Journal of the Korean Society of Civil Engineers ISSN 1015-6348 (Print)

Vol. 38, No. 4: 579-586/ August, 2018 ISSN 2287-934X (Online)
DOI: https://doi.org/10.12652 /Ksce.2018.38.4.0579 www.kscejournal.or.kr
Transportation Engineering 33

UAIS ADIK TIT SHIHS 0|82 TAIS B SRAT 0

14

Lozl - Ys

Kim, Eui-Jin*, Kim, Dong-Kyu**

Short-term Prediction of Travel Speed in Urban Areas Using an
Ensemble Empirical Mode Decomposition

ABSTRACT

Short-term prediction of travel speed has been widely studied using data-driven non-parametric techniques. There is, however, a lack
of research on the prediction aimed at urban areas due to their complex dynamics stemming from traffic signals and intersections. The
purpose of this study is to develop a hybrid approach combining ensemble empirical mode decomposition (EEMD) and artificial neural
network (ANN) for predicting urban travel speed. The EEMD decomposes the time-series data of travel speed into intrinsic mode
functions (IMFs) and residue. The decomposed IMFs represent local characteristics of time-scale components and they are predicted
using an ANN, respectively. The IMFs can be predicted more accurately than their original travel speed since they mitigate the
complexity of the original data such as non-linearity, non-stationarity, and oscillation. The predicted IMF's are summed up to represent
the predicted travel speed. To evaluate the proposed method, the travel speed data from the dedicated short range communication
(DSRC) in Daegu City are used. Performance evaluations are conducted targeting on the links that are particularly hard to predict. The
results show the developed model has the mean absolute error rate of 10.41% in the normal condition and 25.35% in the break down
for the 15-min-ahead prediction, respectively, and it outperforms the simple ANN model. The developed model contributes to the
provision of the reliable traffic information in urban transportation management systems.

Key words : Short-term prediction of travel speed, Ensemble empirical mode decomposition (EEMD), Artificial neural network (ANN),
Intrinsic mode function (IMF)
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Fig. 1. Proposed EEMD-ANN Model
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Table 1. Study Site and Data Descriptions, Dalgubul-Daero, Daegu, Korea

Daegu DSRC Data 2016.04.01. - 2016.06.29.

Link Number Distance Quality (%) Mean Speed (km/h) Standard Deviation (km/h)
125 970 93.62 30.56 10.44
442 513 96.09 22.21 471
546 530 90.72 28.70 5.31
458 595 92.79 43.61 13.48
422 806 98.03 27.20 7.38
540 1,072 93.20 29.21 8.30
>eongnae 3-cdong { = \Taé

“O1dEe dana
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{.

0 un canono ~
Diaegu Metiopal it a

CibeHall
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Table 2. Preliminary Analysis Using ANN

Link Number 10 min Prediction (MAPE,%) 15 min Prediction (MAPE,%) 20 min Prediction (MAPE,%)
125 5.27 6.68 7.79
442 13.80 17.24 20.08
546 13.79 17.88 21.27
458 6.83 9.96 11.07
422 5.26 6.98 8.88
540 6.24 8.11 9.89
Thu, June Fri,June Sat,June Sun,June Mon,June Tue,June Wed, June
. 23,2016 24,2016 25,2016 26,2016 27,2016 28,2016 29,2016
B,

12:00 12:00 12:00

12:01
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Time

Fig. 2. Time-series of Travel Speed (Link Number 546, June 23-29, 2016)
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Table 3. Comparison of ANN and EEMD-ANN for Travel Speed Prediction

DSRC Link 546, 15min ahead Prediction, 2016.06.23. - 2016.06.29.

Day of Week Normal (MAPE, %) Break-down (MAPE, %) Total (MAPE, %)
ay of Weel
Y ANN EEMD-ANN ANN EEMD-ANN ANN EEMD-ANN
Mon 12.22 8.43 58.47 36.29 17.4 11.55
Tue 9.85 6.12 15.19 10.06 10.39 6.52
Wed 12.78 6.83 40.96 32.72 15.83 9.64
Thu 13.15 5.99 28.55 15.86 15.26 7.34
Fri 13.21 9.51 89.64 89.10 36.35 33.61
Sat 11.85 6.5 3341 12.94 13.8 7.08
Sun 9.21 4.96 99.09 39.51 16.1 7.61
Total 14.21 10.41 51.78 25.35 17.88 11.91
E2
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Fig. 3. Travel Speed Data and IMFs Computed using EEMD from Travel Speed Data
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Fig. 4. Comparison of ANN and EEMD-ANN
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