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1 Introduction
Designing mobile robots involves hardware and software integration,| | The match what perception provides and what planners require is
exploring design options, and handling trade-offs. We automate this| | framed as a set cover problem and solved via ILP.

process to meet task requirements while minimizing resource use. Perception Performance
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Figure 1: lllustration of the AV design problem for urban driving, using hardware and software catalogs [1].
2 Perception Requirements for Agents et il | compres

Sampling-based planners generate occupancy queries: collision S
checks at a configuration and future time. Different planners have diffe- Perception Requirements Sensor Selection and v
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the agent, record each query, and trace back what the perception must o [P dﬁ;@ SRR i B
observe, based on prior knowledge of obstacle locations and motion.
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/ \ & | | To optimize the full robot design we apply monotone co-design theory.
o \ * | | Design problems are modeled as feasibility relations between functio-
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halities and resources, linked by a monotone map.

Figure 3: A* search lattice planner with motion primiti- Figure 4: The perception requirements are the
ves [1]. green configurations g%, and g% [1]. 8
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