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Self-modeling of Cylindrical Object based on Generic Model for 3D Object
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Abstract It is actually impossible to model and store all objects which exist

in real home environment into robot s database in advance. To resolve this
problem, this paper proposes new object modeling method that can be available for
robot self-modeling, which is capable of estimating whole model’ s shape from
partial surface data using Generic Model, And this whole produce is conducted to
cylindrical objects like cup, bottles and cans which can be easily found at indoor
environment, The detailed process is firstly we obtain cylinder s initial principle
axis using points coordinates and normal vectors from object’ s surface after we
separate cylindrical object from 3D image, This 3D image is obtained from 3D
sensor, And second, we compensate errors in the principle axis repeatedly, Then
finally, we do modeling whole cylindrical object using cross sectional principal axis
and its radius, To show the feasibility of the algorithm, We implemented it and

evaluated its accuracy,
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Fig. 1, Modeling Framework for Service Robot
42.1 3D Point Cloud Acquisition
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2.2 Segmentation
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is error
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Average 0.159339 0.30606 0.392502
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stddev 12.0377| stddev 1.44583
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