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[ Abstract |

cing urban residents’ travel convenience. To address the issues of low prediction accuracy and insufficient capture of spatiotemporal

Accurately predicting bike-sharing flow is essential for optimizing the supply-demand balance of shared bikes and enhan-

characteristics in bike-sharing flow prediction, a hybrid convolutional-recurrent neural network ( Conv3D-GRU) model was proposed.
Using Chicago’s 2022 full-year bike-sharing data, experiments were conducted, and the results were compared with those of the 3D
convolutional neural network (3D-CNN) model and the convolutional long short-term memory ( ConvLSTM) model. The model per-
formance was evaluated using root mean squared error (RMSE) , mean absolute error (MAE ), and the coefficient of determination
(R*). Experimental results show that compared with the 3D-CNN and ConvL.STM models, Conv3D-GRU is improved by 3.25% ,
4.90% , 1.14% and 11.94% , 13.70% and 2.46% on RMSE, MAE and R*, respectively. This demonstrates that the Conv3D-GRU
model has lower prediction errors and higher prediction accuracy, making it an effective and reliable approach for forecasting bike-sha-
ring inflow and outflow.

urban transportation; access flow prediction; Conv3D-GRU; bicycle sharing; spatio-temporal properties
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Fig. 1  Conv3D-GRU model architecture diagram
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Table 1 Data example

started_at ended_at start_lat start_Ing end_lat end_Ing
2022/1/13 11:59 2022/1/13 1202 42.012 800 - 87.665 906 42.012 56 -87.674 4
2022/1/10 08 .41 2022/1/10 08 .46 42.012 763 -87.665 967 42.012 56 -87.674 4
2022/1/25 04 .53 2022/1/25 04 .58 41.925 602 -87.653 708 41.925 33 -87.665 8
2022/1/04 0018 2022/1/04 00.33 41.983 593 -87.669 154 41.961 51 -87.671 4
2022/1/20 01 .31 2022/1/20 01 .37 41.877 850 -87.624 080 41.884 62 -87.627 8
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Fig. 2 Shared bhicycle outflow prediction results Fig. 3 Shared bicycle inflow prediction results
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among different models

1 ¥ " T AR Y Conv3D-GRU 3D-CNN ConvLSTM
RMSE = |— =y, 11 -
n 2 ST (1D RMSE/10 3 3.989 4.123 4.530
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Fig. 4  Comparison chart of bike-sharing flow prediction
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