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Color Super-Resolution Reconstruction Based on A Novel Variation Model
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Abstract: This study proposes a new color image super-resolution method mn an adaptive and robust
framework. In the framework, three channels of color images are reconstructed, respectively. Total varmation
regularization is used for edge preservation of single-channel component. In order to overcome the shortcoming
of the total variation model which often leads to generate an undesirable staircase effect, a spatial adaptive
function was designed based on locally structural features of images. This function was used to couple the
low-order total-variation model with the beyond digital total-variation model. Then, an adaptive variational color
super-resolution algorithm of image sequences was proposed to preserve image edge structures and remove
the color staircase effect. Experimental results on real images were presented which demonstrate the

effectiveness of the proposed method.
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INTRODUCTION

Image Super-Resolution (SR) is a popular research
area for producing High-Resolution (HR) images with
better details. Such technology has wide applications in
several domains of knowledge, such as surveillance,
remote sensing, medicine, industrial automation, computer
vision, image enhancement, high definition televisions,
among others.

The goal of 1mage super-resolution 1s to estimate a
HR image from one or several Low Resolution (LR)
images. A typical mathematical model that relates some
observed LR images to an expected HR image can be
described as:

¥, =DM, B, x+n, (D

where, x is an expected HR image vector and the size of
the vector is LN, xLN,; L. denotes a down-sampling factor;
vy 18 a kth frame vector of LR images, its size is N *N,; D
15 a N\N,xLN,LN, down-sampling matrix; M, denotes a
motion matrix of the kth LR image; B, 1s a blur matrix for
representing the Point Spread Function (PSF). M, and B,
are also LN | LN,*LN LN, matrixs; n, represents an N,N,x1
additive noise vector.

The reconstruction of the original HR image 15 a
typical ill-posed inverse problem. There are mainly

two categories of  solution  for  this  problem:

reconstruction-based methods and leaming-based
methods. The reconstruction-based approaches estimate
a HR image by enforcing some prior knowledge which is
typically designed to reduce edge artifacts. Liu and
Zhu (2007) presented an improved recursive steepest-
descend iteration algorithm based on the regularizing
least-mean-square reconstruction. i et al. (2010) used
two new regularization norms, termed as locally adaptive
bilateral total variation and consistency of gradients, to
improve the reconstructed images. Gevrekel ef af. (2007)
employed a new constraint set based on the
spatio-intensity neighborhood and reconstructed a HR
image based on Projection onto Convex Sets (POCS).
Li et al. (2010) presented a variational approach to obtain
HR images from multiframe low-resolution video stills.
They adopted a method for
super-resolution represent a
high-resolution image.

The learning-based approaches reconstructed high
frequency details from a large training set of HR image
patches that encode the relationship between HR and LR
images. Yang ef al. (2010) presented a method toward
single image super-resolution based on sparse
representations in terms of coupled dictionaries jointly
trained from HR and LR image patch pairs. They sought
a sparse representation for each patch of the LR mput,
and then wused the sparse coefficients of this
representation to estimate the HR image. Rezio et al
(2012) presented a learmng-based method which

two-phase iterative

reconstruction to
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generated HR images based on Locally Linear Embedding
(LLE) and residual compensation. They used feature
descriptors to represent HR residual images. Additionally,
they applied the gradient profile prior for estimating the
initial super-resolved image.

Nowadays, almost all super-resolution methods have
still been designed to increase the resoluton of
monochromatic image. But there is little work addressing
the problem of color SR. In this paper, we proposed a
novel variational color image SR algorithm based on the
new model of locally coupling digital total variation.

The remainder of this paper was organized as follows.
In Section 2, we discussed the methodology of color
super-resolution. Section 3 studies how to apply our
method for generic color mmage super-resolution. We
detail our formulation and solution to the image
super-resolution problem based on locally coupling digital
total-variation model. Various experimental results in
Section [V demonstrate the efficacy of the new model as
a prior for regularizing color image super-resolution.

COLOR SUPER-RESOLUTION

The currently applications of color images are wide.
Relative to grayscale images, color images contain more
information. But color SR faced some new problems and
challenges. There are two reasons. First, a color image has
three channels. There are strong correlations between the
channels. Second, the human eye is more sensitive to
color changes than gray scale change. The color artifacts
i the reconstructed image are easily to perceive.
According to the application conditions of color chamnel
information, color SR can be categorized into two classes:
separated reconstruction approaches
reconstruction approaches.

The separated reconstruction methods have two
ideas. One applies monochromatic SR algorithms to each
of the color components independently. The color HR
umage can be generated by combining three separate
monochromatic images. The other 13 transferring the
problem to a different color space where chrominance
components are separated from luminance, and where
Super-Resolution 18 applied to the lummance channel
only. Since the human eye 1s more sensitive to the details
in the luminance channel of an image than the details in
the chrominance channels. Xiong et al. (2010) presented
a practical solution which combmes adaptive
regularization and learning-based algorithm for color SR.
This method performed the regularization on both the
luminance and chrominance layers. At the same time,
Learmng-based pair matching was only performed on the
luminance component. Sun et af. (2011) transformed the

and combined

image from RGB color space to YUV color space. They
only implemented image super-resolution on the Y layer.
Firstly, they used the gradient profile prior and inferred
the HR gradient field from the LR image by gradient field
transformation. Secondly, the estimated HR gradient field
was imposed a gradient domain constraint for the HR
mmage. Finally, the HR 1image was inferred by coupling the
gradient domain constraint and the 1mage reconstruction
constraint. Additionally, they used the bicubic
interpolation to reconstruct the color components 17
and V.

The combined reconstruction methods use three
color components to estimate the result of reconstruction.
The methods strengthen the correlation between the
channels. It is possible to obtamn a better reconstructed
image. However, applying super-resolution techniques to
these components increases the computational burden.
(2009)  proposed two
regularization terms and an mtercolor dependencies
penalty term operating m the YIQ color space, which
penalize differences in edge locations and orientation
across color channels. T.i et al. (2010) described a SR
method on color face image based on quaternion,
combining with the ideas of Principal Component
Analysis (PCA) and interpolation. They utilized the
quaternion to deal with the three channels of R, G and B
at the same time 1n order to mcrease the efficiency of the
operation and use fully the correction of three channels.
Maalouf and Larabi (2012) designed a grouplet-based
structure tensor to combine geometric information of the
different color channels of the image. They defined a
functional on the multispectral geometry by the
grouplet-based structure tensor. Then, this functional was
minimized to insure the reconstruction of the SR mmage.

Sorrentine  and  Antoniou

TOTAL-VARIATION-BASED COLOR SUPER-
RESOLUTION RECONSTRUCTION

Super-resolution using the total variation model: Total
variation 1s a powerful concept for robust estimation. The
main advantage of TV model is that it recovers edges well
and removes noise avoiding the ringing effect because
the model does not penalize discontinuities m images.
Arguably, the TV model realized a good balance between
the ability to describe piecewise smooth images and the
complexity of the resulting algorithms.

Since the advantages of the TV model, the TV-based
regularizations have been widely utilized in denoising and
SR in literature (Marquina and Osher, 2008; Xiao and
Wei, 2011). Ng et al. (2007) proposed a SR algorithm to
generate HR digital videos. They employed the TV
regularization m the reconstruction model, termed as
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Low-order Total Variation (LoTV). And they used
fixed-pomnt and preconditioning methods to solve the
nonlinear TV-based SR reconstruction model. The LoTV
model 15 defined as:

+ ‘fojr te 2

Iy (=3 vt [

where, V£ =f@+1L1)~fGj) and VE =FG,j+1)- ). €1
a small positive par a meter which ensures differentiability.
Shao (2008) described the so-called Beyond Digital-TV
(BDTV)model for SR. The BDTV model can preserve more
details (e.g., edges) and inhibit the staircase effect. The
model not only could ensure the flat areas of images, but
also keep the clarity of important geometric structures.
The BDTV model can be described as follows:

’ 3)

Teors (0= TV Ve[ #|ei[ < vt
=]

where v , V7, Vf} and Vf! mean the differentials
between the pixel f (i, j) and its four neighbors,
respectively.

These total variation regularization models perform
very well for some SR tasks. However, the approaches fail
to consider the partial smoothness of an image. They are
not locally adaptive, and thus they have limited adaptive
capability in the process of SR reconstruction and cannot
balance the suppression of noise agamst the preservation
of image details. So the staircase effects maybe appear in
homogeneous parts of the generated HR mmage. The
smaller details, such as texture, are easily destroyed.

Color super-resolution based on the locally coupling
digital total variation model: In response to these
problems, we can use local structure features of LR
images to distinguish edges and flat areas, because the
local contrast of the pixels in flat areas is relatively small,
while the contrast of edges 1s large. In addition, there are
many small edges and details in natural images. Therefore,
the regularization should be spatially adaptive to achieve
anisotropic diffusion. This paper proposed a new TV
model, termed as Locally Coupling Digital Total-variation
model (LCDTV). The LCDTYV is defined as:

2

+vtf )

“4)

JLCDTV ()= 2J|Vf.1,
@

Ve[ + (1—‘P(i,j))(\vf_j :

where, P() is a locally adaptive measure function. The
range of ¥ (1, J) 1s [0,1].

In this study, the locally adaptive measure function
15 designed to obtam from mmage local features, which

responses to local smoothness. We applied a fuzzy
entropy function () to measure the local smoothness for
the kxk patch centered at (i, ). P() looks like:

1
— (5)

\y(i,j)il’(ﬁabs(tpx.J)m)

where, ¢; is a function of the fuzzy entropy-based
neighborhood homogeneity (Jaffar et af., 2010). It can be
described as follows:

LS S u

1+p.j+q

o, = ) (®)

kT Tn

where, u (f ;) 1s a fuzzy membership function of f , H(*) is
the fuzzy entropy of u (f, ;), H(+) can be written as:

H (1) =—u#n{u)—(1-u)=n(1-u) 7
Andu (£ ;) is defined as:

1
u,, (f") 1+ f1+s,_|+t - f‘,1|/W ( )

where, s and t mean an image patch which sizes is SxT
and 1ts center 1s (1, J), W 1s a constant of proportionality.
Tt is obviously that Eq. 4 can reduce to the BDTV model
when () should be set with small values, 1.e., ¥()—0,
while Eq. 4 can reduce to the LoTV model when P() is
close to 1. The generalization of LDBTV is much more
powerful because we exploited local features in the
reconstruction. The edge preservation of this model
approaches the LoTV model. And the performance of
restoring texture information 1s close to the BDTV model.
So our model provides efficient edge structure and detail
preservation for natural images.

Based on the proposed LCDTV regularization term in
Eq. 4, the Lagrangian energy function for HR color image
reconstruction can be obtained:

. P
fi= argfnﬁn{Eu 8u: " DMBLE, I M oy (f,)} ©)
1 k=l

I=R. G, B

where, g, is thei component of kth LR image and
k=1, .., p Aisthe regularization parameter.

The FEuler-Lagrange equation for the energy
functional cen be given and the steepest descent
algorithm is adopted in this study to find a solution
of 9.
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This leads to the following iteration:

'f-ml _ f-n _ B i (BEMEDTgk1 - BEMEDTDMkBkin) (1 0)
- AL EE

k=1

I=R,G.B

where, L (f) 15 an elliptic partial differential operator:
V(V/,h VI )

With an initial guess {°, the high-resolution color
image can be finally implemented by Eq. 10.

EXPERIMENT AND ANALYSIS

In this section, we tested our method on a variety of
immages. And we compare our approach with other
state-of-the-art image super-resolution methods including
the sparse SR method in (Yang et al., 2010) and
Normalized Convolution (Pham et al., 2006). The Peak
Signal to Noise Ratio (PSNR) and the Mean Structural
Similarity (MSSIM) (Wang ef al., 2004) were employed to
measure results. In order to evaluate, the reconstruction
results were transformed from RGB to YCbCr and only Y
components of the results were calculated.

MSSIM is defined by:

(ZMfiugi +1)(20f‘cgi +9)(c7figx +4.5)

1 il
MSSIM (f,g)=—
N Z:‘(Mﬁi +UL +1)(0} + ol +9)(0,0, +4.5)

(1

where, f and g are the original and the desired HR images,
respectively; f, and g, are the image patches at the i-th
local window; u, 15 the mean mtensity of the umage patch
f; or g;; 0, 1s the standard deviation of the patch; 0, 1s the
correlation coefficient of the patches f and g, and N is the
number of local windows in the image.

Figure 1 shows four HR natural images which were
used as the experimental Data. The images were degraded
by a symmetric Gaussian low-pass filter of size 5x5 with
standard deviation 1.
down-sampled horizontally and vertically with factor 2.
And the Gaussian white noise with zero mean and 0.001
variance was introduced on the LR images. Additionally,
these LR images were transformed by predefined shift
vectors.

The experiment was conducted to compare the
performance of the above-mentioned three methods. The

The degraded images were

Calligraphy Plant

Flower Lena

Fig. 1. Experimental images

Fig. 2(a-d): Super-resolution on natural images, (a) one of
the LR mput images, (b) the result of sparse
SR, (¢) the result of NC and (d) the result of

our method

parameters selection criterion for the methods was to
choose parameters to produce most appealing results.
The sparse SR method needs to train two dictionaries for
the low- and high-resolution image patches. The size of
LR patches is 3x3, with overlap of 2 between adjacent
patches. And the HR patches 1s 6x6, with overlap of 4
between adjacent patches. The sparse regularization
parameter was set A = 0.15.

The visual results were presented in Fig. 2. As it is
shown in Fig. 2, the reconstructed edges of the sparse SR
method are relatively clear. But the sparse SR method
using only the first frame of LR sequence to reconstruct,
the effect of image noise suppression is not good. At the
same time, the sparse SR method applies color space
transformation from RGB to YCbCr and reconstructs the
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Fig. 3: PSNR comparison of three

methods
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Fig. 4 MSSIM comparison of three super-resolution
methods

lummance channel only. Color artifacts of the
reconstructed image are obvious. The reconstructed
image of NC method introduces undesired smoothing.
Fig. 2d displays the result of our method. It can be seen
that the preservation of edges is effective. And the
obvious color artifacts do not been detected. The PSNR
and the MSSIM comparisons of three methods are shown
i Fig. 3 and 4, respectively. As we can see, our approach
showed higher PSNR and MSSIM scores than the other
methods.

CONCLUSION
The color super-resolution reconstruction is a more

complex problem than the monochrome super-resolution
reconstruction. Color super-resolution needs not only to

consider the preservation and restoration of edge and
texture details but also to comsider the problem of
matching color information. In this study, a new adaptive
variational framework has been presented for robust color
image super-resolution. A spatial adaptive function was
designed based on locally structural features of images.
The function coupled the low-order total-variation model
with the beyond digital
Subsequently, a
Euler-Lagrange equations was deduced to solve the color

total-variation model.

unfied framework based on the

SR problem. Experimental results on real images have
demonstrated the superior performance of the proposed

algorithm.
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