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What about, say, polygonal robots?
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The configuration space is the d-dimensional space of
all possible (i.e., obstacle avoiding) parameter value
combinations.

Path for a point through configuration space
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path for the robot in the original space.
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Definition. A pair of planar objects 01 and 0, is a pair of
pseudodisks if:
B Jdo; Nint(0y) is connected, and
B Jo, Nint(o7) is connected.

p € doq M doy is a boundary crossing if do1 crosses at p from
the interior to the exterior of 0.

Observation. A pair of polygonal pseudodisks defines at
most two boundary crossings.
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Observation. Let Py, P, be interior-disjoint convex polygons
Let dq and d» be directions in which P; is
more extreme than Ps.

Then ‘P; is more extreme than P, either in

[dl,dz] Or iIn [dz, dl]

’./.X/./de P> and Pq

equally
extreme
dq
dq ‘W P1 more
d, extreme
P> more

extreme
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‘Theorem. If P; and P are convex polygons with
disjoint interiors, and R is another convex

polygon, then P; @ R and P, @ R is a pair of

\ pseudodisks. o, CP, )

Proof. It suffices to show: CP; \ CP; is connected.

Suppose CP; \ CP» is not connected...

. ..
CP, 4 to previous observation!
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