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icycle prediction models consider shared bicycles as closed transportation

Abstract: Most existi
systems and ignore the i etween different transportation systems. Therefore, this paper proposes to design a
graph convolutional twork improved by non-negative matrix decomposition algorithm. Firstly, the demand
data of other transportat systems are decomposed into different travel modes using the non-negative matrix
decomposition algorithm. Secondly, the meanings of different travel modes are determined. Finally, the decomposed
demand information is used as auxiliary information and input into the graph convolutional neural network along with
the shared bicycle demand data for prediction. Experimental results show that compared with models that do not
consider the influence of other transportation modes, the average absolute error of the graph convolutional neural
network improved by the non-negative matrix decomposition algorithm has decreased by 10.84%, and the non-negative
matrix decomposition algorithm can better explain how auxiliary transportation systems improve the effectiveness of
bicycle demand forecasting.
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Fig. 1 The overall structure of a multi-relational graph convolutional
neural network model improved by non-negative

matrix decomposition method
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(Prediction results and interpretability analysis

of demand for shared bicycles)
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Fig. 4 The relatio@etween the improvement of prediction

accuracy and the connection strength between bicycle
nodes and taxi nodes
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Fig. 5 Improved prediction performance under different auxiliary modes
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