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Abstract

This paper presents a neural network approach, which was named PRONET, to 3D object recognition
and pose calculation. 3D objects are represented using a set of centroidal profile patterns that describe
the boundary of the 2D views taken from evenly distributed view points. PRONET consists of the
training stage and the execution stage. In the training stage, a three-layer feed-forward neural network
is trained with the centroidal profile patterns using an error back-propagation method. In the execution
stage, by matching a centroidal profile pattern of the given image with the best fitting centroidal
profile pattern using the neural network, the identity and approximate orientation of the real object,

such as a workpiece in arbitrary pose,

are obtained.

In the matching procedure, line-to-line

correspondence between image features and 3D CAD features are also obtained. An iterative model
posing method then calculates the more exact pose of the object based on initial orientation and

correspondence.
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Fig. 4 The procedure to extract the centroidal profile
feature from a CAD model: (a) Surfaces of
the CAD model are approximated by
polyhedrons. (b) Create a line drawing
using the faceted hidden line removal. (c)
Extract boundaries and a centroid from the
line drawing. (d) A rotation invariant
centroidal profile feature that are normalized
with respect to scale is chosen to begin at
point S1 that has the longest distance.
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Fig. 5 Description of the procedure that assigns corre-
spondences between the 2D edges of the
real image and the 3D edges of the CAD
model using single centroidal profile matching.
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Fig. 6 The structure of a three-layer feed-forward
neural network.
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Fig. 7 Typical patterns for neural network training:
(a) a model centroidal profile pattern (taken
from the 65th view point) that is inputted to
the input layer, and (b) the corresponding
target pattern that is assigned to the output
layer during the error back-propagation
training.
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or missing corers. The centroidal profile
pattern is extracted from this boundary.
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Fig. 9 (a) The centroidal profile pattern extracted
from the input image: (b) Output from
the neural network where the most
corresponding  viewpoints are the 64th
and the 65th.

e~ T
/ ™ r E
et R S

T

(b) L64 (c) L65

(a) Input Image
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65 respectively. L64 is the most similar
to the actual viewpoint.
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model pose before the ¢ correction (c) A
model pose after the ¢ correction.
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() (b)
Fig. 12 Accurate pose calculation using the iterative
model posing method: (a) the initial pose

for iterative model posing after the ¢
correction (iteration 0), (b) the pose of the
model after the first iteration.
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