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Regional Travel Demand Mining and Forecasting
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Abstract: This paper proposed a combined model that can fast mining traffic demand and prediction based on the
Latent Dirichlet Allocation (LDA) analysis model. This combined analysis framework is able to deal with demand
identification and prediction at the same time. The study first developed the traffic demand identification model at
the traffic analysis zone (TAZ) scale for presenting the demand characteristics at both the spatial and temporal
dimension.Then it proposed a prediction method under a multi-scale time window. The effectiveness and accuracy
of the model was verified using car-hailing order data within Beijing's third-ring road. The results show that the
model can identify and predict the regional travel demand under different time windows, and achieve good results.
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Fig. 3 Topics distribution of origin and destination traffic analysis zones.
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Table 2 Forecasting accuracy evaluation

wom 15 min 30 min 60 min
RMSE MAPE RMSE MAPE RMSE MAPE
AR 37.22 0.385 35.61 0.355 32.87 0.323
LDA-AR 36.20 0.262 32.87 0.258 30.32 0.250
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