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JOINT ESTIMATION OF OD DEMAND AND t(-) OCBF CONTROL: OPTIMAL CONTROL (OC) + CONTROL BARRIER FUNCTIONS (CBF)
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TRAFFIC ASSIGNMENT PROBLEMS

User-Centric. Self-interested optimal traffic flows as a variational inequality
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Inverse Problem. Find travel latency cost functions given data flows.
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CLF constraint for terminal state cost:
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(a). Flow error (b). Demand error (c). Travel Latency Cost Function

MOBILITY-ON-DEMAND OPTIMIZATION

System-Centric Routing and Rebalancing. Jointly select routes and
rebalancing policies of an intermodal (vehicle, subway, walk, micromobility)

Table 3: Comparison (data in average) of OC, CBF and OCBF (with noise)
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OPTIMAL MERGING CONTROL
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Penetration Rate Penetration rate

Fig 5. Left plot shows the average travel time for different AMoD

JOINT ENERGY AND TRAVEL TIME OPTIMAL CONTROL + CONTROL BARRIER FUNCTIONS FRAMEWORK

Fig 5. AMoD network consisting of three penetration rates in NYC transportation network. Improvements are up
layers. Dashed arrows represent switching to 50% in travel times. Right plot depicts the miles traveled per mode of OPTIMAL SIGNAL-FREE INTERSECTION CONTROL
arcs. transportation for each AMoD penetration rate.

A decentralized framework to optimally control CAVs at signal-free intersections including comfort-constrained turns and safety guarantees.
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Eastern Massachusetts Area (EMA): The basic lane change maneuver . 9P . y y . | - L — i e — :t , 1. C accelerates to merge. Safety constraint inactive
Roads and topology: Provided by the Boston Region Metropolitan Planning Organization (MPO). process. 3. Safety Constraints \guarantees safety constralntsj dalfs] ~eb S >l o ¢ Mol ~ e ) 228 T Bt > wlt) de >3t 5 € deaccelerates to merge. Safety constraint inactive

Includes flow capacity (veh/hr) for more than 100,000 road segments in Eastern Massachusetts Fig 13. Three feasible cases for the optimal maneuver of vehicle C 3. Caccelerates to merge. Safety constraint active

Speed: Provided by the MPO, Includes avg. speeds (mph) per-minute for major roadways and arterial
streets in Eastern Massachusetts for 2012 and 2015

New York City (NYC)

Speed: Uber Movement

Demand: Taxi data records
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