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Traffic Flow Structure Identification and Temporal Modeling
Based on the GINODE Model
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Abstract; To address the challenge of complex remote spatiotemporal correlations in traffic flow prediction, a study on the
structure identification and temporal modeling is conducted. A modeling method based on the graph isomorphism neural ordinary dif-
ferential equation (GINODE) is designed. The graph isomorphism network (GIN) is used to enhance the representation of graph
structures, and achieve the joint modeling of spatial structures and temporal dynamics in traffic networks. By integrating deep graph
neural networks with an ordinary differential equation framework, the correlations with spatial connectivity features and temporal de-
pendencies are extracted synchronously. Comparative experiments on multiple real-world traffic datasets show that the proposed
model outperforms existing mainstream spatiotemporal prediction ones in prediction accuracy and model stability. The results indicate
that the model has strong spatiotemporal feature learning capability and effectively improves traffic flow prediction performance,
meeting the application requirements in complex traffic scenarios.
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MAE | 35.41 | 17.55 | 17.99 | 18.12 | 17.48 | 16.35
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PeMS04|RMSE| 48.80 | 36.01 | 37.65 | 38.43 | 33.65 | 31.82
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