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hared bicycle demand prediction research, there are issues of imprecise feature extraction
and inaccurate matching 0®regional demand prediction for predicting free floating shared bicycles in different regions.
Aiming at these issues, this paper proposes a deep learning prediction model that takes into account the spatiotemporal
sequences based on ConvLSTM (Convolutional Long Short Term Memory). The model is proposed on the basis of the
collection and feature engineering of multiple types of data, such as the usage demand quantity, weather conditions, and
seasonal cycles of shared bicycles in two natural years and three typical regions in Nanjing. This model can extract
more spatial information hidden in the data after convolutional operations. Compared with the classical time-series
LSTM network and CNN (Convolutional Neural Network), the RMSE of the test set improves by 0.05 and 0.04,
respectively, and the maximum error improves by 0.86 and 0.3, respectively.
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