, Vol 35, No. 3, pp. 1282-1291, Mar.
2011, https://doi.org/10.1016/j.apm.2010.09.005.

[10] Y. Lv, Y. Duan, W. Kang, Z. Li, and F. Y.
Wang, "Traffic Flow Prediction with Big Data: A
Deep Leamning Approach", IEEE Transactions on

Mathematical

Intelligent Transportation Systems, Vol. 16, No. 2,
pp. 865-873, Apr. 2015, https://doi.org/10.1109/
TITS.2014.2345663.

[11] X. Ma, Z. Tao, Y. Wang, H. Yu, and Y. Wang,
"Long Short-Term Memory Neural Network for
Traffic Speed Prediction Using Remote Microwave
Sensor Data", Transportation Research Part C:
Emerging Technologies, Vol. 54, pp. 187-197,



26 A7 S4e 1EF gEd 7w i Sk oS5 2l

May 2015, https://doi.org/10.1016/j.trc.2015.03.014.
[12] X. Ma, Z. Dai, Z. He, J. Ma, and Y. Wang,
A Deep

Convolutional Neural Network for Large-Scale

"Learning  Traffic as  Images:
Transportation Network Speed Prediction", Sensors
Vol. 17, No. 4, pp. 818-833, Apr. 2017, https:/
doi.org/10.3390/s17040818.

[13] A. Koesdwiady, R. Soua, and F. Karray,
"Improving Traffic Flow Prediction with Weather
Information in Connected Cars: A Deep Learning
Approach”, IEEE Transactions on Vehicular
Technology, Vol. 65, No. 12, pp. 9508-9517, Dec,
2016, https://doi.org/10.1109/TVT.2016.2585575.

[14] H. Yu, Z. Wu, S. Wang, Y. Wang, and X. Ma,
"Spatiotemporal Recurrent Convolutional Networks
for Traffic Prediction in Transportation Networks",
Sensors Vol. 17, No. 7, pp. 1501-1516, Jun. 2017,
https://doi.org/10.3390/s17071501.

[15] D. Shengdong, L. Tianrui, G. Xun, and H. Shi-
Jinn, "A Hybrid Method for Traffic Flow
Forecasting Using Multimodal Deep Learning",
International Journal of Computational Intelligence
Systems Vol. 13, No. 1, pp. 8597, 2020,
https://doi.org/10.48550/arXiv.1803.02099.

[16] A. Ermagun and D. Levinson, "Spatiotemporal
Traffic
Directions", Transport Reviews Vol. 38, No. 6,
pp. 786-814, Mar. 2018, https://doi.org/10.1080/
01441647.2018.1442887.

[17] M. G. Karlaftis and E. . Vlahogianni, "Statistical

Methods versus Neural Networks in Transportation

Forecasting: Review and  Proposed

Similarities and Some

Research Part C:
Emerging Technologies Vol. 19, No. 3, pp. 387-
399, Jun. 2011, https://doi.org/10.1016/.trc.2010.
10.004.

[18] S. Kashi and M. Akbarzadeh, "A Framework for
Short-Term Traffic Flow Forecasting Using the
Combination of Wavelet

Artificial Neural Networks", Journal of Intelligent

Research:  Differences,

Insights",  Transportation

Transformation and

Transportation Systems, Vol. 23, No. 1, pp. 60-71,
Nov. 2018, https://doi.org/10.1080/15472450.2018.
1493929.

[19] X. Wang, C. Chen, and Y. Min, "Efficient
metropolitan traffic prediction based on graph
recurrent neural network”, Computing Research
Repository, preprint, 2018, https://doi.org/10.48550
JarXiv.1811.00740.

[20] M. Jonathan, John F. Roddick, and Z. Rocco,
"An Evaluation of HTM and LSTM for
Short-Term Arterial Traffic Flow Prediction", IEEE
Transactions on Intelligent Transportation Systems,
Vol. 20, No. 5, pp. 1847-1857. May 2019,
https://doi.org/10.1109/TITS.2018.2843349.

XMAL2IH

4 & 71 (Hongkyu Park)

2004 AA gt
AHAYFE At

20074 : AA gt sk
HAFEFH A

2012 AA gt skl
HirE et WAt

20124 ~ 2015 : A AR

20153 ~ 2017 : SKE2HZ F3r|&d

20174 ~ @A s AT 2ug

A Bk AARE HldlolH A 9 #4, AFAE




	시공간 특성을 고려한 딥러닝 기반 교통 속도 예측 모델
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 관련 연구
	Ⅲ. 속도 예측 모델
	Ⅳ. 성능 평가
	Ⅴ. 결론 및 향후 과제
	References


