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With  no prior assumptions, our
framework is capable of decomposing
an object into semantically-meaningful
parts. As a result, we can hope to be on
the right track to capturing the efficiency
and accuracy of human perceptual
organization.

ABSTRACT

Storing and matching full-blown object models is an intractable task for object recognition, while part-based methods offer g —
greater hope for approaching human-like perceptual abilities. We present a methodology for extracting recurring subgraphs of
from graph-based representations of objects and using them in building up a vocabulary of parts for object recognition. images
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A few parts may be enough to recognize g ,,m%
a whole object, both reducing the pawersd by LEDA
complexity of the match, and allowing
the recognition of degraded and
occluded objects.

Looping through all the edges of the first image DAG: .
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Allowing parts to vote for object hypotheses avoids a linear search
and full-graph match against all stored database objects.

Low similarity values of these matches means these hypotheses are not
likely to have been discovered unless the matching was done by parts.
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