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ABSTRACT

In motorway traffic flow control, the conventional way based on real-time response has been changed into advanced way based on
proactive response. Future traffic conditions over multiple time intervals are crucial input data for advanced motorway traffic flow
control. It is necessary to overcome the uncertainty of the future state in order for forecasting multiple-period traffic volumes, as the
number of uncertainty concurrently increase when the forecasting horizon expands. In this vein, multi-interval forecasting of traffic
volumes requires a viable approach to conquer future uncertainties successfully. In this paper, a forecasting model is proposed which
effectively addresses the uncertainties of future state based on the behaviors of temporal evolution of traffic volume states that
intrinsically exits in the big past data. The model selects the past states from the big past data based on the state evolution of current
traffic volumes, and then the selected past states are employed for estimating future states. The model was also designed to be suitable
for data management systems in practice. Test results demonstrated that the model can effectively overcome the uncertainties over
multiple time periods and can generate very reliable predictions in term of prediction accuracy. Hence, it is indicated that the model
can be mounted and utilized on advanced data management systems.

Key words : Motorway, Multiple time-period, Forecasting, Big data, k-Nearest Neighbor-NonParametric Regression (KNN-NPR)
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Fig. 1. Time-Series Variation of Traffic Volume
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Table 2. Summary of Analysis Results

Prediction Error
Day k, Time-step ahead
t+1 t+2 t+3 t+4 Average

Mon 9 8.71 10.05 9.93 10.33 9.76
Tue 10 7.80 8.74 9.13 9.68 8.84
Wed 8 7.87 8.90 9.18 9.50 8.86
Thu 9 7.61 8.86 9.08 9.62 8.79
Fri 11 8.45 9.77 10.53 11.27 10.00
Sat 5 6.67 7.72 7.73 7.73 7.46
Sun 6 6.17 7.99 7.95 9.18 7.82
Average| 9 7.61 8.86 9.08 9.62 8.79
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