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Factored Representation of Local Feature Set for Affine Invariant Matching
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Conventional multi-viewpoint descriptors, such as Affine SIFT (ASIFT),
require much online affine-warping of a patch image to precisely match images that have viewpoint
changes. Therefore, we propose affine invariant descriptor without conventional heavy online
affine-warping. To this end, the proposed descriptor represents traditional local descriptors as the

inner product between “ feature-description filters” and a local patch image. By using
feature-description filters, we can conduct affine-warping efficiently using pre-computed filter
sets. In addition, affine-warped filters can be compactly represented using a factorization method,
and the multi-viewpoint local features can be generated for arbitrary continuous affine parameters.
Experimental results indicate that the proposed descriptor describes multi-viewpoint features more
efficiently than conventional affine invariant descriptors while maintaining the keypoint matching
performance.
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