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Parameter optimization of graph convolution gated cyclic network
for subway passenger flow prediction

ZHANG Yang, LI Lubin, CHEN Yanling
(School of Transportation, Fujian University of Technology, Fuzhou 350118, Fujian, China)

Abstract: [Objective] Fully exploiting the spatial correlation of passenger flow between related
stations in the subway network has a positive effect on the improvement of subway passenger
flow prediction accuracy. Capturing and quantifying spatial patterns in passenger flow data is
difficult due to the difficulty of learning and transferring spatial correlations between metro
stations. [Method] An improved graph-convolution gated recurrent neural network metro
passenger flow prediction model is proposed to enhance the model's ability to handle different
data types by integrating multivariate spatio-temporal data. A spider wasp optimisation algorithm
based on Tent chaotic mapping and Levi's flight perturbation strategy is used to dynamically
adjust the model structural parameters in order to optimise the hidden layer structure of the gated
recurrent neural network. [Result] The experimental results show that the prediction accuracy of
the model is significantly higher on weekdays than on weekends, and the root mean square error,
mean absolute error, and mean absolute percentage error are reduced by 13, 12, and 0.08,
respectively, during weekdays compared to weekends. [ Conclusion] Dynamic optimisation of
the hidden structure of gated recurrent networks can lead to better convergence of the prediction
model and higher prediction accuracy.

Key words: Gated recurrent neural network, Graph convolution operation, Attention mechanism,
Spider wasp algorithm, Tent chaos mapping, Levy flight disturbance, Metro passenger forecast
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Fig.4 Comparison of indicators in different periods of working days
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Tab.1 Comparison of forecast results of working days

Multivariate

iﬁgﬂﬁf ;22%6 AGGRU GRU integrated Bﬁiﬁﬁ, STL-GRU
CNN-LSTM
RMSE 20 61 66 152 214 41
MAE 14 38 43 107 160 26
R’ 0.98 0.94 0.96 0.83 0.77 0.96
MAPE 0.04 0.11 0.37 0.70 0.22 0.11
®2 RBRFUMEGRIIEL
Tab.2 Comparison of weekend forecast results
. Multivariate
?;:;iﬁ: ;22%6 AGGRU GRU integrated Bﬁiﬁ&{ STL-GRU
CNN-LSTM
RMSE 33 40 159 147 139 67
MAE 26 38 123 109 122 46
R? 0.98 0.95 0.85 0.87 0.94 0.94
MAPE 0.12 0.17 0.27 0.78 0.31 0.15
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