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The needs of efficient image picture query and clustering is rapidly increasing under the development of broadband
network and multimedia communication. The recent techniques in the image query and clustering extract thousands
of points of interest (POI) from each image, and represent the feature of each POI by a Scale Invariant Feature
Transform (SIFT) vector. The similarity among images is evaluated by the matching of SIFT vectors and used for
the query and clustering. A crucial issue in the similarity evaluation is the efficient matching of the SIFT vectors.
In this report, we assessed some approaches based on a k-NN query technique named ”SASH” and compared their
efficiency and accuracy with the direct matching by using real world image pictures.
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