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arenas with millimeter precision, quantifying trajectory tracking error,
and has measured sim-to-real degradation in mission time and area
coverage. Both evaluate how a vehicle follows a path, rather than
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train a neural network (MLP) capable of selecting the most effective evaluate its effect on performance. . I
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flown repeatedly across a range of belief fields in a motion-capture consistent flight conditions. Convolved Fields

volume, each flight paired with a simulation of its own plan under

identical conditions. The strategy selected in simulation remained the . . ] . . _ \
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An autonomous drone swarm was constructed. |t receives instructions via Belief

an offboard Python controller that calculates and transmits “setpoints™. % D el . — SR
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experimental data were collected using a single drone to eliminate
aerodynamic interference caused by the confined indoor test
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Drone Swarm Vs The Coast Guard
Head-to-head vs 2 boats
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