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Abstract

Image classification is an important problem in computer vision. However, it is a very challenging problem due to the varia—
bility, ambiguity and scale change that exists in images. In this paper , we propose a method of a hypergraph based model-
ing can consider the higher-order relationships of semantic attributes of a scene image and apply it to a scene image
classification. In order to generate the hypergraph optimized for specific scene category, we propose a novel search method
based on a probabilistic subspace method and also propose a method to aggregate the expression values of the member se—
mantic attributes that belongs to the searched subsets based on a linear transformation method via likelihood based
estimation. To verify the superiority of the proposed method, we showed that the discrimination power of the feature vector
generated by the proposed method is better than existing methods through experiments. And also, in a scene classification
experiment, the proposed method shows a competitive classification performance compared with the conventional methods.
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Table 1. Probabilistic subspace search and optimization
algorithm of searched hyperedges

<Probabilistic subspace search>
p(s) < Occurrence probability distribution prediction
of s, by 7T-test
H,< Creation of initial m hyperedges based on p(s)
(Each subspace is the same as each hyperedge)
1. Repeat {

(a) Fitness calculation of hyperedge nr, by 77

(b) Sort hyperedges in descending order based on
their fitness value

(¢) Remove the bottom 30% hyperedges, then
replace with newly created hyperedges based

on p(s)

} until(Predetermined number of iteration )
2. Obtain the top 10% hyperedges

<Optimization of searched hyperedges>
3. Fori =1 to |A
(a) Sort member attribute s, of hyperedge h,, in de
scending order based on Abs. 7-test score
(b) Add the 1st ranked s, to empty set h,, then
calculate the discriminative power
(c) Repeat {
(1) h,=n,U{s} : Add the next ranked s,
(2) Calculate discriminative power of h,,
huntil(Greater than prev. discriminative power)
4. End for
5. Remove a duplicate hyperedge

Output : Optimized hyperedge set H#
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