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Abstract

In this paper, we proposed the image compression algorithm using triangular feature based GHA.
In feature extraction, the input images are divided into eight areas of triangular shape, that has
positional information for face image compression. The proposed algorithm reduces blocking effects
in image reconstruction and contains informations of face feature and shapes of face as input images
are divided into eight. We used triangular feature extraction for positional information and GHA for
shape information of face images. Simulation results show that the proposed algorithm has a better
performance than the block based K-means and non-parsed image based GHA in PSNR at the same
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