% 19934 48 EITHEGHLE $ 3046 B B 4%

WX 93-30B-4-11

%

44 3

Binocular stereo v} 2]3F 3
g A&

W EA9) A5
24 S =

7]

(An Adaptive Classifier for 3-D Planar Object
RecognitionBased on Uncertainty of Features by
Binocular Stereo Method)
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Abstract

In this paper. we propose an adaptive classifier based on uncertainty of features for 3D
planar object recognition. First, we investigate the uncertainty of depth information and the
feature values of 3D planar object by numerical method. And, we observed that the
statistical behavior of feature is dependent on the position and orientation of objects. After
that, the approximation of the statistical behavior is executed. Subsequently, the recognition
procedure is executed by the adaptive classifier. By computer simulation, we confirmed that
the proposed classifier is useful for 3D planar object recognition.
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Fig. 11. models used in the experiment of
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Table 1. True values of features of the models.

model | model | model | model | model | model modell
feature 1 2 3 4 5 6

area 173.29] 292.71 | 500.56{ 27.00 | 108.00| 100.00

perimeter | 60.00| 78.00 | 102.00| 30.00| 60.10 68.80

compactness | 0.60 | 0.60 | 0.60 | 0.37 | 0.37
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Fig. 12. Results of polynomial approxima-
tion.
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algorithm.
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