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Convolution-Attention Model for Long-Term Traffic Forecasting
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ABSTRACT

In modern cities, traffic forecasting is one of the important problems, and various models have been studied
to predict traffic flow. However, the traffic forecasting problem is a complex problem in that both temporal
and spatial properties must be considered. Accordingly, various spatio-temporal neural network models which
consider the two properties together are emerging recently. However, many previous studies have difficulty
predicting long-term time series traffic flow. To improve predictive performance in the long-term, we build a
model based on a dilated causal convolution and an attention model. We show that our model is effective for
long-term prediction through experiments on real-world datasets. Experimental results show better performance
than previous models such as dilated causal convolution-based models and attention models in long-term traffic
forecasting.
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