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A Study on Feature-Extraction Methods for Improvement of Image-Recognition
Performance
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Summary As rapid spread of various devices with built-in cameras, it is strongly expected to develop
advanced image recognition technologies. Robust feature extraction methods such as SIFT and SURF are
widely used in many kinds of generic object recognition tasks, and further improvements on these methods are
essential to boost recognition performance up effectively. In this paper, we describe an improvement of SIFT
on keypoint detection. In original SIFT, DoG filter is used to detect keypoints from input images, whereas in
our simple method, fixed window laplacian filter is adopted to improve both detection error and repeatability.
Repeatability test results using benchmark datasets show that our proposed method outperforms original SIFT
and SURF. Image-verification test results also show that the method is effective to improve discriminative
performance.
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