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ABSTRACT

Techniques of dictionary learning and sparse representation
are popular in recent study on image denoising, including
classic K-SVD and its variants. The extension of K-SVD
to its deep structure learned in an end-to-end way shows the
state-of-the-art denoising performance with a great compu-
tation efficiency. However, we notice that the current learn-
ing framework takes images patches as independent samples,
which ignores the inherent correlation among the patches. In
this paper, we propose a deep K-SVD denoising network with
attention mechanism to enhance the correlation within and
among the patches. We impose the two-dimensional corre-
lation on the intermediate parameters during the sparse rep-
resentation procedure to achieve more smoothing and local-
structure enhanced image features. Extensive numerical ex-
periments using public data are conducted. The results on two
datasets show that the proposed network achieves an average
improvement of 0.81dB in peak signal-to-noise ratio (PSNR),
1.66% in the structural similarity (SSIM) and more than 90%
in the convergence rate comparing to its counterpart, which
demonstrate the efficiency and the competitive performance
of our proposed network.

Index Terms— Image denoising, channel and spacial at-
tention, deep learning, sparse representation

1. INTRODUCTION

The restoration of image degraded by noise is an essential
preprocessing step for various computer vision tasks. Over
the decades, a mass of image denoising algorithms have been
proposed to tackle the additive white Gaussian noise in image
processing [2][3][17][21][13].

Decomposition denoising algorithm based on sparse the-
ory is one of the most popular image denoising algorithms in
recent years[8][14][15]. The rationale behind is that clean im-
ages can be parsimoniously represented in an over-completed
dictionary. Image denosing can be achieved by retrieving only
the significant presentation parts during the approximation to
the noisy images. The over-completed dictionary can be fixed
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or a more representative one which can be learned from the
images during the sparse representation [8]. K-SVD denois-
ing algorithm [8] proposes to update the dictionary and image
representation by Orthogonal Matching Pursuit (OMP) [7] in
an iterative manner, where atoms in the dictionary are updated
one by one by the Singular Value Decomposition (SVD) of a
rank 1 matrix.

Most recently, a deep KSVD method (DKSVD) extends
the original K-SVD method to a deep architecture [14], which
redesigns both the steps of dictionary learning and the sparse
presentation. The Learned Iterative Shrinkage and Thresh-
olding Algorithm (LISTA)[10] is used in the sparse represen-
tation to replace OMP in order to make the dictionary learn-
able. Then the dictionary, i.e., a global image prior, is learned
in a supervised manner. Similar to the original LISTA where
an empirical scalar threshold is required to control the spar-
sity of the coefficients, DKSVD further proposes to incorpo-
rate a Multi-Layer Perceptron (MLP) network to adaptively
learn that scalar. The proposed DKSVD connects deep neu-
ral network based solutions to the classical algorithms and
achieves comparable denosing performance to other leading
deep-learning based denoisers [19][20][12] with heavy com-
putation complexities.

The main shortcoming of DKSVD is that the inherent
correlation between and within the image patches are not
fully considered in the denoising process. It is noted that
only a scalar threshold is independently learned to control
the sparsity of the sparse coefficient for each image patch
in DKSVD[14]. In practice, image patches within an image
share similar content or structure and their sparse represen-
tations tend to have similar patterns. The fact of correlation
also applies to pixels within an image patch and the sparse
coefficients at various positions commonly show additional
structures, such as tree, cluster and group.

In contrast to the traditional low-rank based denoising
methods where correlation is directly modeled on image
patches [11][5][18], we propose to learn adaptively each
sparse coefficient a sparsity controller i.e., the threshold in
LISTA, in one patch and impose a two-dimensional correla-
tion on the learned thresholds globally for all patches of an
image by an attention module. The proposed new network,
named as Attentive deep K-SVD (AKSVD), can selectively
emphasize informative features, smooth characteristic pa-



rameters and achieve better denoising effect. Experimental
results on two datasets show that the proposed method far
outperforms its original counterpart DKSVD with an average
improvement of 0.81dB in peak signal-to-noise ratio (PSNR),
1.66% in the structural similarity (SSIM) and more than 90%
in the rate of convergence.

2. ATTENTIVE K-SVD NETWORK

Our task is to learn an optimal dictionary from the noisy im-
age patches by considering the correlation among and within
image patches to enhance the structural and contextual infor-
mation in feature learning. The overall architecture of our
denoising network is given in Fig. 1. The noisy input images
of size VN x /N are firstly sliced into small overlapping
patches of size /px/p with p < N and then fed into our pro-
posed AKSVD network for patch based denosing. Ultimately,
the denoised image is restructured by weighting the obtained
denoised image patches. In the following subsections, we de-
scribe in details each part of our proposed AKSVD network.

2.1. Sparse Coding based Image Denoising Formulation

Following the architecture of DKSVD in [14], we aim to solve
the following optimization problem for image denoising:
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where Y is the noisy image and X is the output denoised im-
age in each iteration; X is the denoised image; D € RP*™
is the over-complete dictionary; o, € R™ is the sparse repre-
sentation vector for the k-th patch; Ry € RP *N is the oper-
ator for patch extraction and ||« ||p represents the number of
nonzeros in o.

To solve the above problem in a supervised way, the un-
folded LISTA net [4, 9, 1] is used to extract the sparse coef-
ficient o, for each patch successively by 7' steps with each
step following:
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where c is the square spectral norm of D and
softp(x) = sign (z;) (|z;| — P). 3)

It is emphasized that regularization threshold g controls the
sparsity of the coefficients and the level of representation er-
ror, which depends both on the noise level and the structure
of the input image patch. An MLP with three hidden layers is
used to learn the scalar threshold for each patch in [14].

In summary, sparse presentation of the image patches will
be achieved by the unfolded LISTA network defined by (2)

with a scalar threshold Ag learned by an MLP in the forward
pass and the dictionary D is updated according to its gradient
in the backward pass.

2.2. Sparsity Controller Calculation by MLP

It is noted in (2) that only one scalar threshold A\, is used for
sparse coefficients update for the whole k-th patch. We argue
that this is not sufficient to reflect the structural characteristics
of the patch. We propose to extend the scalar threshold into
a vector Ay = [Ak1, Ak2,---> Meom)? Of the same size as
ag. In this way, we actually aim to solve the following re-
weighted /; minimization problem given dictionary D:
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It is demonstrated in [6, 22] that employing weight on sparse
coefficients allows for better estimation of the nonzero coef-
ficient locations even with substantially fewer measurements.
We then propose to infer the vector \;, by a MLP network
from the noisy image patches according to Ay = f(yx),
where v is the parameters of the MLP. Following [14], the
MLP network has five layers, namely, the input layer, three
hidden layers and output layer. The number of nodes of each
layer is p2,8p2,16p?,8p? and 4p? respectively, where m =
4p? is the output size. The MLP function in this part learns the
structural information of sparsity within the image patches.
As )\, is learned adaptively from the noisy image patches, it
encourages different sparsity for each element in .

2.3. Correlation-imposing by Channel-space Attention

Thus far, the network takes image patches as independent
samples and the sparse coefficients are calculated according
to (4) using LISTA independently without considering the
correlation among and within the image patches. In this sub-
section, we incorporate a channel-space attention module be-
tween the MLP and the unfolded LISTA network to impose
a two-dimensional correlation among and within the image
patches.

The structure of channel-space attention module is given
in Fig. 1, which is mainly composed of a channel attention
block and a space attention block. Denote A € R %™ the
sets of learned \; by the MLP from ¢ overlapped patches of
a sub-image. We reshape A sets to m feature images of size
q %X q, denoted as \*, to establish the relationship between A
and the original image.

The correlation of sparse coefficients within patches is im-
posed by the channel attention block. We squeeze the spatial
dimension of the input with average-pooling and max-pooling
simultaneously to generate two different spatial context de-
scriptors: Az, 1 and A7 Both compressed features are

maxl®
fed into a shared three-layer MLP, respectively, to calculate
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Fig. 1: The overall architecture of image denoising using AKSVD network

(a) Original image (b) Before attention (c) After attention

Fig. 2: Heatmap of the sparsity controller ) in training.

the channel attention weights M:

M, = Sigmoid(MLP(AvgPool(A*)) + MLP(MaxPool(A¥)))

= Sigmoid (W1 (Wo (Xsue1)) + Wi (Wo (Xaz1))) »
®)
where Sigmoid is the Sigmoid function, Wy € R™/"*™ and
W, € RE*C/T are the MLP weights, r is the reduction ratio.
The output of channel attention is then fed as the input
to the space attention, where the correlation among patches
is encouraged. Similarly, through average-pooling and max-
pooling in space dimension, we obtain two feature maps of
size g x q, which will then be concatenated and convoluted by
a standard convolution layer followed by Sigmoid activation
function. The spatial attention weights are finally computed
as:

M, = Sigmoid (f([AvgPool(}); MaxPool(A})]))
= Sigmoid (f ([Nryg2; Armazz))) -

where f denotes a convolution operation with the specified
filter size, A}, o € R'9*%and A}, .o € RVP*P are two 2D

(6)
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feature maps. And the final A* is then updated by the output
of the channel and space attention block as \* = Mg® (M, ®
A*), where ® represents element-wise product. To calculate
the spare coefficients, we need to reshape the correlation-
imposed A* images into the original vectors before feeding
them into the unfolded LISTA network.

To illustrate the impact of the attention module, we com-
pare feature images of A before and after the attention module
in Fig. 2. It can be seen that after the attention module, the
obtained feature is much smoother and more context informa-
tion can be identified.

2.4. Patch Reconstruction

In the reconstruction module, the clean image is constructed
by weighting the denoised image patches. Given the learned
weight w € RV™*V™ and the patch extraction operator Ry,
the clean image can be represented as:

X - YRy (0O &)
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where © is the Schur product and w is the weight that will be
learned from the data during the network training.

)

3. EXPERIMENTAL RESULTS

In this section, extensive experiments are conducted using
Berkeley segmentation dataset (BSDS) to verify the effective-
ness of the proposed method. 432 out of 500 images are ran-
domly selected as training data and the remaining 68 images
are used for validation. White Normal-distributed noise with
standard derivation of ¢ = 15,25, 50 is added to the images.
We employ Adaptive Moment Estimation (Adam) optimizer
for network training with a learning rate of le — 4. All the
experiments are conducted on the Ubuntu 16.04 using a desk-
top with an Intel Core E5-2673 CPU and four Nvidia GeForce
GTX 1080 Ti GPUs. Figure 3 gives the convergence curve of
training and validation losses when o = 25. Comparing to
the DKSVD in [14] where 10 hours are required for the net-
work to fully converge, our AKSVD converges much faster
and saves more than 90% of the training time.

For easy comparison with the results in [14], we evaluate
the trained network on the Set12 and BSD68 data. Metrics



Table 1: Quantitive comparison between DKSVD [14] and AKSVD on Set12.

o Metrics  Model Airplane  Barbara C.man  Couple House Lena Man Monarch ~ Parrot ~ Pepper Ship Starfish ~ Avg.
PSNR DKSVD  31.18 31.47 31.79 31.64 3402 3386 3193 32.14 3148  32.65 31.80 31.38 32.11

15 AKSVD  31.31 31.88 32.02 3196 3442 3417 3214 3251 31.61 3291 32.02 31.63 32.38
SSIM DKSVD  0.90 0.90 0.86 0.86 0.88 0.89 0.87 0.93 0.90 0.90 0.85 0.91 0.89
AKSVD  0.90 0.91 0.90 0.87 0.88 0.89 0.88 0.94 0.90 0.91 0.85 0.91 0.90

PSNR DKSVD  26.52 27.27 27.05 27.69 29.83  29.60 28.07 27.38 26.70  28.04 2794  26.77 27.74

25 AKSVD  28.90 29.45 29.57 29.62 32,57 32.03 29.83 30.21 29.21  30.46 29.86 29.19 30.08
SSIM DKSVD  0.84 0.81 0.81 0.77 0.83 0.84 0.78 0.89 0.82 0.85 0.76 0.83 0.82
AKSVD  0.86 0.86 0.85 0.81 0.85 0.86 0.81 0.91 0.86 0.87 0.80 0.87 0.85

PSNR DKSVD  23.45 23.56 24.19 2480  27.08 26.66 2539 2422 2391 2485 2512 23.62 24.74

50 AKSVD  25.24 24.91 26.13 26.04 2873 2846 26.73 26.06 25.96  26.57 26.52 25.15 26.38
SSIM DKSVD  0.75 0.67 0.71 0.64 0.77 0.76 0.67 0.79 0.74 0.76 0.65 0.71 0.72
AKSVD  0.77 0.70 0.75 0.67 0.77 0.77 0.69 0.81 0.77 0.78 0.68 0.75 0.74

0.09 . o
e training loss e validation loss

c=25

Fig. 3: Convergence of training and validation losses.

of PSNR and SSIM are used to quantitatively measure the
quality of the reconstructed images. In [14], which is com-
putationally intensive due to its reliance on a higher num-
ber of iterations, we established a more streamlined experi-
mental framework to optimize efficiency in both time and re-
source utilization. We applies 1" = 5 iterations of LISTA and
K =1 EPLL-like denoising rounds [16] in Table 1 and Table
2. Results in both Table 1 and Table 2 show that the pro-
posed AKSVD outperforms its counterpart DKSVD [14] for
image denoising. The proposed method achieves an average
improvement over DKSVD of 0.81dB in PSNR and 1.66%
in SSIM. Comparing with two leading classic denoising al-
gorithms, BM3D [3] and WNNM [11], our network has an
improvement on PSNR by 0.24dB and 0.02dB on average for
BSD68. Table 3 studies the impact of different structures of
AKSVD when training with EPLL using Set12 dataset with
o = 25. Depending on how many round the EPLL will be
used and where the attention module is incorporated, we eval-
uate four different structures of our AKSVD. Their denoising
performances are summarized in Table 3, where AKSVD, ,,
refers that we have ¢ EPLL iterations and the attention module
is incorporated at p-th round of EPLL. It is demonstrated in
Table 3 that different structures of AKSVD show slight per-
formance differences and it achieves its best when 3 rounds
are performed in EPLL with the attention module incorpo-
rated in the last round.

4. CONCLUSIONS

In this paper, we propose an attention-guided deep K-SVD
network for image denoising. By extending the threshold pa-

rameter in the unfolded LISTA network, we reformulate the
sparse presentation problem into a weighted [; minimization
convex optimization. Furthermore, we employ a channel-
space attention module to impose a two-dimensional corre-
lation within and among the image patches globally on the
threshold parameter to achieve more accurate parameter es-
timation and sparse representation. The experimental results
demonstrate the effectiveness of our proposed network in per-
spective of reconstructed image quality and computational ef-
ficiency.

Table 2: Comparison of AKSVD and classic methods on
BSD68.

4 DKSVD AKSVD BM3D WNNM
PSNR SSIM  PSNR SSIM PSNR SSIM PSNR  SSIM
15 3118 0.88 31.35 0.88 31.07 0.87 31.37 0.88
25 2861 0.81 28.94 0.82 28.57 0.80 28.83 0.81
50  25.60 0.68 25.70 0.69 25.70 0.69 25.87 0.69

(f) Noisy g) DKSVD h) AKSVD

Fig. 4: Denoising result comparisons between DKSVD and
AKSVD by example images: Airplane and House.

(e) Original

Table 3: Different attention structure of AKSVD versus clas-
sic methods on Set12.

Metrics AKSVDa.n AKSVD@G1) AKSVDG2 AKSVDG3  BM3D WNNM
PSNR  30.08 30.12 30.12 30.21 2997 30.26
SSIM 0.85 0.85 0.86 0.86 0.85 0.85
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