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σ C m house peppers lena barbara boat

5
1.128 1 38.65 37.62 39.56 37.31 37.34 37.83 38.49 37.91 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 35.26 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 35.98 36.24 36.54 34.28 34.49 34.60 35.47 35.63 35.75 34.42 34.35 34.57 33.64 33.81 33.87

15
1.041 4 33.64 34.08 34.75 31.74 32.13 32.35 33.90 33.70 34.20 31.86 31.80 33.05 31.70 31.44 31.92

1.026 4 34.32 34.59 34.87 32.22 32.41 32.41 33.70 33.90 34.08 32.37 32.47 32.58 31.73 31.99 32.02

20
1.023 4 32.39 32.90 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 32.44 32.75 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 25.90 25.29 26.45 28.61 28.38 29.10 25.48 24.09 27.50 26.38 25.93 26.63

1.010 5 27.95 28.25 29.43 26.13 26.40 26.62 27.79 28.11 28.75 25.47 26.04 26.80 25.95 26.34 26.74

100
1.018 4 25.11 23.08 25.96 22.66 20.51 23.06 25.64 23.32 25.91 22.61 20.64 24.11 23.75 21.78 23.88

1.008 5 23.71 23.69 24.73 21.75 22.05 22.57 24.46 24.48 25.13 21.89 22.04 22.88 22.81 22.95 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 toN = 2.

(a) Scale s = 0 (b) Scale s = 1

Fig. 5. One learned multiscale dictionary.

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-SVDwith image

pyramids. Results in these directions will be reported soon.

6. REFERENCES

[1] M. Aharon, M. Elad, and A. M. Bruckstein, “The k-svd: An

algorithm for designing of overcomplete dictionaries for sparse

representations,” IEEE Trans. on Signal Processing, vol. 54,

no. 11, pp. 4311–4322, November 2006.

[2] M. Elad and M. Aharon, “Image denoising via sparse and

redundant representations over learned dictionaries,” IEEE

Trans. on Image Processing, vol. 54, no. 12, pp. 3736–3745,

December 2006.

[3] J. Mairal, M. Elad, and G. Sapiro, “Sparse representation for

color image restoration,” 2006, submitted, http://www.

ima.umn.edu/preprints/oct2006/2139.pdf.

[4] S. Mallat, A Wavelet Tour of Signal Processing, Second Edi-

tion, Academic Press, September 1999.

[5] J. Portilla, V. Strela, M.Wainwright, and E. P. Simoncelli, “Im-

age denoising using scale mixtures of gaussians in the wavelet

domain,” IEEE Trans. on Image Processing, vol. 13, no. 4, pp.

496–508, 2004.

[6] C. Kervrann and J. Boulanger, “Optimal spatial adaptation for

patch-based image denoising,” IEEE Trans. on Image Process-

ing, vol. 15, no. 10, pp. 2866–2878, 2006.

[7] K. Dabov, A. Foi, V. Katkovnik, and K. Egiazarian, “Image

denoising with block-matching and 3D filtering,” in Proc. SPIE

Electronic Imaging: Algorithms and Systems V, San Jose, CA,

USA, January 2006, vol. 6064.

[8] B.A. Olshausen, P. Sallee, and M.S. Lewicki, “Learning sparse

multiscale image representations,” Advances in Neural Infor-

mation Processing Systems, vol. 15, pp. 1327–1334, 2003.

[9] G. M. Davis, S. Mallat, and Z. Zhang, “Adaptive time-

frequency decompositions,” SPIE J. of Opt. Engin., vol. 33,

no. 7, pp. 2183–2191, July 1994.

[10] J. A. Tropp, “Greed is good: Algorithmic results for sparse

approximation,” IEEE Trans. on Information Theory, vol. 50,

no. 10, October 2004.

[11] D. Donoho, “Wedgelets: Nearly minimax estimation of edges,”

Annals of statistics, vol. 27, no. 3, pp. 859–897, June 1998.

[12] S. Roth and M. J. Black, “Fields of experts: A framework for

learning image priors.,” in Proc. IEEE Computer Vision and

Pattern Recognition (CVPR), San Diego, USA, June 2005.

[13] A. Björck, Numerical Methods for Least-Squares Problems,

1996.


