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Extracting Multi-Size Local Descriptors by GPU Computing

Naoyuki ICHIMURAT

1 National Institute of Advanced Industrial Science and Technology (AIST)
Tsukuba Central 2, 1-1-1, Umezono, Tsukuba, Ibraki, 305-8568 Japan
E-mail: {nic@ni.aist.go.jp

Abstract Local invariant features have been widely used as fundamental elements for image matching and ob-
ject recognition. Local invariant features can be extracted by the following two steps:(1)detecting local regions,
(2)calculating descriptors. The size of each local region is determined by multiplying the characteristic scale of
the center pixel, which may correspond to a feature point and an edge etc., by a certain factor. The factor is
normally fixed. However, if a descriptor is calculated from only a single local region, it is difficult to adjust the
balance among the robustness against for occlusions, the invariance, and the distinctiveness of the descriptor to the
contents of scenes. The purpose of this paper is to develop a method for extracting descriptors from multiple local
regions with different sizes which are determined by multiplying multiple factors to the characteristic scale. The
descriptors obtained from multiple local regions are called multi-size local descriptors. Multi-size local descriptors
enable us to use various types of representation such as frequency, co-occurrence and correlation based on many
different spatial sizes, which is a promising way to control the balance mentioned above. Because multi-size local
descriptors increases the computational costs of feature extraction, we develop parallel computational techniques
for extracting multi-size local descriptors consisting of the histograms of gradient orientations through the use
of a graphics processing unit (GPU). In particular, we demonstrate that orientation maps are useful for efficient
extraction of the multi-size local descriptors.

Key words local invariant features, GPU, multi-size analysis, image matching, object recognition
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