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Research review on STGNN in traffic prediction.
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Abstract: To clarify the development path of traffic prediction models and to explore future

development directions of traffic prediction, a systematic literature analysis approach was
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adopted, and a technology development direction dominated by spatiotemporal graph neural
networks (STGNN) was established. Based on the framework characteristics of STGNNs, a full-
process analysis system was constructed, including data preprocessing, static and dynamic graph
construction, spatiotemporal feature extraction, and feature fusion. Typical traffic prediction
tasks and their corresponding open-source datasets were systematically reviewed. Static graph
construction methods based on topological relationships, distance properties, and similarity
calculations were summarized, and frontier graph construction technologies were summarized,
including direct optimization of dynamic graphs and feature optimization. Current temporal
feature modeling methods and spatial feature modeling methods were analyzed from the two
dimensions of time and space, and the spatiotemporal feature fusion mechanism was illustrated
through two typical cases of Graph WaveNet and DCRNN. For the problems of gradient
anomalies and performance degradation in deep network training, general solutions based on
information propagation were summarized. The integration paths of emerging technologies were
pre-training mechanisms, causal reasoning, and

explored, including contrastive learning,

mixture-of-experts models with traffic prediction. Analysis results show that applications of
STGNNSs in traffic prediction have gradually intensified both domestically and internationally, and
China ranks first with 1 671 publications in the statistics. Existing studies are mainly focused on
improving model memory ability for spatio-temporal features and constructing optimal graph
structures, and such optimization schemes have reached a balance between model performance and
efficiency. In temporal modeling, a balance between computational efficiency and operational
performance is still being explored, while spatial modeling has become the main obstacle to
efficiency improvement of existing models. Based on the summary and review of previous studies,
future breakthrough directions are expected to be concentrated on the exploration of novel
prediction scenarios, improvement of model interpretability, incorporation of real-world physical
constraints, innovation of learning strategies, and exploration of industrial-level deployment
solutions, so that stronger technical support is provided for intelligent transportation systems.
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