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Abstract

Accurate traffic volume prediction is crucial for optimizing the operational efficiency of road networks and alleviating
urban traffic congestion. Traditional models rely on predefined static graph structures, making it difficult to capture
dynamic spatiotemporal correlations, and single-time-scale modeling struggles to comprehensively extract multi-scale
features. To address these issues, a dual dynamic adaptive spatiotemporal modeling framework is proposed. In the
temporal dimension, this framework employs a dynamic time feature extraction multi-head attention mechanism to
adaptively adjust temporal weights to capture key dynamic features. In the spatial dimension, it designs a dynamic

graph convolutional network that generates an adjacency matrix in real-time through a self-attention mechanism to
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represent dynamic spatial dependencies between nodes, thus achieving spatiotemporal dual dynamic collaborative
modeling. Furthermore, this framework introduces a learnable linear fusion layer to adaptively integrate multi-time-
scale prediction results and collaboratively optimize local and global feature representations. Experiments on real road

datasets demonstrate that this framework significantly outperforms the baseline model, validating its superior

spatiotemporal feature capture and prediction performance.

Key words

traffic volume prediction, dynamic time feature extraction with multi head attention mechanism, dynamic graph

convolution, linear layer fusion
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