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Abstract. Although sparse coding error has been introduced to im-
prove the performance of sparse representation-based image denoising,
however, the sparse coding noise is not tight enough. To suppress the
sparse coding noise, we exploit a couple of images to estimate unknown
sparse code. There are two main contributions in this paper: The first
is to use a reference denoised image and an intermediate denoised im-
age to estimate the sparse coding coefficients of the original image. The
second is that we set a threshold to rule out blocks of low similarity
to improve the accuracy of estimation. Our experimental results have
shown improvements over several state-of-the-art denoising methods on
a collection of 12 generic natural images.
Keywords-image denoising; sparse representation model; sparse coding
coefficients; sparse coding noise; noise level

1 Introduction

Image denoising is an important tool for many applications, such as remote sens-
ing imaging, object recognition and medical imaging, etc. As previous literatures
supposed, the noise in the contaminated image obeys independent identically
distributed Gaussian. In this paper, we mainly focus on the zero mean additive
white gaussian noise (AWGN). The problem of image denoising can be generally
formulated by

y = x+ n

where y is the observed corrupted image vector, x is the original image vector and
n is the AWGN vector with a standard deviation σ. Owing to the ill-posed nature
of image denoising, it is of great importance to make a good assumption about
original image, and many prior representation models have been introduced.

Traditional image denoising methods can be divided into transform domain,
spatial domain, and dictionary learning based method. Transform domain based
methods transform image into other domains and image patches are represented
by the orthonormal basis(e.g., contourlets [1] and wavelets [2]). Portilla et al. [3]
use mixture of Gaussians to model the wavelet coefficients. Donoho [4] devides
image into some wavelet subbands and then applies soft-thresholding to the
coefficients. Spatial domain based methods apply similarities between patches
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Fig. 1. Image denoising performance comparison on woman image (σ = 20). From
left to right and top to bottom: original image, noise image, the reconstructed images
by SAPCA-BM3D (PSNR = 32.10dB), CSR (PSNR = 32.59dB), NCSR (PSNR =
32.65dB), and our proposed method (PSNR = 33.01dB).

in an image. For a given patch, a series of similar patches will be searched to
denoise the patch. According to the searching scope, Spatial domain methods
can be categorized as local filters (e.g., TF [5] and SKR [6]) and nonlocal filters
(e.g., NLM [7] and INLM [8]). Recently, Xiong et al. [9] exploit the nonlocal
correlation in images to estimate the expectation and variance, thus achieving
a good denoising effect. Ma et al. [10] discuss their vision for the future of in-
loop filter research by exploring the potential of non-local similarities. Dictionary
learning based method apply each patch in the image. The sparsity-based reg-
ularization has been used to achieve good results. They perform denoising by
letting each patch in the denoised image expressed as a linear combination of
only a few atoms from a redundant dictionary. Representative methods include
K-SVD [11], LSSC [12], and CSR [13]. Owing to the fact that dictionary learn-
ing is highly non-convex [14], Chen et al. propose PCLR [15] which employs the
GMMs learned from clean images to guide patch clustering of the input noisy
images.

Our proposed method is established on the sparsity-based model. NCSR [16]
has consider sparse coding error(the difference between the sparse coding of
original image and denoised image). Owing to the fact that x is unknown, they
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Fig. 2. The Iteration Process of Our Method

make use of the self-similarity of intermediate denoised image to estimate the
sparse coding of original image αx. However, the estimation of αx is not accurate
enough, which will result in over-smoothing. In this paper we focus on improving
the estimation accuracy of αx. Our proposed model is composed of two stages:
In the first step, we use a reference denoised image and an intermediate denoised
image to compute weights of similar blocks simultaneously. In the second step,
we set the threshold ε to rule out low similar blocks, where ε is determined by
the noise level σ adaptively. The extensive experiments demonstrate that our
proposed method outperforms several state-of-the-art denoising methods.

The rest of this paper is organized as follows. Section II presents the details
of our method. Section III presents the experimental results. The conclusion is
drawn in Section IV.

2 The Proposed Method

We denote an image as a vector x ∈ <M acquired by reforming pixels of the
corresponding matrix in lexicographical order. Let a patch be represented as
vector xi ∈ <N

2

, which is a
√
n ×
√
n size block at location i from x through

xi = Rix, where Ri is a matrix extracting pixels in the patch from the image.
In order to suppress the block artifacts, patches are overlapped and redundant
patch-based representation are used in this paper.

Based on the assumption of sparse coding, xi can be sparsely represented
from D ∈ <n×M (n�M) as xi ≈ Dαix, where D ∈ <N×M (N �M) is an over-
complete dictionary, and α is a sparse coding coefficient vector, whose elements
are zero or close to zero. Given a dictionary D, the optimization process is as
follows:

min
α
‖α‖0 s.t. ‖x−Dα‖2 ≤ ε (1)

In the task of image denoising, only noise image y is available, thus we obtain
the sparse coding of y as follows:

αy = arg min
α
{‖y −Dα‖22 + γ

∑
i

‖αi − βi‖1} (2)
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Fig. 3. The restored image quality at each
iteration on the house image (σ = 20)

Fig. 4. An scatter plot between sigma and
epsilon

where (αy−β) is the sparse coding noise, β is the estimation of αx and constant
γ denotes the regularization parameter. Then we reconstruct x by x̂ = Dαy
under the assumption of αx ≈ αy. We get better denoising effect than NCSR by
improving the estimation accuracy of β. In the following section we will detail
how to estimate β and improve its accuracy.

2.1 Estimation of Unknown Sparse Code

Based on the fact that an image contains a lot of nonlocal redundancies and
strong nonlocal correlation between the sparse coding coefficients exists, NCSR
obtain β from intermediate denoised image (I im) directly. I im is the interme-
diate iteration denoising results of algorithm. However, owing to the fact that
an image y is disturbed by noise, in the first few iterations of the algorithm,
I im is far from the original image x. Therefore, the estimation of β is not ac-
curate enough, resulting in αy deviate from αx. To solve this problem, we use
an intermediate denoised image (I im) and a reference denoised image (R im)
to estimate β simultaneously, where R im is an image preliminarily denoised by
some kinds of denoising algorithm(in this paper we adopt CSR).

Fig. 3 shows the restored image quality at each iteration. By comparison, we
find that in the first few iterations, the PSNR value of the R im is higher (closer
to the original image) than I im. However, after some iterations, the PSNR of
I im is higher than R im. The same trend is observed in other test images. To
make full use of R im and I im simultaneously, we estimate β based on the two
images. Given a patch I imi and a patch R imi, where R imi is the patch with
the same position as I imi. We search I imi’s nonlocally similar patches in a large
window centered at pixel i in I im and congregate them by set Φi. Similarly, we
obtain R imi’s similar patches Ωi. Assume the sparse coding of Φi’s pth patch
I imi,p denoted by αi,pI im, the sparse coding of Ωi’s qth patch R imi,q denoted

by αi,qR im. Then βi is calculated based on the weighted average of αi,pI im and
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Fig. 5. Iterative Regularization

αi,qR im as follows:

βi =
∑
p∈Φi

ωi,pI imα
i,p
I im +

∑
q∈Ωi

ωi,qR imα
i,q
R im (3)

where

ωi,pI im =
1

Wi
exp(

−‖I imi − I imi,p‖22
h

) (4)

and

ωi,qR im =
1

Wi
exp(

−‖R imi −R imi,q‖22
h

) (5)

where W is a normalizing term, Wi =
∑
p∈Φi ω

i,p
I im+

∑
q∈Ωi ω

i,q
R im, and h acts as

a filter parameters. In the lth iteration, based on the result of previous iteration
I im(l−1), we search for the similar patches to each patch i, and use Eqs. (3) to

update βi. Then α
(l)
y is obtained by using Eqs. (2). The entire iteration process

of our method is shown in Fig. 2 and Algorithm 1. The restored quality of our
method is presented in Fig. 3. From Fig. 3 we can see that the restored image
quality of our method outperform the other two methods.

2.2 Determine the Threshold ε by Noise Level σ Adaptively

In section 2.1, by finding similar patches of xi and calculating sparse coding of
each similar patches, β is estimated as the weight average of them. Although
for some very low similarity patches the weights of them are very small. Lots
of them will reduce the accuracy of β. For this purpose, We remove some very
low similarity patches by setting the corresponding weight to zero when it is less
than ε. Mathematically, it can be represented by

ωi,knew =

{
0, ωi,k < ε

ωi,k, ωi,k ≥ ε
(6)
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Fig. 6. PSNR comparison under differ-
ent block sizes and different noise levels.

Table 1. Block Size Settings

Noise level Block size

σ ≤ 15 6

15 < σ ≤ 30 7

30 < σ ≤ 50 9

σ > 50 8

where ωi,k is kth similar patch of xi. Therefore, the value of ε is critical. By
the grid search method, we obtain the corresponding ε value when the PSNR of
test image is optimal. We do this at different noise levels (σ) and different test
images. And then, ε̄ is obtained by averaging ε at the same noise level. From
Fig. 4, we can see that there is an approximate linear relationship between ε̄ and
σ. By regression fitting, the following approximate relationship is obtained:

ε̄ = 0.000198 ∗ σ (7)

By (7), the value of ε is determined by the level of noise adaptively rather
than a constant. Therefore, the filter process is more robust.

Algorithm 1

Input: observed image y, noise level σ

1: Initialization: x̂(0) = y, β(−1) = 0.
2: Iterate over l = 0, 1, 2, . . . , L

(I) update the dictionary D on x̂(l) via Kmeans++ and PCA;
(II) update β(l) using (3) (4) (5) (6);

(III) Compute α
(l+1)
y by solving Eq.(2) using Shrinkage Algorithm [17];

(IV) Estimate intermediated denoised result: x̂(l+1) = Dα
(l+1)
y ;

Output: x̂ = x̂(L)

2.3 Find Back Some Image Structures in the Residual Image

In order to avoid over-smoothing during the iteration, we find back some image
structures in the residual image by applying a LOG filter to the residual image.
LOG filter is less sensitive to noise than other edge extraction filters due to
the presence of Gaussian low pass filtering of the signal before the computation
of spatial derivatives. So it allows us to introduce as little noise as possible. As
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illustrated in Fig. 5, in the lth iteration, we get residual image by (y−x̂(l)), where
y is the noise image and x̂(l) is the result of the lth iteration of our method. And
then we extract image structures by using LOG filter to the residual image.
Finally, the edge image will be added back to x̂(l) and the result will be applied
in the (l + 1)th iteration of our method.

3 Experiment Results

The basic parameter setting is as follows: L = 9, γ = 0.2, and the filtering
parameter h is selected as h = 0.85 ∗ σ. the value of block size is determined by
the image noise level σ. We set different block sizes and different noise levels on
several test images, and the observed PSNR are shown in the Fig. 6. According
to the trend of the line in Fig. 6, we set the value of block size according to the
image noise level σ adaptively. The setting of block size are shown in Table I.
And we speed up our algorithm by separable nonlocal means filtering [18]. To
evaluate the effect of image denoising, we use peak signal-to-noise ratio (PSNR)
and structural similarity (SSIM) [19]. In order to verify the image denoising
ability of our proposed algorithm, we compare the proposed method with three
competitive state-of-the-art image denoising algorithm, including CSR, NCSR
and SAPCA-BM3D [20]. We apply 12 commonly used image in our experiments
under a wide range of noise levels. The test images are displayed in Fig. 7. And
the experiment results are presented in Table 2 and Table 3(the highest values
are highlighted in each cell). From Table 2 and Table 3, we can see that our
proposed algorithm outperforms the other three algorithms in most cases. For
the average PSNR, our algorithm is the best.

In Fig. 1 and Fig. 8, we show the denoising performance comparison on
different images. It can be seen that our proposed method not only do well in
removing noise, but also has a good preservation on the image edge and texture.
In addition, our restored image is more visually pleasant than NCSR.

Fig. 7. The test images used in the paper
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Fig. 8. Image denoising performance comparison on ground image (σ = 20). From
left to right and top to bottom: original image, noise image, the reconstructed images
by SAPCA-BM3D (PSNR = 27.23dB), CSR (PSNR = 27.47dB), NCSR (PSNR =
26.91dB), and our proposed method (PSNR = 28.16dB).

Table 2. PSNR (dB) Results By Different Denoising Methods. In Each Cell, The
Results Of Four Denoising Methods Are Reported. Top Left: NCSR; Top Right: CSR;
Bottom Left: SAPCA-BM3D; Bottom Right: Our Method.

σ 5 10 15 20 50 100

Lena
38.74 38.70 35.90 35.81 34.20 34.09 32.96 32.92 28.89 28.94 25.66 25.87
38.86 39.16 36.07 36.43 34.43 34.80 33.20 33.61 29.07 29.46 25.37 26.25

Monarch
38.43 38.49 34.49 34.57 32.25 32.34 30.71 30.69 25.68 25.74 22.05 22.08
38.69 39.08 34.74 35.35 32.46 33.19 30.92 31.53 26.28 26.50 22.31 22.61

Barbara
38.43 38.36 35.10 34.98 33.17 33.02 31.78 31.72 27.10 27.20 23.30 23.60
38.38 38.87 35.07 35.66 33.27 33.80 31.97 32.44 27.51 27.64 23.05 23.86

Boat
37.31 37.35 33.88 33.90 32.05 32.03 30.78 30.74 26.60 26.66 23.64 23.88
37.50 37.83 34.10 34.53 32.29 32.77 31.02 31.48 26.89 27.26 23.71 24.13

C. Man
38.18 38.17 34.06 34.12 31.89 31.99 30.49 30.48 26.16 26.21 22.89 22.92
38.54 38.67 34.52 34.80 32.31 32.67 30.86 31.15 26.59 26.87 22.91 23.49

Couple
37.41 37.44 33.95 33.94 32.00 31.95 30.60 30.56 26.21 26.22 23.22 23.47
37.60 37.94 34.13 34.60 32.20 32.69 30.83 31.30 26.48 26.80 23.19 23.73

F.Print
36.85 36.81 32.70 32.70 30.47 30.46 28.97 28.99 24.53 24.52 21.29 21.47
36.67 37.40 32.65 33.52 30.46 31.40 28.97 29.83 24.53 25.30 21.07 21.71

Hill
37.12 37.17 33.66 33.69 31.87 31.86 30.65 30.61 26.86 26.95 24.13 24.47
37.31 37.65 33.84 34.26 32.06 32.46 30.85 31.20 27.13 27.41 24.10 24.81

House
39.98 39.91 36.88 36.80 35.11 35.11 33.86 33.97 29.63 29.53 25.65 25.84
40.13 40.44 37.06 37.36 35.31 35.62 34.03 34.40 29.53 30.12 25.20 26.14

Man
37.78 37.78 33.96 33.96 31.91 31.89 30.56 30.52 26.60 26.65 23.97 24.15
37.99 38.34 34.18 34.66 32.12 32.64 30.73 31.23 26.84 27.15 23.86 24.43

Peppers
38.03 38.06 34.64 34.66 32.69 32.70 31.25 31.26 26.53 26.52 22.64 22.81
38.30 38.05 34.94 34.70 33.01 32.78 31.61 31.30 26.94 26.55 23.05 22.84

Straw
35.89 35.87 31.51 31.50 29.14 29.13 27.50 27.50 22.48 22.44 19.23 19.51
35.81 35.92 31.46 31.50 29.13 29.01 27.52 27.40 22.79 22.17 19.42 19.44

Average
37.85 37.84 34.23 34.24 32.23 32.21 30.84 30.83 26.44 26.47 23.14 23.34
37.98 38.28 34.40 34.78 32.42 32.82 31.04 31.40 26.71 26.93 23.10 23.62
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Table 3. SSIM Results By Different Denoising Methods. In Each Cell, The Results
Of Four Denoising Methods Are Reported. Top Left: NCSR; Top Right: CSR; Bottom
Left: SAPCA-BM3D; Bottom Right: Our Method.

σ 5 10 15 20 50 100

Lena
0.9440 0.9375 0.9145 0.9132 0.8923 0.8917 0.8735 0.8659 0.7986 0.7894 0.5737 0.5105
0.9532 0.9620 0.9187 0.9195 0.9008 0.9087 0.8820 0.8973 0.8010 0.8143 0.5847 0.6013

Monarch
0.9754 0.9655 0.9571 0.9533 0.9391 0.9320 0.9211 0.9017 0.8252 0.8197 0.6015 0.5954
0.9210 0.9782 0.9580 0.9612 0.9418 0.9532 0.9289 0.9311 0.8410 0.8560 0.6143 0.6355

Barbara
0.9640 0.9531 0.9412 0.9385 0.9217 0.9187 0.9032 0.8972 0.7984 0.7732 0.4964 0.4890
0.9774 0.9825 0.9600 0.9712 0.9305 0.9410 0.9105 0.9337 0.8143 0.8259 0.5013 0.5115

Boat
0.9380 0.9312 0.8857 0.8802 0.8488 0.7990 0.8190 0.8098 0.6962 0.6152 0.4013 0.3957
0.9385 0.9400 0.8910 0.8997 0.8613 0.8705 0.8235 0.8245 0.7013 0.7187 0.4218 0.4330

C. Man
0.9597 0.9442 0.9272 0.9195 0.8977 0.8754 0.8736 0.8659 0.7875 0.7653 0.5328 0.5327
0.9620 0.9655 0.9447 0.9503 0.9003 0.0110 0.8810 0.8935 0.7963 0.8013 0.5427 0.5488

Couple
0.9482 0.9411 0.9049 0.8995 0.8691 0.8438 0.8364 0.8210 0.6926 0.6730 0.5013 0.4989
0.9513 0.9580 0.9107 0.9188 0.8847 0.8895 0.8410 0.8610 0.7018 0.7087 0.5130 0.5205

F.Print
0.9881 0.9825 0.9696 0.9620 0.9610 0.9578 0.9310 0.9280 0.8273 0.8265 0.6780 0.6680
0.9897 0.9903 0.9828 0.9834 0.9697 0.9715 0.9337 0.9395 0.8410 0.8423 0.6954 0.7013

Hill
0.9404 0.9387 0.8828 0.8747 0.8376 0.7998 0.8009 0.7985 0.6652 0.6540 0.4702 0.4680
0.9486 0.9512 0.8942 0.9012 0.8410 0.8425 0.8142 0.8207 0.6431 0.6613 0.4850 0.4987

House
0.9563 0.9483 0.9238 0.9213 0.8916 0.8580 0.8707 0.8665 0.8096 0.8073 0.6533 0.6329
0.9608 0.9673 0.9550 0.9574 0.9012 0.9117 0.8848 0.8910 0.8143 0.8297 0.6010 0.6738

Man
0.9523 0.9444 0.9042 0.9010 0.8632 0.8210 0.8286 0.8198 0.7010 0.6995 0.5080 0.4983
0.9630 0.9710 0.9135 0.9213 0.8742 0.8796 0.8410 0.8497 0.7137 0.7335 0.5138 0.5142

Peppers
0.9544 0.9440 0.9260 0.9253 0.9039 0.9105 0.8842 0.8798 0.7951 0.8001 0.6880 0.6843
0.9651 0.9538 0.9273 0.9159 0.9532 0.9321 0.7955 0.7857 0.8137 0.8280 0.7013 0.6790

Straw
0.9865 0.9807 0.9626 0.9610 0.9344 0.9012 0.9031 0.9142 0.6981 0.6887 0.4870 0.4905
0.9760 0.9890 0.9786 0.9711 0.9610 0.9140 0.9110 0.9273 0.6784 0.6990 0.4872 0.4774

Average
0.9589 0.9510 0.9250 0.9208 0.8967 0.8802 0.8704 0.8687 0.7579 0.7498 0.5621 0.5658
0.9583 0.9674 0.9288 0.9310 0.8983 0.9001 0.8732 0.8790 0.7600 0.7654 0.5525 0.5688

4 Conclusions

In this paper, we propose a new method to estimate the sparse coding of the
original image. Different from NCSR, we estimate αx by a couple of images: a ref-
erence denoised image and an intermediate denoised image. Meanwhile, we rule
out low similar blocks by setting the threshold. The threshold is determined by
the noise level adaptively. Experimental results demonstrated that our proposed
method outperformed other leading image denoising methods.
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