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Abstract

A design for a system to perform rapid recognition of three dimensional objects is presented,
focusing on efficient indexing. In order to retrieve the best matched models without exploring all
possible object matches, we have employed a Bayesian framework. A decision-theoretic measure of
the discriminatory power of a feature for a model object is defined in terms of posterior probability.
Detectability of a feature defined as a function of the feature itself, viewpoint, sensor characteristics,
and the feature detection algorithm(s) is also considered in the computation of discriminatory power.
In order to speed up the indexing or selection of correct objects, we generate and verify the object
hypotheses for features detected in a scene in the order of the discriminatory power of these features
for model objects.
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Table 1. A summary of survey on geometric indexing/hashing techniques.

year system acquisition | input data indexing key complexity comments

/recognition

95 Wheeler 3D/3D range image group of consistent planar | not reported Markov  random
and surface  matches  between field to repre-
Tkeuchi [1] image and model sent to likeli-

hood of hypotheses

9% Califano 2D/2D 2D drawing seven dimensional global | recognition= N (k+ cQ) where | 2% models
and nvariants Ny, is the number of feature
Mohan [2] triplets in the image and @ is

the number of models in the
database.

3 Rigoutsos 2D/2D intensity coordinates of scene points | building indexing table= | point-set  mat-
and image computed in the coordinate o(M™), recognition= O(s*M") | ching, modeling
Hummel system formed by an ordered | where M is the number of | of positional un-
(3] pair of scene points models, » is the max number | certainty in the

of future points per model, and | hash space
s 1s the number of interest
noints found in the scene.

93 Beis and | 2D/3D range image | three angles and ratio of the | not reported. learning  likeli-

Lowe [4] interior edge lengths from hood of each hy-
four straight-line segment pothesis
chain

92 Stein and | 2D/2D intensity super segments with several 0(n) < recognition < | super segment to
Medioni image different  cardinalities  for On*m’) where nis the | represent edges
[5] edges number of features in the

scene and is the number of
models in the database

92 Stein and | 3D/3D range image | 3D super segments with o(n) < recognition < | Surface patches
Medioni several different cardinalities O(n*m*) where m is the | and edges are
[6] for edges and splashes number of features in the | represented by

scene and is the number of | splashes and 3D
models in the database curves,
respectively.

92 Flynn and | 3D/3D range image two invariant feature values | building indexing table = | interpretation ta-
Jain [7] computed from a triple of | O(mn®), recognition = | bles (ten 2D ta-

scene surface patches that O(m*s’)  where = is he | bles)
are simultaneously visible largest number of surfaces in

any of object models and is

the number of scene surfaces.

88 Lamdan et | 2D/2D intensity coordinates of scene points | not reported point-set  mat-
al. [8] image in the affine-transformed ching

coordinate system formed by
an ordered triplet of three
scene points
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