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Spatiality Preservable Factored Poisson Regression for
Large-Scale Fine-Grained GPS-based Population Analysis
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Active population prediction using GPS info. Spatial Preservable Factored (SPF) Regression

- The spread of smartphone — Analyses of population from GPS  Modeling with Bilinear Poisson regression [1]
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- Population prediction from GPS logs count and explanatory C’T(l) T s () C,7
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— The demands of urban dynamics analyses of street-level or small =
town-level (e.g. 100 ~ 200m meshes) Spatiality preservation via graph proximity matrix
— Conventional approaches only uses dataset only in each mesh [1] - Objective function
and prowde-s predlctlc?n on 1km ~ 2km meshes .[1] [2] _ I Poisson(ygl;l) |)\(cl’)7) 4+ Z HQbH%‘ro +Qa(2)
® Applying previous model [1][2] naively causes

— Regularization term for spatiality predérvation
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Areas are close € Parameters are close
- Effectively share dataset and parameters between areas

over-fitting issues by using small size of dataset
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Sharing dataset between areas are needed
Experimental results

Evaluation on population prediction Visualization of latent parameters
- (1) . ()
— Dataset: — Visualizing Z, ' on map and predictive pattern from Qb
» GPS log data from Yahoo! JAPN disaster alert app — Relationship among the meshes was captured
« 365 days data and 32 M count logs 3km x 3km area in Tokyo e B
. Area is divided into (100m, 200m 600m, 1000m meshes) [ e e X i:’( P A\ .
— External Features: day of the week, weather, holiday A m— 4 B I
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- Cluster 2 is chosen by railway areas
Reference Conclusion
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