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Introduction Approximating the object shape using superquadrics

(d How to grasp an object? Which part of the object to grasp? What do we need to
take in consideration for a grasping configuration?

 We need to know some object properties and the task context to find the best
option.

 The choice of an object graspable part is influenced by the shape. Assumptions on
objects for everyday tasks: usually the objects are designed to facilitate the grasping, i.e. the
object handle.
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stable grasps to learn object regions for grasping
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3D points cloud

O Observing how the humans grasp an object we keep the contact points on the object
surface and identify the part of the object where the object was grabbed.

O The contact points are acquired using the position sensors (electromagnetic tracker
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L Acquiring the point cloud of the object by in-hand exploration or other modality, e.g.: s B L fe K
vision, 3D scanner, etc.
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Detecting suitable region of the object for grasping

1 After observe the humans demonstrations, we could learn given a object mode
and a task context which is the best object region for grasping.

 Using a Bayesian Classification
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Where the posterior information P(C = prim;|T C)

Is computed for each primitive C of the object in a specific
task T ; the likelihood P(7 C|C = prim;)

is the learned probability for each primitive of the object
given a task context.
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