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—=> Motivation: - Perceived Haptic Stimulus Map (Bayesian Model ni’er)
New generation of robotic platforms: high diversity of sensory (touch, Determination of the perceived category of material of the voxel v of the

vision, audition) and actuation apparatus (dexterous robotic hands, arms and legs): workspace based on the haptic sensory input h, .

Challenging application environments: unknown and dynamic structure; -Bayesian Program:

M. — Material category of v*
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