Appearance-based Object Recognition Using Higher Order Local Auto Correlation
Feature Information
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ABSTRACT

This paper describes the algorithm that lowers the dimension, maintains the object recognition and significantly reduces the eigenspace
configuration time by combining the higher correlation feature information and Principle Component Analysis. Since the suggested method
doesn’t require a lot of computation than the method using existing geometric information or stereo image, the fact that it is very suitable for
building the real-time system has been proved through the experiment. In addition, since the existing point to point method which is a simple
distance calculation has many errors, in this paper to improve recognition rate the recognition error could be reduced by using several
successive input images as a unit of recognition with K-Nearest Neighbor which is the improved Class to Class method.
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Fig. 1. (@ The minimum brightness of the image
(o) The maximum brightness of the image
{c} Silhouette image extracted using the background
model parameters of input image
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39.47 93.70% 0.031 89.50%
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321.22 97.10% 0.338 92.00%
390.55 97.40% 0.387 92.00%
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3,448.4 95.28% 3.195 90.60%
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