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Emergence of Discriminating Object Function by Fingering Observation

SHIMADA, NOBUTAKA
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This research finally proposed a framework of learning relationship between
* fingering’ and object appearances from samples which enables to infer the functional class of objects
and remind the fingering and grasping way for a given object appearance, and experimentally showed its
availability:
1) The method of estimating wrist position based on Hough Forest voting of Joint hand image features,2)
The method of segmentation of the grasped object based on suitable grasping pattern bound to a certain
object function cIass,Sg The method of constructing ‘ grasping pattern feature space’ which describes
interaction states in object grasping by hand by using Sparse Stacked Convolutional Autoencoder,4) The
method of reminding the grasping approach by hand from stimulus of a object appearance by using
Convolutional Neural Network .
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(a) : Detection of SURF
features

(c) : Select the features of hand
probability

(d) : Set of grid

Vote by overlapping
features

(f) : Voting spac () : Result of wrist position
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(a) One of images for training mod- (b) Estimation of an object center
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(c) An object region and feature classes
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