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Road network shortest distance estimation method based on
graph convolutional networks

MENG Xiangfu, CUI Jiangyan, DENG Minchao

(School of Electronic and Information Engineering, Liaoning Technical University, Huludao 125105, China)

Abstract: Improving the accuracy of estimating the shortest path distance while reducing model training time is crucial.
Existing methods for embedded shortest path distance estimation often take too long to train or sacrifice accuracy to
save time. To solve these problems, an encoder-decoder framework has been designed to estimate the shortest distance
in a road network by analyzing existing embedded systems-based shortest-path distance estimation methods. The core
process is broken down into three parts: embedding method, sampling method, and model training. A road network ver-
tex embedding method, RGCNdist2vec, leverages road graph convolutional networks to capture the structural informa-
tion of the road network. For model training, a three-stage sampling method using graph logical partitioning is designed
to select a small number of high-quality samples. Experiments conducted on four real road network data sets demon-
strate that the proposed model achieves higher estimation accuracy while reducing training time by nearly four times

compared to existing baseline models.
Keywords: shortest path distance computation; graph neural networks; data sampling; representation learning; graph

convolutional networks; graph partitioning; deep learning; topology
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Fig. 1 An example of road network structure
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Table 1 Road network datasets
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Y i & @»

(c) Harbin

7 HEEWNTHRLER
Fig. 7 Visualization results of the datasets
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SU dataset
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Table3 Comparison on effects of different models
DG HA AH
Fi
MAE MRE MAE MRE MAE MRE MAE MRE
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Table 5 Efficiency comparison of different models
K SU DG HA AH
PT/h QT/us PT/h QT/us PT/h QT/us PT/h QT/us
ndist2vec 0.10 7.79 0.48 16.95 1.20 23.45 2.50 25.56
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node2vec-Sg 0.35 8.02 1.37 18.06 7.45 36.64 9.74 35.69
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