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Matching Algorithm using Histogram and Block Segmentation
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Abstract - The object recognition is one of the major computer vision fields. The object recognition using
features(SIFT) is finding common features in input images and query images. But the object recognition using
feature methods has suffered of difficulties due to heavy calculations when resizing input images and query
images. In this paper, we focused on speed up finding features in the images. we proposed method using block
segmentation and histogram. Block segmentation used diving input image and than histogram decided
correlation between each block and query image. This paper has confirmed that the matching time reduced for

object recognition since reducing block.
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2.1 SIFT (Scale Invariant Feature Transform)
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2.1.1 Scale-space extrema detection
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Fig 1. Maxima and minima of the DOG images.

2.1.2 Keypoint localizaton
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2.1.3 Orientation assignment
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2.1.4 Keypoint descriptor
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Fig 2. Keypoint descriptor.
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Fig 4. Image block segmentation.
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Fig 5. Block image adapted threshold value.
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Fig 6. (a) Object image. (b) Input image.
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Fig 7. Result of proposed algorithm.
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Fig 8 Performance time for matching.
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