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Abstract Problem formulation for VQ with sparse oblique trees Experiment results
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4 M5 He H7 . Leaf optimization matches k-means’ centroid step at O(ND)
Test patch encoding is O(D log K) for a tree (root-to-leaf path) versus O(DK) for k-means

Rate-Distortion curves. Distortion (MSE) vs bit rate for different patch size (from left to right 5 x 5 and 15 x 15) of each method (ours,
k-means, PCA-tree and RP-tree) on Kodak dataset. Our trees have much better distorition only slightly worse than one of k-means.
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Quantization quality produced by k-means and our method for 21 bit encoding. This shows the impact of patch size on image quality. As the patch size increases, the image

Quantization quality comparison of different methods for different bit rate. Distortion (MSE) and bit rate is on top of each image. The proposed method, on becomes more susceptible to blocking artifacts. Larger patch sizes require significantly more bits to capture the details of various patches because the algorithms encode each
par with k-means, displays the best image quality. patch as a single codeword. Quantization quality is very close to one of k-means.



