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Enhancement of Forecasting Accuracy in Time-Series Data, Basedon
Wavelet Transformation and Neural Network Training”™

Seung-Won Shin* - Jong-Uk Choi**  Jeong-Hyun Rho***

Abstract

Travel time forecasting, especially public bus travel time forecasting in urban areas, is a difficult and
complex problem which requires a prohibitively large computation time and years of experience. As the
network of target area grows with addition of streets and lanes, computational burden of the forecasting
systems exponentially increases. Even though the travel time between two neighboring intersections is
known a priori, it is still difficult, if not impossible, to compute the travel time between every two
intersections. For the reason, previous approaches frequently have oversimplified the transportation network
to show feasibilities of the problem solving algorithms.

In this paper, forecasting of the travel time between every two intersections is attempted based on
travel time data between two neighboring intersections. The time stamps data of public buses which
recorded arrival time at predetermined bus stops was extensively collected and forecast. At first, the time
stamp data was categorized to eliminate white noise, uncontrollable in forecasting, based on wavelet
conversion. Then, the radial basis neural networks was applied to remaining data, which showed relatively
accurate results. The success of the attempt was confirmed by the drastically reduced relative error when
the nodes between the target intersections increases. In general, as the number of the nodes between
target intersections increases, the relative error shows the tendency of sharp increase.

The experimental results of the novel approaches, based on wavelet conversion and neural network
learning mechanism, showed the forecasting methodology is very promising,
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Decomposition at level 5 : s(tavel_signal) = A5+ D1+ D2+ D3 +D4 + D5
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