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A Method for Analyzing Road Network Data using GNN
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Abstract

This paper proposes a method for analyzing road network data using a Graph Neural Network(GNN) model based
on a Graph Autoencoder(GAE). Existing centrality-based analysis methods have limitations in capturing the nonlinear
characteristics and complex relationships of road networks. In this paper, GAE models are constructed using two
types of GNN layers, Graph Attention Networks(GAT) and Graph Convolutional Networks(GCN), which are trained
and analyzed separately to effectively integrate various node and edge attributes. The road network is modeled as a
directed graph, where intersections are represented as nodes and roads as edges. The analysis considers the number of
connected edges and geometric coordinates as node features, while edge features include road-specific attributes such
as length, the number of lanes, and maximum speed.
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