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Fig. 2. Feasibility Frontier Line Plot. The agent can achieve
more of its mission when it has increased speed. When the
agent falls below 0.8 deg / 3 hrs, the agent is still able to
achieve partial coverage but will be unable to complete the
entire mission.
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Approach

To track a moving value belief distribution a robot
(agent) needs to match its velocity. we show that
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Fig. 1. Ergodic oil-spill cleanup over real ocean flows. The agent's trajectory (magenta) converges on the true spill (right color bar) and removes it. speed alone!
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