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Abstract. Superresolution (SR) is known to be an ill-posed inverse
problem, which may be solved using some regularization techniques.
We have proposed an adaptive regularization method, based on a
Charbonnier nonlinear diffusion model to solve an SR problem. The
proposed model is flexible because of its automatic capability to reap
the strengths of either linear isotropic diffusion, Charbonnier model, or
semi-Charbonnier model, depending on the local features of the
image. On the contrary, the models proposed from other research
works are fixed and hence less feature dependent. This makes
such models insensitive to local structures of the images, thereby pro-
ducing poor reconstruction results. Empirical results obtained from
experiments, and presented here, show that the proposed method
produces superresolved images which are more natural and contain
well-preserved and clearly distinguishable image structures, such
as edges. In comparison with other methods, the proposed method
demonstrates higher performance in terms of the quality of images
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1 Introduction

1.1 Background of the Superresolution Technology

In most industrial and domestic imaging applications,
high quality images with high resolution (HR) are usually
required. There are two basic reasons for this requirement.
First, it is natural for end users to appreciably desire images
with better visual appeal than poor ones. Second, HR images
are required in various disciplines of image processing. For
example, doctors require HR medical images, such as images
to help in locating brain tumors and to provide appropriate
treatments to patients. For these reasons, several technolo-
gies have been explored to meet these demands. One of
these technologies is called super resolution (SR).!™ This
technology is used to generate HR images from at least
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one set of low resolution (LR) images. There are two clas-
sifications of SR, namely, single-frame based SR3’ and
multiple-frame based SR.® Single-frame SR methods use
a single LR image to reconstruct a HR image, whereas
multiple-frame SR methods involve sequences of LR images
to reconstruct an HR image. In this article, we focus on
multiple-frame SR methods.

For the sake of comprehensively providing understanding
of an SR problem, we shall adopt the observation model in
Ref. 1 to demonstrate a relationship between LR and HR
images. The observation model, hereinafter referred to as
OM, provides descriptions of all possible degradation proc-
esses; an ideal HR image is likely to go toward generating
corresponding LR images. Let us consider an OM shown in
Fig. 1, in which the variables R;, H;, and T}, respectively,
represent the warping, blurring, and decimation operators,
and e, u, and y,;, respectively, stand for the additive noise,
HR image, and observed LR image sequence. According to
the figure, the fundamental parameters which result into deg-
radation of u to generate y; are R;, Hy, and T. The quantity
ey is assumed to be uncorrelated and to have uniform vari-
ance in all observed sequences of LR images. The given OM
describes u being thrown into a degradation process, where it
undergoes warping in block A, blurring in block B, decima-
tion in block C, and noising in block D. Using the OM pre-
sented in Fig. 1, we can mathematically model the SR
reconstruction process by an equation

Y = ReHTru + ey, (I

where the variables in Eq. (1) are defined in the OM. The
optimal solution of u# can be found by minimizing the £,-
norm of e; in Eq. (1). The formulation

1 N
W(w) =5 |y — ReH Tyl @
k=1

where W(u) represents the error norm sum of e, that shows a
function we desire to minimize. The convexity of W(u) in
Eq. (2) ensures its minimum at a point where its first deriva-
tive is zero. Thus, differentiating W(u) with respect to u,
we get

N
VW(u) = > RIHITL(RH, Ty — yy). (3)
k=1

QISE

Inverse SR Problem -

Degradation Process
BLURRING ~ WARPING  DECIMATION r‘y,“'
o '
¢
("
A B C D i
LR Images

HR Image

Fig. 1 Superresolution (SR) observation model.
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Equating Eq. (3) to zero and embedding the resulting
equation into a dynamical system, yields the evolution equa-
tion given by

N
du = RIH|T] (v — RHTu). @)
k=1

Equation (4) may be rewritten in a more compact form as

N

du ="y (blyi— bl bw), ©)
k=1

where b, is a transformation matrix with operators Ry, Hy,
and T, defined in the OM.

The SR problem has increasingly seized the attention of
researchers in the world of digital image processing.
Consequently, different methods have been proposed to
address it. The authors in Ref. 7, for instance, proposed a
robust superresolution (RSR) method for image reconstruc-
tion. Their approach combines a median estimator in the
iterative process, which, as a result, makes the method
more robust against outliers. Empirical results show that
this method outperforms the iterative back projection method
proposed in Ref. 8, which does not provide an effective
capability for outlier detection in a noisy data. Despite its
robustness, the RSR has some weaknesses, as pointed out
in Ref. 9. In their work, Farsiu et al.’ provide a proof that
under particular situations, the median estimator proposed
by Zomet et al.” is zero for all iterations. When this occurs,
the final generated HR image becomes equal to the initial
guess and the method then collapses.

SR falls within a class of well-known ill-posed inverse
problems.!®!? This means that in the underdetermined
state, there exists infinitely many solutions satisfying Eq. (1).
Furthermore, square and overdetermined cases result in sol-
utions which are unstable and unreliable, implying that
the system is ill conditioned. Due to these challenges which
the already discussed SR methods have not addressed, regu-
larization approaches have been proposed by some authors
as one of the possible solutions to the challenges. As an
added advantage, regularization methods improve the con-
vergence rates and also provide solutions with minimal
artifacts or unnecessary new features.

Perhaps one of the most widely used regularization
method is the total variation (TV), which was originally pro-
posed by Rudin—Osher-Fatemi (ROF) in Refs. 13-15. In the
context of images, the TV regularization approach is based
on the fact that the TV of an image with excessive and pos-
sibly spurious contents, such as noise and unusual artifacts,
is high. Therefore, the summation of the absolute of the
image gradient under such circumstances is high. According
to the ROF approach, if recovery of the original signal is
required, one should minimize the TV of the signal subjected
to it. In this way, crucial image features, such as edges and
contours, are preserved while unwanted details are de-
emphasized. Although this method offers a number of
merits, it also has some drawbacks. One, the method has
a tendency to produce false edges in images severely
degraded by noise. Two, given that the method is more effi-
cient in preserving edges of uniform and small curvature,
it may excessively smoothen and possibly destroy small
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scale features having more pronounced curvature edges.
Three, the TV regularization approach may result into
loss of contrast and geometry of the final output images.'®

Another regularization method, which is based on diffu-
sion processes, was proposed by Perona and Malik.!” In this
work, the authors propose a diffusion coefficient which can
spatially control the rate of diffusion in the image regions.
Therefore, the method does noise removal while simultane-
ously preserving important image details. Despite its merits,
there are certain important weaknesses of this method. For
instance, the flux function proposed by the authors is non-
monotone and not entirely convex [see Eqgs. (10) and (11)].
This raises the issue of well-posedness which remains an
open question in mathematics for such class of functions.
Theoretically, uncontrolled non-monotone and non-convex
functions are unstable and may produce infinitely many sol-
utions with respect to the initial image.'®! An alternative
flux function which is monotone and convex at all times
was proposed by Charbonnier et al.? Practical implementa-
tions of this method show better results than the Perona-
Malik approach which, additionally, suffers speckle effects.
Under certain circumstances, however, the Charbonnier
method has a tendency of introducing new features to the
final solution.

Motivated by these challenges, we propose a method
which can adaptively regularize an image on the basis of
its local structural characteristics. The proposed method
automatically adjusts its formulation to exploit the advan-
tages of the normal heat diffusion process, Perona-Malik,
Charbonnier, and other in-between models. The approach
used in the new method is similar to the one proposed by
Guo et al.”> The adaptative mechanism of the method pro-
posed by authors in Ref. 23, however, does not exploit
the full potentials of the Charbonnier method and other
related in-between models. Experiments performed on real
images show that our method produces better results in com-
parison to the state-of-the-art works.

1.2 Overview of Diffusion Processes

Because of the dependence of the proposed SR model on the
diffusion processes, it is useful to discuss some of the issues
related to these processes. In this subsection, we first provide
a general definition of diffusion and its mode of operation.
Second, various methods which use diffusion process tech-
niques in the regularization of images are discussed. The
common theoretical and practical problems in the operation
of these methods are also introduced. Furthermore, an alter-
native method, called the Charbonnier, which addresses
some of the challenges in the traditional diffusion-based
methods, is briefly discussed. The basis of the Charbonnier
method is used to form a building block for our method.
Generally, the term diffusion can be described as a physical
process that involves movement of particles from regions of
high concentration to regions of low concentration without
creating or destroying mass.>* This migration of particles con-
tinues until equilibrium conditions of the system undergoing
the diffusion process is established. The Fick’s first law:

j=-D-Vu, ©)

where D is the diffusivity coefficient and Vu is the driving
force causing flux, which relates the diffusive flux j to the
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intensity ¥ when steady state conditions are assumed. If j
and Vu are parallel then diffusion is called isotropic, otherwise
it is called anisotropic.

The idea that mass can neither be created nor destroyed
during diffusion can well be modelled by the continuity
equation:

ou = —div j, @

where ¢ denotes the time. If Eq. (6) is plugged into Eq. (7), a
general diffusion equation

ou = div(D - Vu) 8)

is formed. Several physical transport processes utilize this
diffusion equation. In heat transfer, for example, it is called
the heat equation.

In the field of image processing, the variable concentra-
tion used in diffusion is related to the intensity at a given
pixel location of an image. Thus, diffusion with respect to
images is defined as the transportation of intensity from
regions with higher values to regions with lower values until
an image attains stable conditions. Indeed, this is a smooth-
ing or filtering process. Recalling the diffusion Eq. (8), if D
is constant over the entire image domain the diffusion is
called homogeneous. However, if D is space dependent,
the diffusion is called inhomogeneous. The diffusion tensor
D is usually a function of the gradient of the evolving image
u and this feedback mechanism makes the whole diffusion
process nonlinear.

In the nonlinear isotropic diffusion process, an effective
smoothing is provided over a long time while maintain-
ing sharp edges. This can easily be established when the
diffusivity g is made to depend on the gradient of the
actual evolving image u(x, ?). Originally, the idea of non-
linear diffusion was proposed by Perona—Malik (PM),"” in
which the relationship between the evolving image u and
g is given by

du = div(g(|Vul?) - Vu), 9)
with g defined as

1

Vu|) = —m, A>0. (10)
g(| "‘l) T (M>2

A

In their research work, Perona and Malik demonstrate
impressive visual results. It was shown in Ref. 17 that the
PM scheme outperforms most edge detectors, including
the traditional Canny edge detector,”” even when non-
maximum suppression and hysteresis thresholding are not
applied. One of the weaknesses of the PM regularization
model, however, is that its final solution is at a higher
risk of suffering from staircasing effects.”’>° Moreover,
the potential function w(s), where s = |Vu|, proposed by
Perona and Malik in the equation

W) =10 [1 + G) 2] an

is convex only for |s| < 4, and this constraint poses a chal-
lenge when selecting appropriate values of 4 to generate
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optimal solutions. The characteristics of the nonconvex
variational problems, such as the PM scheme, have been
numerically analyzed in Refs. 30 and 31. The authors pro-
vide proofs of the possibilities of the minimizing sequences
of the functional to develop gradient oscillations. Conse-
quently, the oscillations can decrease the magnitude of the
functional.

In Ref. 22, Charbonnier and others proposed an alterna-
tive potential function

w(s) = VAt + 4257 - 22, (12)

of which, when the corresponding energy functional is mini-
mized, produces diffusivity

1
ofs) = (13)
1+ )

Contrary to the PM scheme, this energy functional is con-
vex for all s regardless of the chosen value of 4. In addition,
visual results are better compared to the PM regularization
approach. The weakness of the Charbonnier approach is
that it regularizes the image independently of the image
structures. Also, it suffers from speckles just like the PM
approach.

We have discussed important concepts of the SR technol-
ogy in this section. In particular, the methods used to solve a
SR problem and their weaknesses have been thoroughly
explored. We have also introduced some of the applications
of the technology in real life. Furthermore, a motivation for
doing this research is given. All the foregoing concepts are
used as the building blocks for the forthcoming sections.
Now, the remainder of the article is organized as follows. In
Sec. 2, the proposed feature-dependent method is given. In
Sec. 3, the numerical scheme used to implement the pro-
posed method is discussed. This section also includes some
explanations on the convergence speeds of our method. The
experimental results are introduced and discussed in Sec. 4
and the article is concluded in Sec. 5.

2 a-Charb Adaptive SR Method

In this section, an a-charb adaptive SR method is proposed.
The fundamental characteristic of the method is that the
regularization part automatically switches in response to
the image structures. Additionally, the range of the values
of the parameter o controlling model selection is automati-
cally determined within the program. Therefore, we propose
an SR model which combines an evolution equation from the
variational problem given by

. 1 & 72
ine{ 200 = 37 Y= bunlf+ Bl .19
and non-variational regularization elliptic problem given

by
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0 = div Vu . (15)

()

From Eq. (14), we obtain the Euler-Lagrange equation

1 &

0= 2 kbue = by =palu=w). - (16)

Combining Eqgs. (15) and (16) and embedding into

a dynamical system, we obtain the proposed adaptive SR
evolution equation:

N

RS Z(blbku = biy) + 1INV
=1
- Y. (|Vu|, Vu, a(x), K) — y,N(u — uyp), a7n

from which u can be estimated, where

\%
(B

where y; is a regularization parameter and y,(u — up) is a
fidelity forcing term.

In Eq. (17), 0 < a(x) < 2. Itis clear from the formulation
in Eq. (17) that the proposed model provides an automatic
interplay among different models for the given values of
a(x). For instance, when a(x) = 0, the formulation is linear
isotropic diffusion. Additionally, when a(x) = 1, we get an
approximation of the Charbonnier model, and the ideal
Charbonnier formulation is achieved when a(x) = 2.

In order to make the whole process self-controlled, a(x) is
automatically determined in the regularization process, we
define”

Ye() =

2
=2 - 18
o(x) 1 +«|VG, * ul? (18)
where
1
G,(x) = —(4”0_)N/2 exp(—|x[2/40).

Our final code implementation of the proposed model is
designed in such a way that it automatically selects the values
of the parameter a(x) on the basis of the local image struc-
tures. The edge detector of the proposed method is given by
the equation

E(x,u) = ! . (19)

()™

As will be demonstrated in Sec. 3, this edge detector
generates more pronounced edges than the edge detectors
proposed in Refs. 17 and 23.

Finally, we show the decomposition of Eq. (17) into
the tangent and normal directions to the isophote lines.
Consider an arbitrary pixel point (x,y) in the image,
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where |Vu(x,y)| # 0, then we can define vectors N(x) =
Vu/|Vu| and T(x) = (—u,,u,)/|Vu| such that T(x) is
orthogonal to N(x). If ury and uyy represent the second
order derivatives of u in the 7 and N directions, respectively,
and are defined as

1
upr = T'V2uT = _|Vu|2 (Wluyy + udny, — 2uuyu,,)
1
uyy = N'V2uN = _|Vu|2 (uiuxx + uguyy + zuxuyuxy)’
20)
then Eq. (17) can be written as
N
o0.uU = bTb u— bT + N )
t ;( KOk $YK) T (1 + [M] a(x))mfm T
K
[JV_l] a(x)
K
* }IIN |Vu| a(x) T_IF‘H UynN — }’2N(u — uo)_
(1+5™)

@1

One can easily see that the formulation in Eq. (21) con-
tains both the tangential and normal diffusion components,
upr and uyy, respectively. The two components couple up
in the evolution equation to orchestrate a regularization proc-
ess that is productively contour sensitive. That is, edges and
important structures of an image are well preserved. Figure 2
gives an illustration of the existence of uyy and uzy compo-
nents in a curve representing an image structure. If we may
recall, one of the challenges in a TV model is the presence of
only a urr component in its formulation.

A complete flow chart describing the adaptive a-Charb
SR method is shown in Fig. 3. The practical analysis of
our method revealed that when a median filter was integrated
into the proposed model, as it can be seen in the flow chart,
there was a significant improvement of the quality of the final
superresolved images. More specifically, speckles from final
images were removed. This can be explained from the fact

e

Fig. 2 Normal (uyy) and tangent (ury) components to an image.
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REGISTRATION

RECONSTRUCTION

NO

GENERATE HR
IMAGE

Fig. 3 Flow chart of the a-Charb algorithm.

that median filters are robust against outliers.>>* Note that
the median filter has a tendency of introducing blurring
effects on an image, and for this reason, we chose the
minimum kernel size of dimension [3 x 3] as a way to reduce
the effects. Other kernel sizes produced blurred results for
the nature of images used and thus could not serve our pur-
pose. It is important to add that the minimum kernel size of 3
proposed may be suitable for all natural images where the
noise level is low. The readjustment of the filter kernel is
presumably needed for the input images severely degraded
by noise. In Fig. 4, we demonstrate the effect of introducing
a median filter into our method. From the figure, one can
easily see that the visual result of the superresolved Lena
image when a median filter is integrated into the a-Charb
method is better. The measured peak signal-to-noise ratio
(PSNR) value in Fig. 4(a) is 18.0276 while that in Fig. 4(b)
(a-Charb method without median filter) is 16.1073.

3 Numerical Scheme Implementation and Analysis

The discrete numerical scheme implementation of the regu-
larization part of our method is shown in Fig. 5. From the

(b)

Fig. 4 Effects of the median filter on the a-Charb method; (a) median
filter included, (b) median filter not included.

Oct-Dec 2013/Vol. 22(4)
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QCNL] = Ui

Wij=u;q; CEij=uj4q

Wy é‘i»i cEy;

L'S,-,l-

ecS,J= Ujj-1

Fig. 5 The discrete numerical scheme.

figure, cN, ¢S, cW, and cE represent the grid conduction
directions. This scheme has been proposed from literature
as one of the best approaches to solve nonlinear discrete
numerical problems.*> The problem we are solving in this
article falls under the examples of such a class of problems.

We used an explicit scheme to implement our algorithm.
This is a scheme in which the calculation of the dependent
variables can be done using the already known quantities.
There were three major reasons which triggered our interest
to use this scheme. First, explicit schemes are relatively eas-
ier to implement in the program. Second, the computational
load of the explicit schemes is low because of fewer calcu-
lation steps required to determine every subsequent space
solution. Last, given the fact that this category of schemes
is unstable when larger time steps are chosen in the iteration
process, in our model, it was, therefore, necessary that our
iteration step be made to conform to the Courant—Friedrichs—
Lewy (CFL) condition for such schemes.*® The CFL con-
dition for stability of the explicit scheme demands that
t <0.25, where t represents the interval between consecutive
iterations. We used ¢ = 0.15, which satisfies the condition,
thereby making the proposed model stable. It is under
these circumstances that the a-Charb method demonstrates
higher convergence rates and indeed better results in com-
parison to its competitors. In Table 2, we can observe that
the execution speed of the @-Charb method is considerably
higher than the #;-SAR, TV-SR, and #;-SR methods.
Additionally, our algorithm takes a fewer number of itera-
tions in relation to other methods for the reasons already
mentioned.

Now, consider the numerical scheme presented in Fig. 5.
‘We would like to show how we used this scheme to imple-
ment our method. Let dN, dS, dE, and dW represent the
image gradients in the North, South, East, and West direc-
tions in the scheme. Then, the discrete versions of these com-
ponents are

(b) ()

Journal of Electronic Imaging

043027-6

dN = ui’jJ’,l - ui’j,

dE = u;yj — u;j,

ds = u;jy —u;,

and

AW = u;_y ; — u;,

and the corresponding conduction components ¢N, ¢S, cE,
and cW are

1
" (1 + [\d_;(w} a<x>)a—<ﬁm
o [ 1] @)\
(1 + ]%L a(x )ux+€
cE = 1 __
(1 + [|d_KE‘] “(X))a(x)+e
and
cW= 1

a(x) a_(xl)Te
)

If we let DVG be the divergence, then
DVG =dN XcN+dSxcS+dEXcE+ dW X cW.

The whole o-Charb algorithm was implemented in the
MATLAB R2013b platform.

4 Experimental Results and Discussion

We performed experiments to compare our method with the
classical methods £1-SAR, TV-SR, and ¢;-SR, proposed in
Refs. 37-39, respectively. The machine used in all experi-
ments was Compaq610 with Intel(R), Core(TM)2, Duo
CPU T5870 at 2.00 GHz, 2 GB installed physical RAM,
and running on 64-bit Windows 7 Professional Operating
System. For the methods £;-SAR, TV-SR, and #;-SR, we
used software provided in Ref. 40. In our method, we
used the registration method proposed in Ref. 8 as it showed
more accurate estimations of the rototranslation motion
parameters.

(d)

Fig. 6 High resolution (HR) images of (a) Lena, (b) Pot, (c) House, (d) Bird, (e) Elephant, (f) Falls.
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(b)

(d)

Fig. 7 One of the low resolution (LR) images generated from the corresponding HR Images of (a) Lena, (b) Pot, (c) House, (d) Bird, (e) Elephant,

(f) Falls.

In the first experiment, an HR image of Lena of 240 x 240
in Fig. 6(a) was decomposed into a sequence of LR frames,
each 60 % 60 resolution and simulated motion parameters, as
shown in Fig. 7(a). A similar procedure was repeated, but
using the images of a Pot, House, Bird, Elephant, and Falls
[see Figs. 6(b)-6(f) and Figs. 7(b)-7(f), which represent
the HR images and their corresponding LR images, respec-
tively]. Finally, the LR images were passed through the
reconstruction methods #;-SAR, TV-SR, ¢;-SR, and a-
Charb to generate the HR images. Some of the results of
the superresolved images are shown in Figs. 8-11.

In addition, the PSNR (Ref. 41) and the edge structural
similarity (ESSIM)*? of the HR image generated from
each of the methods were computed, as Table 1 illustrates.
Additionally, we evaluated the performance of the methods
using the total number of iterations N, a given method takes
to complete execution, and the CPU time (in seconds), as
shown in Table 2. In order to provide static values, the
mean and standard deviation of the measured data were cal-
culated. From Table 1, one can observe that the average
ESSIM of the a-Charb is higher than that from other meth-
ods. This suggests that the proposed method offers higher

capabilities in edge preservation. Furthermore, the average
PSNR of the proposed method is higher than the other
methods. This implies that our method generates images
with higher signal strengths. A careful observation on the
entries of Table 1 further suggests that the proposed model
slightly underperforms for the House and Falls images. We
think that this is possibly caused by the nature of the images
and the method used to capture them. Furthermore, recalling
back from Sec. 1, we have mentioned that SR has two com-
ponents, namely registration, which estimates some motion
parameters between pairs of input frames, and reconstruc-
tion, in which the a-Charb method resides. If registration is
inefficiently done, it may result in unsatisfactory reconstruc-
tion. Having said that, it is obvious that the registration
method used needs a slight improvement so that the roto-
translation motion parameters for small-scale featured images,
such as the House and Falls images, can accurately be
estimated. Just like all other reconstruction methods, the pro-
posed method may produce promising results in these par-
ticular cases when a good registration method is put forward.

In terms of the computational efficiency, Table 2 shows
that our method is 87x, 127X, and 134X faster than the

© (d)

Fig. 9 SR Reconstruction Using a Lena Image; (a) £;-SR, (b) TV-SR, (c) #1-SAR SR, (d) a-Charb SR.
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*
s

(a) (b)

1
H
*

(c) (d

»
»

Fig. 10 SR reconstruction using a Bird image; (a) £1-SR, (b) TV-SR, (c) #1-SAR SR, (d) a-charb SR.

Fig. 11 SR reconstruction using an Elephant image; (a) #;-SR, (b) TV-SR, (c) #;-SAR SR, (d) a-charb SR.

Z1-SAR, TV-SR, and ¢;-SR, respectively. In fact, speed is
one of the essential requirements in the implementation of
real-time industrial systems, such as fault-tolerant control
systems.** Moreover, using subjective assessment meth-
ods, the images in Figs. 8—12 demonstrate that the a-Charb
method generates HR images which are sharp and smooth.
The results show that the other methods have a tendency to
add some new features which were not contained in the origi-
nal images. Also, the output images in the approaches pro-
posed by other authors are unnecessarily brightened. This
makes these images lose their naturalness. Our intuition
on the extra features, such as brightness, introduced into
the results of the other methods is that, since the methods
take a significantly large number of iterations to complete
execution (see the performance evaluation Table 2), there is
a possibility that the evolving images are repeatedly exposed
to over-regularization during the iteration process. As we can
see, these methods incorporate in their formulations #; and
TV regularizing functionals. Therefore, some image features
can be washed out in the course of regularization and the
situation is worse if the model allows input images to
stay long enough before reaching stable conditions. More

(a) (b)

Fig. 12 SR reconstruction using a House image; (a) #1-SR, (b) TV-SR, (c) £1-SAR SR, (d) a-charb SR.
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research is possibly needed to study the operation of these
methods for different types of images and conditions.

In Fig. 13, we illustrate the similarity between the original
image and the images generated when different SR algo-
rithms are applied. In each of the plots, we converted
a corresponding two-dimensional image into a line profile
through fixing a particular column and making a line plot
across all rows. Although this strategy does not exploit all
similarity possibilities, it roughly shows how close an image
is from the original under the given conditions. However, we
tried to sample different columns and make plots for all rows
in a given sampled column, and the results did not vary
widely. Figure 13 depicts one of the sampled columns.
The plots presented in this figure are generated using an
Elephant image shown in Fig. 11. One can easily see from
the plots that the similarity curve of our method closely
traces the original curve, thus signaling a higher degree
of similarity between the original image and the generated
image in comparison to other methods. For example, the
extracted portion D of the lower right corner plot demon-
strates a good match of the two curves with respect to the
portions A, B, and C from the other plots of the figure.

(d)
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Table 1 Peak signal-to-noise ratio (PSNR) and edge structural similarity (ESSIM) comparison results.

Method
¢1-SAR TV-SR ¢1-SR a-Charb
Image PSNR ESSIM PSNR ESSIM PSNR ESSIM PSNR ESSIM
Lena 16.92 0.85 17.31 0.80 16.67 0.80 18.03 0.89
House 19.47 0.85 19.58 0.85 19.58 0.83 19.00 0.69
Bird 16.12 0.76 16.58 0.70 16.27 0.70 17.57 0.89
Pot 14.33 0.73 14.21 0.77 14.29 0.79 22.95 0.93
Elephant 19.28 0.82 19.28 0.71 18.92 0.79 22.18 0.91
Falls 18.11 0.82 18.08 0.80 18.31 0.74 18.79 0.70
Mean 17.37 0.81 17.50 0.77 17.34 0.77 19.75 0.84
STD 1.98 0.05 1.98 0.06 1.97 0.05 2.25 0.11
Ranking 3 2 2 4 4 4 1 1
Table 2 Performance evaluation results.
Method
¢,-SAR TV-SR #4-SR a-Charb
Image N CPU Time (7) N CPU Time (7) N CPU Time (7) N CPU Time (7)
Lena 37 784.89 83 1860.72 86 1650.37 16 12.30
House 54 1149.40 48 908.40 63 1178.40 18 13.39
Bird 38 804.30 98 2001.84 107 2159.72 18 13.06
Pot 80 1752.10 91 1921.03 100 2106.74 16 12.45
Elephant 52 989.81 94 1939.86 87 2013.40 17 12.62
Falls 56 1094.99 56 1010.99 59 1073.48 16 12.13
Mean 53 1095.90 78 1607.10 84 1697.00 17 12.66
Speed /87 /127 /134 T
It has be@n reported in Rf.:fs. 23, .45, and 46 that the PSNRy = PSNR[E(x, u), E(x, uy)].- (23)
PSNR quantity does not provide a satisfactory measure of
the quality of edges in an image. The authors in Ref. 45 pro-
pose a method given by In Table 3, the numerical values of PSNRy for the SR
results show that our method is superior over others in
—— MN| max (z) — min(u, imilari
PSNR = 101og;, | (uo) - (o) .2 the aspect of edge snmlanty. .
Il — ugl|3 We also realized that it was worthwhile to conduct
another experiment which could show the strength of the a-

which can effectively measure the similarity of the edges in Charb method in the aspect of recovering, preserving, and
the images. This method outperforms several other edge sim- enhancing edges. We used a simple low-textured image [see
ilarity comparison methods and, for this fact, we combine it Fig. 14(a)] for quick analysis of the performances of the edge
with the proposed edge detector in (19) to form the relation detectors. This experiment was done using the proposed
Journal of Electronic Imaging 043027-9 Oct-Dec 2013/Vol. 22(4)
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Fig. 13 Similarity plots for different SR methods.

Table 3 Results for PSNR X values of different methods.

Method

Image ?1-SAR TV-SR ?1-SR a-Charb
Elephant 19.12 18.88 18.83 22.43
Pot 13.96 14.81 12.87 18.94
Bird 15.26 15.70 15.45 16.78
Lena 15.46 16.02 15.46 16.58
Mean 15.95 16.35 15.65 18.68
Ranking 3 2 4 1

(a) (b)

edge detector in Eq. (19) and the edge detectors proposed
by Guo and Perona-Malik. In Fig. 14, we can see that the
edges and contours produced by the proposed edge detector,
E(x,u), are enhanced and clearly distinguishable. The
results from other methods are relatively faint and less
enhanced.

5 Conclusion

A regularization method for solving an SR problem has been
proposed in this article. The method is adaptive because it
has capabilities to automatically adjust itself on the basis
of the local image structures. The proposed adaptive param-
eter a(x) is a function of the local image structure, and it is
determined without any manual manipulation. Experiments
done from a couple of datasets demonstrate that the proposed
method is faster and more efficient than the other methods.
This implies that the method may be applied in real-time
hardware platforms. Additionally, superresolved images
generated by the a-Charb method are sharp, more natural
and have edges and contours well preserved. From the
tables’ results, it may be realized that the signal strength of
the output images in our method is higher with respect to

(d)

Fig. 14 Edge maps for edge detectors of various methods (a) original image, (b) Perona—Malik (PM) edge detector (Ref. 17), (c) Guo edge detector

(Ref. 23), (d) proposed edge detector.
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others. This means that the method may be suitable in digital
signal processing applications. There are certain imaging
applications where one is interested in signal content during
processing and analysis of the image.
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