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Abstract

The rapid growth of the food delivery industry has significantly increased the usage of electric
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bicycles. During operation, electric bicycles require frequent energy replenishment, while tradi-
tional charging methods face problems such as long charging times and high safety risks. As an effi-
cient and convenient battery replacement method, electric bicycle battery swapping stations have
gradually become one of the key technologies for addressing charging difficulties. Accurate predic-
tion of electric bicycle battery swapping demand can not only provide reliable data support for the
site selection of battery swapping stations but also greatly improve service efficiency and service
quality. Therefore, this study proposes an improved prediction model based on a spatio-temporal
graph neural network (SGNN-TCN) for electric bicycle battery swapping demand forecasting. The
proposed model considers temporal dependency, spatial dependency, and weather dependency in
the modeling process. The graph neural network (GNN) is employed to extract spatial features, and
the extracted spatial features are then input into the temporal convolutional network (TCN) to fur-
ther capture temporal variation patterns. The proposed model can effectively extract spatial and
temporal features from electric bicycle usage data and accurately predict future battery swapping
demand.
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Figure 1. Schematic diagram of TCN working process
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Figure 2. Schematic diagram of SGNN-TCN structure
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Figure 3. Histogram of POI information entropy distribution
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Figure 5. Loss value variation curve of the SGNN-TCN model
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