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Urban Flow Prediction Method Based on Structural Causal Model

LIU Yuting,GU Jingjing and ZHOU Qiang

College of Computer Science and Technology,Nanjing University of Aeronautics and Astronautics, Nanjing 210000, China

Abstract Urban {low prediction plays a critical role in smart city research, providing essential data for urban planning and re-
source optimization. In recent years,Graph Neural Network (GNN)-based models have significantly enhanced the accuracy of ur-
ban flow prediction. However,most existing studies assume that training and testing data come from the same distribution,igno-
ring the complexity of dynamic changes in urban flow distribution in the real world,leading to poor model performance. To ad-
dress this challenge, this paper proposes an urban flow prediction method based on the structural causal model to effectively deal
with the challenge of model generalization caused by distribution shift. This method first utilizes a structural causal model to un-
cover the impact of environmental factors as confounders on flow prediction. It then designs a shared distribution estimator to
learn the prior distribution of environmental information. Furthermore,a backdoor adjustment approach is introduced,combined
with variational inference,to effectively eliminate the confounding effects caused by environmental factors. The proposed method
can fairly consider different environmental factors,improving the accuracy and robustness of prediction. Experimental results on
two real-world datasets show that the proposed model has high prediction accuracy and robustness when dealing with distribution
shift. Compared with the six state-of-the-art baselines, the prediction performance is improved by 2. 26 % ~9. 18 %.

Keywords Urban flow prediction,Causal inference, Distribution shift, Spatio-temporal data mining, Structural causal model
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Table 3 Model performance comparison on NYC dataset

Method 6h 12h T
MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

HA 102. 47 246. 88 0.85 102. 47 246. 88 0. 85 102. 47 246. 88 0.85
STGCN 57.58 148. 26 0.56 59.05 156. 94 0.57 58.32 152. 60 0.57
GWNet 42.35 101. 31 0.39 45. 80 102. 34 0. 40 44.08 101. 83 0. 40
STSGCN 46.99 113.92 0.39 49.71 115.71 0.41 48.35 114.82 0.40
AGCRN 40.74 92.09 0.38 43.19 95. 87 0.39 41.97 93.98 0.39
CauSTG  39.78 93,31 0.31  39.85  90.46  0.33  39.79  91.89 0.2
CauDS 36. 64 88.89 0.30 36.50 89.61 0.31 36.57 89.25 0.30
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Table 4 Model performance comparison on Beijing dataset

6h 12h I3

Method
MAE RMSE  MAPE MAE RMSE  MAPE MAE RMSE  MAPE
HA 289.91  756.09 0.81 289.91  756.09 0.81 289.91  756.09 0.81
STGCN 176.84  565.16 0.45 181.53  570.63 0.46 179.19  567.90 0.46
GWNet 136.13  367.09 0.45 138.12  386.20 0.46 137.13  376.65 0.46
STSGCN  176.28  527.05 0.45 194.12  588. 14 0.45 185.20  557.60 0.45
AGCRN  128.73  344.32 0. 44 137.58  366.91 0.44 133.16  355.62 0.44
CauSTG 126.18  341.88 0.43 134.35  360.35 0. 45 130.27  351.12 0. 44
CauDS 123.52  334.30 0. 40 129.20  349.77 0.42 126.36  342.03 0.41
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