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Short-term traffic flow prediction with missing data

Xu Dongwei” ™ | Peng Peng ™ , He Defeng ™
( " Institute of Cyberspace Security, Zhejiang University of Technology, Hangzhou 310023 )
( ™ College of Information Engineering, Zhejiang University of Technology, Hangzhou 310023 )
Abstract

In the process of actual traffic data collection, problems such as equipment failure and maintenance are likely
to cause traffic data missing. Aiming at the problem of traffic flow prediction with missing data, a short-term traffic
flow prediction model based on generative adversarial networks is proposed. The model is composed of two parts:
generating network and discriminating network. The generation network is composed of the fully connected layer and
the gated recurrent unit ( GRU) , which completes the prediction output of the future traffic flow in the form of en-
coding-decoding ; the discriminant network is composed of multiple fully connected layers, which discriminates the
real traffic data and fake data by the compute of Wasserstein distance. The experimental results show that the pro-
posed model is not only suitable for short-term traffic flow prediction with different proportions of data missing, but
also has a better prediction performance than other comparative models.

Key words: generative adversarial network ( GAN) , gated recurrent unit (GRU) , traffic data missing, short-

term traffic flow prediction
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