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Abstract: The improvement of urban digitalization has generated a large amount of data. Through the integrated anal-
ysis of traffic flow data and weather data, urban traffic congestion caused by various weather conditions can be effectively
alleviated. However, in the existing traffic flow prediction algorithms, the potential spatial relationship in the traffic flow
has not been fully considered, and the prediction errors caused by external factors such as weather are ignored, which great-
ly affects the accuracy of the prediction. In response to the above problems, this paper proposes a digital twin traffic flow
prediction method TCM-DTFP (Two-graph Convolution Mechanism-based Digital twin flow Prediction) based on the dou-
ble-graph convolution mechanism. The algorithm builds an augmented matrix that integrates traffic flow features and weath-
er features, adds weather features to traffic flow data, avoids the impact of complex weather conditions on traffic flow pre-
diction, and improves the robustness of the algorithm; at the same time in order to improve the algorithm’s ability to capture
the spatial correlation of traffic flow, a two-graph convolution mechanism based on TCN (Temporal Convolutional Net-
works) is proposed to comprehensively consider the dynamic interaction between temporal correlation, spatial correlation
and regional flow in traffic influence of flow. Finally, extensive experiments on two real datasets, TaxiBJ and PeMSD4,
demonstrate the effectiveness of our method.
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