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Object Category Recognition by Bag-of-Features using co-occurrence

representation by foreground and background information
Tomoyuki NAGAHASHI', Arihito IHARAT, and Hironobu FUJIYOSHI'

1 Dept. of Computer Science, Chubu Univ. Matsumoto 1200, Kasugai, Aichi, 487-8501 Japan
E-mail: {{nagahashi,ai}@vision.cs.chubu.ac.jp, Tthf@cs.chubu.ac.jp

Abstract This paper proposes an image classification method based on a bag-of-features algorithm that uses
co-occurrence expressions of foreground and background information. Since bag-of-features algorithms use his-
tograms to express features, they ignore object position information. They are considered more precise since they
only code feature values in foreground regions comprised of the target categories. We investigated a method that
first uses image segmentation to extract foreground regions, then codes only the feature values for those regions.
We compared this method’s recognition rate to the recognition rate of the standard bag-of-features algorithm. Our
experimental findings demonstrated that coding feature values from both foreground and background regions re-
sulted in more precise recognition than coding feature values from foreground regions only. By examining selected
feature values, we showed that bag-of-features image classification is an algorithm that models entire scenes in
images, used in recognition of both foreground and background features. Based on these findings, we have proposed
a bag-of-features algorithm that focuses on the co-occurrence of local features in the foreground and background,
and uses 241D vector quantized histograms. Our evaluation testing showed that the proposed algorithm had a
recognition rate about 3.8% better than the standard bag-of-features algorithm.
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