Synergy-based aftfordance learning for robotic grasping
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retrieved. As a result of the clustering
algorithm, the SOM can generalise from
presented input patterns to novel ones.
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Exploit the tactile feedback to grasp and hold the
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The changing patterns of the tactile sensor array of one phalanx when

The first five principal components (synergies) of the grasp
the robot finger starts to touch and grasp an object..

posture data and the hand approaching data.
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