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Traffic congestion has long been a social problem, but it has become more severe in recent years as the
number of automobiles owned has increased. Traffic flow simulation is used for preliminary evaluation
of traffic congestion problems. Macro traffic flow models, one of the traffic flow simulation models, are
expressed in terms of partial differential equations and are mainly used for online traffic flow simulation.
However, the partial differential equations include parameters that are unobservable in reality and have been

determined by empirical rules, making it difficult to represent actual traffic flow. Physics-Informed Neural

Network(PINN), a machine learning method that can analyze partial differential equations, can perform

parameter identification according to the governing equations. The objective of this study is to use PINN
to adequately represent real-world traffic flow. In this paper, PINN is applied to the 1D advection-diffusion
equation as a preliminary evaluation and its usefulness is demonstrated.
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2. Payne-Whitham model (PWM)
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(2) Physics-Informed Neural Network (PINN)
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