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|| o || C | m || house || peppers || lena || barbara || boat ||

5 1.128 1 38.65 | 37.62 | 39.56 37.31 | 37.34 | 37.83 3849 | 3791 | 38.62 37.79 | 37.12 | 38.16 36.97 | 36.14 | 37.19
1.069 3 39.37 | 39.62 | 39.84 37.78 | 37.94 | 38.14 38.60 | 38.60 | 38.70 38.08 | 37.59 | 38.11 37.22 | 37.13 | 37.26

10 1.128 1 35.35 | 3526 | 36.37 33.77 | 34.07 | 34.38 35.61 | 35.18 | 35.81 34.03 | 33.79 | 34.86 33.58 | 33.09 | 33.76
1.042 3 3598 | 36.24 | 36.54 3428 | 34.49 | 34.60 3547 | 35.63 | 35.75 3442 | 3435 | 34.57 33.64 | 33.81 | 33.87

i5 1.041 4 33.64 | 34.08 | 34.75 31.74 | 32.13 | 32.35 33.90 | 3370 | 34.20 31.86 | 31.80 | 33.05 31.70 | 31.44 | 31.92
1.026 4 3432 | 3459 | 34.87 3222 | 3241 | 3241 33.70 | 33.90 | 34.08 3237 | 3247 | 32.58 31.73 | 31.99 | 32.02

20 1.023 4 3239 | 3290 | 33.54 30.31 | 30.59 | 30.84 32.66 | 32.64 | 33.02 30.32 | 30.37 | 31.71 30.38 | 30.12 | 30.61
1.026 4 33.20 | 33.45 | 33.67 30.82 | 31.10 | 31.11 32.38 | 32.69 | 32.86 30.83 | 31.11 | 31.24 30.36 | 30.69 | 30.77

25 1.023 4 31.40 | 32.44 | 32.66 29.21 | 29.95 | 29.82 31.69 | 31.66 | 32.06 29.13 | 29.96 | 30.68 29.37 | 29.66 | 29.64
1.020 4 32.15 | 3244 | 3275 29.73 | 29.95 | 30.05 31.32 | 31.66 | 31.89 29.60 | 29.95 | 30.17 29.28 | 29.66 | 29.79

50 1.018 4 28.26 | 28.67 | 29.68 2590 | 25.29 | 26.45 28.61 | 28.38 | 29.10 25.48 | 24.09 | 27.50 26.38 | 2593 | 26.63
1.010 5 27.95 | 2825 | 29.43 26.13 | 26.40 | 26.62 27.79 | 28.11 | 28.75 2547 | 26.04 | 26.80 2595 | 2634 | 26.74

100 1.018 4 25.11 | 23.08 | 25.96 22.66 | 20.51 | 23.06 25.64 | 2332 | 2591 22.61 | 20.64 | 24.11 23.75 | 21.78 | 23.88
1.008 5 2371 | 23.69 | 24.73 21.75 | 22.05 | 22.57 2446 | 2448 | 25.13 21.89 | 22.04 | 22.88 22.81 | 2295 | 23.65

Table 1. PSNR results of our denoising algorithm. Each case (image and noise level) is divided into six parts: The top row for each part
presents the results from, respectively, [5, 6, 7] (from left to right). The bottom row presents successively the original K-SVD [2], our results
for N =1 (single-scale), and then N = 2 scales. Each time the best results is in bold. The values of the parameters C' and m are reported
in the second and third columns: Inside these ones, the top part of each cell is devoted to N = 1 and the low part to N = 2.

i
147

0 (b) Scale s =1

Fig. 5. One learned multiscale dictionary.
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than 85% of the computational time is usually devoted to matrix-
vector multiplication due to the computation of scalar products in
the OMP. This can be significantly improved using standard nearest-
neighborhood approximation algorithms, which often provide two or
more orders of magnitude improvement. In addition, NVIDIA is at
the moment developing a parallel linear algebra library which takes
advantage of graphic cards and could potentially provide a speedup
magnitude of more than 20 for these multiplications. We plan to
provide a parallel version of the algorithm which will be able to take
advantage of the new multi-core processors. To conclude, we do not
anticipate the computational cost of the algorithm to be a bottleneck
in the near future.

5. CONCLUSION AND FUTURE DIRECTIONS

In this paper we presented a K-SVD based algorithm that is able
to learn multiscale sparse image representations. Using a shift-inva-
riant sparsity prior on natural images, the proposed framework
achieves state-of-the-art denoising results. Our current efforts are
devoted in part to the speed-up of the algorithm following the ap-
proaches mentioned above, and to the extension to multiscale sparse
representation of color images, see [3] for the single-scale case. An-
other direction we are pursuing is to combine the K-SVD with image
pyramids. Results in these directions will be reported soon.
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