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Abstract: To accurately characterize passengers’ temporal preferences for frequent travel within
specific geographic areas, or their spatial preferences for frequently visited locations within given

time windows, this paper proposed a ride-hailing demand prediction model named ST-BiAformer
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( Spatiotemporal Bidirectional Association Transformer ), which integrates a contextual
spatiotemporal cross-attention mechanism. The model captured sequential dependencies in travel
demand by constructing a contextual temporal correlation module; designed a spatiotemporal
cross-attention mechanism to cross-extract spatial (or temporal) dependencies within specific
temporal (or spatial) contexts, thereby revealing recurrent travel demand patterns along targeted
spatiotemporal dimensions; and further developed a spatiotemporal fusion module to enhance the
model’s performance in both single-step and multi-step demand forecasting. The proposed model
was evaluated on multiple datasets through a series of comparative, ablation, and robustness
experiments, assessing its predictive performance under various spatiotemporal scenarios.
Experimental results demonstrate that, compared with the optimal baseline model, the mean
absolute error and root mean square error are reduced by 7.21% and 5.54% ., respectively,
demonstrating improved overall prediction accuracy. In the 5 min, 10 min, and 15 min forecasting
tasks, both error metrics decrease by 1% - 7%, indicating sound single-step and multi-step
predictive capability. The model achieves the best performance only when all three constituent
submodules work jointly, enabling comprehensive modeling of travel demand dependencies along
both contextual temporal and spatiotemporal correlation dimensions. The proposed model is
expected to precisely match users’ ride-hailing demands across heterogeneous spatiotemporal
scenarios at different time periods or locations, thereby providing technical support for enhancing
supply-demand scheduling in urban ride-hailing services.
Keywords: urban traffic; travel; attention mechanism; ride-hailing demand forecasting; ST-
BiAformer model; contextual spatiotemporal correlation; spatiotemporal fusion
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Table 3 Analysis of significance test results
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Fig. 2 Spatial distribution of ride-hailing travel demand under three date categories
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Fig. 3 Robustness analysis of three-step prediction of given models
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Fig. 4

Spatiotemporal distribution of model prediction bias results in high- and low-demand regions
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