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Speed Improvement of SURF Matching Algorithm Using
Reduction of Searching Range Based on PCA

Onecue Kimf, Dong—-Joong Kang”

ABSTRACT

Extracting unique features from an image is a fundamental issue when making panorama images,
acquiring stereo images, recognizing objects and analyzing images. Generally, the task to compare features
to other images requires much computing time because some features are formed as a vector which
has many elements. In this paper, we present a method that compares features after reducing the feature
dimension extracted from an image using PCA(principal component analysis) and sorting the features
in a linked list. SURF(speeded up robust features) is used to describe image features. When the dimension
reduction method is applied, we can reduce the computing time without decreasing the matching accuracy.
The proposed method is proved to be fast and robust in experiments.
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