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Research on Short-term Traffic Flow Prediction Based on GRU-SVR
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Abstract; Short—term traffic flow forecasting is one of the research directions of intelligent transportation systems ( ITS). The deep
learning—based approach mentioned in the existing related research requires high computational complexity or the regression prediction of
the model is insufficient. Therefore, we propose a model that combines gated recurrent unit ( GRU) with support vector regression
(SVR). On the one hand, this model makes use of the powerful ability of deep learning model to carry out feature extraction, and
reduces the computation amount compared with long short term memory (LSTM). On the other hand, support vector regression model is
used to enhance the regression prediction of the whole model. The experimental design and development is completed based on the
python library provided by Keras. And the optimal model is selected according to the experimental results,and the generalization and anti
-noise of the model are tested on the PeMS dataset. The experiment shows that the GRU-SVR model has improved prediction accuracy
by 4% and 1.6% in contrast with SVR and GRU. And the model has certain generalization and anti—noise ability.
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