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Super-resolution technology is an approach that helps to restore high quality images and
videos from degraded ones. The method stems from an ill-posed minimization problem,
which is usually solved using the L? norm and some regularization techniques. Most of the
classical regularizing functionals are based on the Total Variation and the Perona-Malik
frameworks, which suffer from undesirable artifacts (blocking and staircasing). To address
these problems, we have developed a super-resolution framework that integrates an
adaptive diffusion-based regularizer. The model is feature-dependent: linear isotropic in
flat regions, a condition that regularizes an image uniformly and removes noise more
effectively; and nonlinear anisotropic near boundaries, which helps to preserve important
image features, such as edges and contours. Additionally, the new regularizing kernel
incorporates a shape-defining parameter that can be automatically updated to ensure
convexity and stability of the corresponding energy functional. Comparisons with other
methods show that our method is superior and, more importantly, can achieve higher
reconstruction factors.

© 2015 Elsevier B.V. All rights reserved.

1. Introduction

Super-resolution image reconstruction is probably the
most cost-effective technology to restore high quality images
without effecting the circuitry of the image-capturing devices;
it reverses the image degradation process. The methods to
address this problem can either be multiframe—as in this
work—or single-frame based.

The multiframe super-resolution problem is well estab-
lished [1-10, and references therein] and many researchers
have tried to solve it. But, how to enhance image qualities
while suppressing noise and preserving important image
features remains an open-ended question. The framework
these methods rely upon consists of three basic steps:
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registration, alignment, and reconstruction, which interact
as follows: first, sequence of aliased and noisy low-resolution
images are captured and the motions (rotations and transla-
tions) between pairs of frames are computed (registration);
next, the framework uses the motion values to align the
frames onto a high-resolution grid (alignment); and, finally, a
high quality image is generated (reconstruction).

Pham et al. proposed an image fusion (super-resolution)
method from irregularly sampled data [11]. Their approach is
based on the adaptive normalized convolution framework,
where a local signal is estimated through a projection onto a
subspace. The method is robust and generates sharper images.
However, for real video sequences, we noted from the exp-
erimental findings that Pham's method reveals undesirable
visible artifacts.

In [12], the authors proposed the super-resolution method
based on the Total Variational (TV) framework and the Breg-
man algorithm; and a similar work in [13] uses a spatially
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varying TV model. Despite their ability to preserve useful
image details, TV-based approaches are susceptible to blocking
artifacts [14,15].

Recently, Knoll et al. proposed a regularizing functional
based on the Total Generalized Variation (TGV) framework
for Magnetic Resonance Induction (MRI) image recon-
struction and denoising [16]. Their method overcomes
blocking artifacts inherent in the conventional TV.

For years, nonlinear diffusion-based regularizers have
demonstrated good performance in image denoising appli-
cations [14,15,17-19, and references therein]; they can simul-
taneously remove noise and protect important image fea-
tures. A popular and classical nonlinear diffusion method
was proposed by Perona and Malik in 1990 [20]. The Perona-
Malik (PM) regularizer generates compelling results, but its
corresponding potential function is not entirely convex and
may, therefore, evaluate many solutions [21-23]. Other
nonlinear diffusion filters were proposed by Charbonnier
[24] and Weickert [19,25]. But, we found from experiments
that these methods degenerate solutions under intense noise
conditions.

Few studies have attempted to combine diffusion-based
regularizers and the classical super-resolution model [26-28].
In this work, we propose a new model that combines the two
frameworks and addresses the mentioned challenges in the
previous methods. We hypothesize that the feature-
dependent property of the proposed regularizer will effi-
ciently suppress noise and preserve crucial image details,
while avoiding blocking and staircasing effects.

2. Methods
2.1. Nonlinear diffusion processes

Diffusion refers to a physical (transport) process that
equilibrates concentration differences while conserving mass
[29]. This phenomenon is easily cast by the Fick's first law:

j:_¢'vu> (1)

which explains the equilibration property that the concen-
tration gradient, Vu, causes the flux, j, which aims to

Table 1

compensate it at a rate controlled by the diffusivity, ¢. In
our case, the concentration, u, is the intensity of an image at
a particular location.

The fact that diffusion neither creates nor destroys
mass is explained by the continuity equation:

ou o
= —divj. )

Substituting (1) into (2), we get
ou .
- = div (¢ - vu). 3)

Linear isotropic diffusion occurs when ¢ is constant over
the entire image domain. This type of diffusion is unguided
and tends to destroy useful image details. Furthermore, if
¢ depends on u, as in

%:div(¢(|w|) - Vu), 4)
then diffusion is nonlinear anisotropic. The feature-dependent
variable, ¢(s), should be carefully designed to ensure that
diffusion is automatic, locally adaptive—linear isotropic in
intra regions, and nonlinear anisotropic near edges—and can
preserve critical image features (Table 1). In this work, we
propose ¢ that achieves these properties.

2.2. Proposed diffusion equation
Our diffusion model, which contains the edge-steering
diffusivity, is
|Vul
2+
ou . 7
— =div| —-F——Vu | +Au-f), 5
ot N (|Vu|>2 ©=h ©)
b

where A, weighing (regularization) parameter; £, shape-
defining tuning constant; and f = u(x,y;t =0), the initial
image (u at t=0).

In homogeneous regions, where |Vu|—0, (5) becomes

% — CAU+AU—f), 6)

Diffusivities and corresponding potentials.

Name of the ¢(|Vul|)

p(IVul), s=|Vu|
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(C=2) which is an isotropic linear diffusion (heat equa-
tion) that suppresses noise uniformly over the whole
image domain. Also, in regions with critical features,
where |Vu| - oo, the diffusivity becomes zero and diffusion
stops; thus protecting edges and contours.

Furthermore, expanding the divergence part of (5)
yields

ou . Vu . (Vu
= Cdiv m +ﬂdlv(W)
b
+p div _1|Vu| ——Vu [ +Au—f), @
|VU|<1+(T> )

where the terms (left to right) are defined as follows: first, the
Perona-Malik (PM) [20]; second, the nonlinear Total Variation
(TV) [31]; third, the backward diffusion model that may
sharpen edges and contours [21]; and fourth, the fidelity
term. The combined effect of these terms (PM, TV, and
backward diffusion), therefore, is expected to provide effective
smoothing, preserve important details, and sharpen edges.

From the new evolution equation (5), as t—oco the
evolving solution, u, approaches a stationary function that
minimizes the energy functional (ignore the standard
terms, data and fidelity, for simplicity)

ul i, Ivul
puvu= [ %dﬂ. ®)
p

Solving (8) using the Euler-Lagrange principle gives the
new potential

p(vVu)) =ﬂ210g<ﬂ2 + |Vu|2> +p|Vu| - arctan (%) —2p%10g(P),
9

which possesses some useful properties: one, the first two
terms on the right side (ﬂzlog(ﬂ2+|Vu|2) and p|Vul) are
the potentials similar to those of the Perona-Malik and the
TV, respectively (Table 1); and two, it achieves convexity
when g > 1W2§|V”| (Fig. 2) (see Theorem 1 and the
corresponding proof).

Theorem 1. A functional p(s) in (9) is strictly convex if
pP(s)>0Vs.

Proof. From the energy functional in (9),

56)= 28°(F* + Ps—s?)
B+
Intuitively, we see that F' > 0—a sufficient condition (but
not necessary) for convexity—if (5°+pfs—s?)>0 or
P>vigs °
+/5
Now, we desire to explain the mechanical properties of
(5) that allows it to sharpen edges and preserve useful image
details: consider a pixel location, (x,y), in the image where
[Vu(x,¥)| # 0, and define two orthogonal vectors: normal,
N(x) = (ux,uy)/IVu| and tangential, T(x)=(—uy,uy)/|Vul,

where u, and u, are the first order partial derivatives and
<N,T> =0 is a scalar inner product. If u;r and uyy are
respectively the second order partial derivatives in the
directions of T and N, then the regularization part of (5)
can compactly be written in terms of these components as

IVul 2(1+|Vu|_ |Vul 2)
24—
R(Vu|) = # Urr+ T (TB UNN
v [Vu|
() <1+<7r) )
(10)
where

_ 1 2 2 2
Urr = W u, Uy +uyuxx — ZUxUylUyy
and
Uny = 1 WUy + U2 U,y + 2U Uy U
NN_W x Uy + U5 Uy + ZUxUy Uyy |

The goal of the urr component is to guide the regular-
ization process along the contours of an image; the uyy
component acts perpendicular to the contours. Sharper
and more enhanced edges are produced if these compo-
nents are properly balanced. We needed to dominate urr
in regions with critical features (edges and contours), and
to allow co-existence of both urr and uyy in flat regions.
The proposed model satisfies these requirements: near
edges (|Vu|— o00), uyy diminishes faster than ur because
the denominator of its coefficient is larger than that of the
urr component. This dominates the urr component, which
is necessary to preserve edges. Furthermore, in flat regions
(JVu|—0) Eq. (10) reduces to

R(IvVul) = C(urr +uny) = CAu, amn

which behaves like the normal heat equation that per-
forms uniform regularization. Also, Eq. (10) shows that the
new model introduces backward diffusion when

2
Z(HM_(E) ><0 or VU 145 o

p b B 27

a condition that may enhance edges [21], and that is suitable
for the super-resolution and other image enhancement
applications.

In the next subsection, we describe the super-resol-
ution problem and explain how its ill-posedness can be
addressed using the proposed regularizing functional.

2.3. Multiframe super-resolution model

Optical imaging systems tend to introduce undesirable
artifacts when capturing and processing input images. The
common artifacts, usually caused by hardware imperfections,
are warping, blurring, decimation, and noise. To model the
degradation process, consider that the unknown ideal image,
u, is acted upon by the operators W, (warping), By (blurring),
Dy (decimation), and e, (additive noise), where k is the frame
number (Fig. 1). The degradation operators: W, rotates and
translates u; By, blurs u and destroys its focus; and Dy,
reduces the size of u. The degradation model applies these
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Fig. 1. Degradation model for the multiframe super-resolution.
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Fig. 3. Potentials of some methods: (a) linear forward diffusion (Lin),
p(s)=3s2 [41]; (b) TV, p(s)=s [31]; (c) Charbonnier (CHARB),

Fig. 2. Proposed energy functional at different values of the shape-

defining parameter, g. (The condition for convexity is g >]—+%|Vu|.)

operators onto u to generate a sequence of M low-resolution
images: 81,85, -.-,8k> ---»8um-

Following the degradation model, the multiframe
super-resolution problem is modeled as

81 =W B Du+e. (13)

The objective is to minimize the amount of noise (e;) in
u using the L? norm. Therefore, the minimization problem
becomes

. 1 ¢ 2
n‘}}n{mk_zl Ing—WkBkaule(g)}, (14)

where £2 is the image support.

The minimization equation (14) is ill-posed—and thus
prone to instability and multiple solutions—because it con-
tains insufficient number of observed low-resolution images

p()=VK*+K?*s2—K>,K=1 [24]; (d) Perona-Malik  (PM),
2(s) = (K/2) log(1+(s/K)*), K=1 [20]; and (e) our potential, f=1.

(M). One way to address this ill-posedness is to incorporate a
regularizing potential into the formulation [33-37].

In practice, regularizing potentials grow monotonically,
and can either be convex [15,24,38]—thus well-posed and
ability to guide the evolving solution to a global minimum
—or non-convex [20] that are susceptible to multiple
solutions [39], as proved by Héllig [40]. Fig. 3 compares
the convexities of various potentials (CHARB, PM, Lin, TV,
and ours); the corresponding diffusivities are shown in
Fig. 4, with our diffusivity demonstrating the nonlinearity
behavior similar to TV, CHARB, and PM. Note that if the
tuning constant, S, in the proposed model explodes to
infinity the diffusion coefficient approaches a constant
quantity, thus making the smoothing functional linear
isotropic (curve (e) in Fig. 4 becomes constant).

Now, combining the new regularizing potential, p(|Vu|),
in (9), the fidelity potential term, and the minimization
problem from the classical multiframe super-resolution
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Diffusivity, c(s)

s = |Vu|

Fig. 4. Diffusivities of some methods: (a) linear forward diffusion (Lin),
cs)=1 [41]: (b) TV, c(s)=1/s [31]; (c) Charbonnier (CHARB),
o(s)=1/4/1+(s/K)*>, K=1 [24]; (d) Perona-Malik (PM), c(s)=1/(1+
(s/K)?), K=1 [20]; and (e) our diffusivity, g=1.

model in (14), we get

1 ¥ 1
rryn{mkzl ||gk—w,chDkuufz(g)+ 1pAVUDI 1 g +5/1nu—f||§2(9)}.

15)

The corresponding dynamical system of the Euler-Lagrange
form of (15) is

ou_ 1N roror
ST > WiB.Dj,(W,BDu—g)
=1
p AL
+div| — P ﬁzw +Au—f), (16)

s

where the terms on the right side (in that order) are defined
as follows: first, the super-resolution model; second, the
regularizing functional; and third, the fidelity.

2.4. Numerical implementation details

We used the explicit numerical scheme (Fig. 5) to imple-
ment the new regularizing functional in (5) or middle term
in (16). This scheme was selected for its simplicity, ability to
generate more accurate results, and stability when the
Courant-Friedrichs-Lewy condition is obeyed (0 < d < 0.25,
where d is the iteration step) [42]. Therefore, the divergence,
div(-), part of the regularizing functional is discretized as
follows:

divg;) = C(I\’J%VNUI'J + ng Vsu;j+ C%?}Vguij + C%JVWUU, 17)

where

24 VUil 24 |Vsuijl

ew___ B cwm__ B
L (WNum r T (st
p p

N@uij+1
Cyij
Ui-1,j u; i Uit1,j
: . o
w Cwij Ceij E
Csi j
S@uij-1

Fig. 5. Explicit numerical scheme: N, North; S, South; E, East; and W,
West. The diffusion conduction coefficients in the N, S, E, and W
directions are, respectively, Cyij, Csij» Cgij and Cyjij.

2+|Vsui,j| 2+|unij|
o B d ™=

Eij — N\ 2 Wij — N2
1+ ('VEuu|) 1+ (|VWU1J|)

are the diffusion coefficients and Vyu;j = u;j 1 —uij, Vslij =
Uij—1—Uij, VEUj = Ujp1j— Uy, and Vtj=1ui_1;—Uj;
are the gradients of u;;, both in the North, South, East, and
West directions, respectively. Furthermore, the steepest-
descent numerical implementation of the regularized
super-resolution model in (16) is

ulT*Y =ul) —dH) - Mz div} + AM(u;; ), (18)

where 7 is a tuning constant that determines the rate and
stability of convergence (7 = 0.05 was ideal for our case), u}g)
is the initial estimation of the high-resolution image
(fi;=u{?, and is obtained using the nearest neighbor inter-
polation), and

-l M
HY == >~ WiBLDL (WiBDl) — &0}
k=1

is a super-resolution result after n iterations. In the experi-
ments, we used the I? norm as an iteration-stopping mechan-
ism; and the value of n (number of iterations) ranged between
16 and 30 when d=0.20,M =10,7=0.05,4=0.05, and
resolution factor equals four.

The full implementation codes for the proposed model
are included in the MATLAB central database.!

2.5. Quality assessment of the super-resolution results

Two quality metrics were used to quantify the perfor-
mance of the super-resolution results from different methods,
namely Peak-Signal-to-Noise-Ratio (PSNR) [43] and Structural
SIMilarity (SSIM) [44]. The PSNR measures the strength of a

1 http://www.mathworks.com/matlabcentral/fileexchange/
49819-superresolution-application
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a b

Original Noisy

1))

Rot-Invariant

Implicit

d

Non-Negative

Optimized Our regularizer

Fig. 6. Coherence-enhancing diffusion regularizers (different schemes) versus our regularizer. Noise statistics: random, mean (4)=0, standard deviation
(¢)=15. (a) Original. (b) Noisy. (c) Standard. (d) Non-negative. (e) Implicit. (f) Rot-Invariant. (g) Optimized. (h) Our regularizer.

signal with respect to noise, and is given by

2
PSNR(u, f) = 10 log (535—;)%) , (19)
. 2

where u is the super-resolved image, f is the original image, P
and Q are, respectively, the total number of rows and columns
in either u or f Larger value of PSNR signifies higher
performance, and vice versa.

Though popular and intuitive metric to understand,
researchers have reported the inconsistency of the PSNR
with the human visual system. The quantity only considers
signal information in the image, and not structural and
statistical details that entails visual appearance—from (19),
PSNR simply takes as inputs u and f, which barely hold
intensity values, and determines the error between them.
Hence, a visually appealing image may have a lower
PSNR value.

In [44], Wang et al. proposed a quality metric (SSIM)
that considers the perceptual changes in the degraded
image with regard to its structural information. The metric
reveals inter-dependency among pixels in the image that
reflects visual qualities. The value of SSIM is between 0 and
1, and higher value in the range means that the recon-
structed image is visually close to the reference image.
More formally, SSIM is given by the formula

(2pyps+c1) (204 +C2)

SSIM(u, f) = >
®h (UZ+p7 +C1)(02+07 +C2)

(20)

where pu the average of u; py the average of f; oo, the
variance of u; of; the variance of f; o,;, the covariance of u
and f; and ¢; and c, are the stabilizing constants.

3. Experiments
3.1. Simulations

3.1.1. Experiment 1

The aim of this experiment was to observe the efficacy of
the proposed regularizer in (5) with respect to other classical
regularizers. The experiment followed the following steps:
firstly, we synthesized a piecewise constant image and added
to it noise with mean, y, of zero and with standard deviation,
o, of 15; secondly, we applied a coherence-enhancing diffu-
sion regularizer [19], which promotes a strong-directed aniso-
tropic process, at different schemes—standard, non-negative,
implicit, rotation-invariant, and optimized—that differ in their
directionality properties [45-47]; thirdly, our regularizing
functional was applied to the noisy image (Fig. 6). Next, we
doubled the noise level in the input image (4 =0, ¢ =30)
and applied the nonlinear diffusion regularizers—PM [20],
Charbonnier et al. [24], Weickert et al. [25], and ours—to
generate the results in Fig. 7. Note that noise was doubled in
this experiment because diffusion-based regularizers could
easily reveal artifacts under severe noise conditions.

Additionally, a synthesized noisy image in Fig. 8(a),
adapted from the work of Knoll et al. [16], was denoised
using the variational methods (Total Variation, TV and Total
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b

Original

Charbonnier [24]

Weickert [25]

Perona-Malik [20]

Our regularizer

Fig. 7. Diffusion-based regularizers. Noise statistics: random, mean (x) = 0, standard deviation (¢) = 30. (a) Original. (b) Noisy. (c) Perona-Malik [20]. (d)

Charbonnier [24]. (e) Weickert [25]. (f) Our regularizer.

a

Noisy [16

TV [31]

TGV [16] Our regularizer

Fig. 8. Variational-based regularizers (Total Variation, TV and Total Generalized Variation, TGV) versus our diffusion-steering smoothing functional. (a)

Noisy [16]. (b) TV [31]. (c) TGV [16]. (d) Our regularizer.

Generalized Variation, TGV) and the new regularizer (Fig. 8).

3.1.2. Experiment 2

Standard original images were downloaded from the
Berklely Image Segmentation database [48] and the public
image database.? Every image was resized (for presenta-
tion purposes in this paper) and degraded: warped, the
geometric transformation matrix (W) in Fig. 1) was

2 http://www.petitcolas.net/watermarking/image_database/

obtained by randomly generating numbers between —1
and 1; blurred, Gaussian-shaped blur of 1o kernel width;
decimated, 0.25 sampling rate; and noised, additive ran-
dom noise (e, in Fig. 1) was determined by the equation

ey=n [ 22 IRk Zzglz_fz)k 10~ SNR/20 [49] (21)

Iz, low-resolution version of u; n = randn(size(I;)), func-
tion in MATLAB; and SNR, signal-to-noise ratio (Fig. 10,
first row). Consequently, the corresponding sequences of
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Fig. 9. Our super-resolution method applied at different reconstruction factors. From left to right: low-resolution (128 x 128, scaled for display purposes),
factors five and six.

Fig. 10. First row, original images (from left to right: Peppers, Cat, Lena, and Baboon) and second row, one of the corresponding low-resolution frame.
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Panda [52] ROF [12] Maiseli [53] Our method

Fig. 11. Super-resolution results of “Cat”. (a) Original. (b) Low-resolution. (c) Pham [11]. (d) Zomet Adv. [51]. (e) Panda [52]. (f) ROF [12]. (g) Maiseli [53]. (h)
Our method.

Original

ROF [12] Maiseli [53] Our method

Fig. 12. Super-resolution results of “Baboon”. (a) Original. (b) Low-resolution. (c) Pham [11]. (d) Zomet Adv. [51]. (e) Panda [52]. (f) ROF [12]. (g) Maiseli
[53]. (h) Our method.
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ROF [12]

Maiseli [53]

Our Model

Fig. 13. Super-resolution results from the real video sequences of “Text”. (a) Low-resolution. (b) Pham [11]. (c) Zomet Adv. [51]. (d) ROF [12]. (e) Maiseli

[53]. (f) Our model.

ten low-resolution frames were generated from each of
the high-resolution image (Fig. 10, second row). Next, we
applied our method—along with the Keren registration
algorithm [50]—and some other classical methods: Pham
[11], Zomet with Charbonnier penalty [51], Panda [52],
ROF [12], and Maiseli [53] to generate high-resolution
images, each with an upscale factor of four, from the
corresponding degraded image sequences (Figs. 11 and 12).

3.1.3. Experiment 3

In this experiment, we tested the robustness and per-
formance of our method at resolution factors above four
(Fig. 9). The focus was to visually perceive the response of
the proposed approach under higher resolution conditions.
Note that most traditional methods are restricted to recon-
struction factors between two and four; such methods
poorly perform at higher factors.

3.2. Real environment

This experiment used the real video sequences from
the Multidimensional Signal Processing (MDSP) Research

Group® as inputs to the super-resolution methods: Pham
[11], Zomet Adv. [51] (advanced Zomet method with
Charbonnier penalty [24]), ROF [12], Maiseli [53], and ours.
In particular, ten first frames from each of the two videos
—“Text”, 30 grayscale frames, 57 x49 resolution; and
“Disk”, 26 grayscale frames, 57 x 49 resolution—with an
approximate global motion, as determined using the Keren
registration approach [50], were used to reconstruct the
corresponding high quality images of 4 x resolution
(Figs. 13 and 14).

4. Results and discussions

The visual results from both simulated images and real
video sequences show that our method produces some
promising results. In particular, the new regularizing func-
tional suppresses noise effectively and preserves semantically
crucial features; other methods reveal visible artifacts
(Figs. 6-8). Furthermore, the super-resolution results

3 http://users.soe.ucsc.edu/ ~ milanfar/software/sr-datasets.html
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ROF [12)

Maiseli [53]

Zomet Adv. [51]

Our Model

Fig. 14. Super-resolution results from the real video sequences of “Disk”. (a) Low-resolution. (b) Pham [11]. (¢) Zomet Adv. [51]. (d) ROF [12]. (e) Maiseli

[53]. (f) Our model.

generated by the new method are smoother and contain little
artifacts compared with other methods (Figs. 11-14), and this
is attributed to the better regularity properties of our potential
in Eq. (9). Observations from Figs. 11(h) and 12(h) further
suggest that the proposed method tends to slightly blur the
results. This may, in part, be caused by the inefficient
deblurring function in the super-resolution degradation model
(B in Fig. 1). In the future, we intend to address this issue by
developing a more accurate, efficient, and robust deblurring
function and integrate it into the current system.

Also, Tables 2 and 3 show that the new method achieves
higher values of PSNR and SSIM compared with most other
methods. Note that the Zomet method produces a slightly
higher PSNR for a “Cat” image compared with our method
(Table 2). Perhaps the classical methods underperform
numerically because they mostly suffer from visual artifacts
(Figs. 11-14) that degrade their objective qualities. Recall
that both PSNR and SSIM are based on the original image;
thus, artifacts, noise, or misalignment problems between
the restored and original images—resulted from the method
failing to properly register the input video sequences—can
significantly lower the values of these quality metrics.
Consider, for example, the visual results of Pham and ours

(Fig. 11(c) and (h)); although our result looks blurrier than
Pham's, it is smoother and contains fewer artifacts. This
reason, together with the more accurate registration algo-
rithm we selected, may have caused the proposed method
to produce relatively higher quality values.

Experiment 3 gives an interesting behavior about the
new method, that it may achieve higher reconstruction
factors—up to six or, perhaps, even more for input images
that are heavily aliased. The promising performance of our
method at higher factors is caused by the shape-defining
parameter, f, in (16) that is automatically updated
(B = €+27IVul, where € >0 is very small) in the pro-
gram to ensure convexity of the potential in (9), thus
promoting stability of the evolving solution over longer
periods. Most other multiframe super-resolution methods,
however, generate unsatisfactory results at higher
resolutions.

5. Conclusion
In this work, we have presented a regularized multi-

frame super-resolution model that suppresses noise and
reconstructs detailed images. Both qualitative and
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Table 2
Peak-Signal-to-Noise-Ratio (PSNR) measurements.
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Image PSNR
Pham [11] Zomet Adv. [51] Panda [52] ROF [12] Maiseli [53] Our model
Peppers 28.12 27.39 27.87 29.20 28.93 30.38
Cat 27.12 28.12 25.33 23.67 27.23 28.01
Lena 27.89 28.10 27.38 29.07 28.99 29.89
Baboon 2711 26.90 28.26 26.78 30.43 29.79
Table 3 References
Structural SIMilarity (SSIM) measurements.
Image  SSIM [1] C. Chen, H. Liang, S. Zhao, Z. Lyu, M. Sarem, A novel multi-image
& super-resolution reconstruction method using anisotropic fractional
h iseli order adaptive norm, Vis. Comput. (2014) 1-15.
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quantitative results prove that the new model outperforms
some other traditional super-resolution methods: protects
edges, suppresses noise, enhances image features, and
fairly avoids undesirable artifacts. We have explained
how our method operates adaptively in response to the
local image features, and further demonstrated its beha-
vior through real experiments and simulations.

The subjective results demonstrate that our method
slightly blurs the final images. This may partly be caused
by lack of the appropriate deblurring operator or perhaps
inaccurate estimation of the point-spread-function. The
next phase of this research is to develop a more accurate
and an effective deblurring component to address the
problem. However, objective results show that the new
method produces higher PSNR and SSIM values, which
signals the importance of the method in machine-
related tasks.

We have provided an experiment to prove that the
proposed method may generate appealing results at higher
magnification factors (up to six, for instance) for severely
aliased input images. Our goal in the future is to test this
finding on real video sequences. Also, we desire to embed
the new algorithm into the actual imaging hardware, such
as a digital camera, and measure its performance at higher
resolutions.
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