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Can we replicate UAV landing scenarios analogous to space missions, where
Vlsual Modeling emergency diverts must be performed for safe landing in the presence of
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Broader Impact

 The development of a rigorous foundation for optimization-based planning and control will be
transformative in a broad range of applications benefiting society, such as space exploration,

autonomous vehicles, urban air transportation, mobile sensor networks monitoring arctic ice or oil spills,
automated power networks, and automated drug dispensing.

* It will build confidence in advanced real-time computing, enabling the transition of many forms of Optimization-based Assured

Autonomous Planetary
reliable computing from offline to real-time in support of autonomy. Autonomous Planning and Control

Landing



