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[ Abstract] Due to the fact that the current neural network-based traffic flow forecasting method embeds part of the
manually designed features, the feature extracted by the network has single function,bad adaptability , poor robustness and
inaccurate characterization of the local features. Therefore, this paper proposes a traffic flow forecasting method based on
residual Long Short Term Memory ( LSTM ). The model uses the idea of ensemble learning to train the spatially
distributed data into a residual LSTM network. In addition,dimension weighted units are introduced after each LSTM unit
to present the interdependencies between different dimensions of modeling features. Experimental results show that the
method can realize adaptive modeling analysis of short term traffic flow data.
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