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Tratfic data collection is the main issue that scientists and researchers are faced to
when trying to perform tratfic engineering. Traditional manual
given the amount of data to treat. Several mechanical methoc
and established but multiple issues, maltunctions and lack of
Indeed, fixed sensors, cameras or loop detectors are distributed over urban networks
to count down the passing vehicles. These practices are costly, and several
malfunctions are noted. An alternative new solution involving a swarm of drones
may help and give a real push to the research in this topic. In fact, using drones to
film the traffic is a way to collect the data easily, with no heavy cost. The challenge
is to find a way to do it appropriately, with the optimal deployment.
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Column Generation
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Doubled SSN
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San Francisco Network

Main Characteristics

. Number of nodes 242
— . Number of arcs

Vertical distances [m]
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~
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313
. Total kilometers 40.8 kms
. Lower bond 50 kms
H

Conclusions

MILP Model

v" Optimal Solution

v' Not adaptive nor time-efficient

— Impossible to solve for large scale Network

Column Generation based Model
v' Adaptive and time efficient
v’ Satisfies most of the objectives

Horizontal distances [m]

— Expected to improve (e.g., other improvement heuristics)

5000

Results

Result 1: MILP SSN Result 2: MILP doubled Result 3: CG SSN Result 4: CG doubled
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Result 5: Column Generation on San Francisco Network
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