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* Goal: Develop a system level control framework, to incorporate data information with real-time control
decisions, balance vacant taxis with minimum total idle driving distance, and consider model uncertainties

Problem: Real-time GPS information provides Storage/Dispatch Center Evaluations with a SF dataset and a NYC dataset

Taxi
obility

transportation network knowledge; non-cooperative

taxi service, or a greedy algorithm are not efficient

Predicted | Cellular
Demand \

- 3 i s '
L s a ¥ 16 *
Pickup & Delivery %ccupancy . .
status Collection Period |28 days Collection Period |4 years

Objectives: System level optimal performance:
--Balanced supply/demand ratio

--Minimal idle cruising distance

--utilize data information with model uncertainties
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