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Abstract

Forecasting the traffic speed, as one of the most important traffic parameters, is a key research topic in intelligent
transportation systems. Ensemble learning methods, use several base-learners and combine their prediction
results to increase the accuracy of prediction and thus reduce prediction error. In this paper, an ensemble learning
method is presented based on Empirical Mode Decomposition (EMD), Support Vector Regression (SVR), and meta-
learning methods. In this model, the traffic speed time series is decomposed into several intrinsic mode functions
and a residual which are considered as new features of the data. In the proposed ensemble model, in order to
select the most effective subset of features for each learner, the pool of learners is constructed using a
combination of random subset selection methods and stepwise selection techniques. The prediction results of the
base learners are used as the meta-features that are given to a meta-learner to determine the final result. To
evaluate the proposed model, some traffic links of the UK Strategic Road Network (SRN) have been used. The
evaluation results show a reduction in the error of the proposed method compared to baseline methods.






