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Abstract

The image processing algorithms collectively known as
super-resolution (SR) have proven effective in producing
high-quality imagery from low-resolution (LR) images.
This paper focuses on a novel image resolution
enhancement method employing the wavelet domain
techniques. In order to preserve more edge information,
additional edge extraction step is proposed employing
high-frequency (HF) sub-band images - low-high (LH),
high-low (HL), and high-high (HH) - via the Discrete
Wavelet Transform (DWT). In the designed procedure,
the LR image is used in the sparse interpolation for the
resolution-enhancement obtaining low-low (LL) sub-
band. Additionally, all sub-bands (LL, LH, HL and HH)
are performed via the Lanczos interpolation. Finally, the
estimated sub-band images are used to form the new
high-resolution (HR) image using the inverse DWT
(IDWT). Experimental results on real data sets have
confirmed the effectiveness of the proposed framework
in terms of objective criteria as well as in subjective
perception.
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Resumen

Los algoritmos de procesamiento de imagenes
colectivamente conocidos como super-resolucion (SR)
han demostrado ser eficaces en la produccién de imagenes
de alta calidad a partir de imégenes de baja resolucién
(LR). Este articulo se centra en un método de mejora de
la resolucion de imagen novedosa que emplea las técnicas
de dominio wavelet. Con el fin de preservar mas la
informacién de bordes, adicionalmente se propone una
etapa de extraccion de bordes que emplea altas-
frecuencias (HF) en la sub-banda de las imagenes — pasa-
alta (LH), pasa-baja (HL), y alta-alta (HH) - a traves de la
Transformada Discreta Wavelet (DWT). En el
procedimiento disefiado, la imagen LR se utiliza en la
interpolacion sparse para el mejoramiento en la
resolucion de la sub-banda baja-baja (LL). Ademas, todas
las sub-bandas (LL, LH, HL y HH) se realizan a través de
la interpolacion Lanczos. Finalmente, las imagenes de las
sub-bandas son usadas para formar la nueva imagen de
alta resolucion (HR) mediante la DWT inversa (IDWT).
Los resultados experimentales en conjuntos de datos
reales han confirmado la eficacia del marco propuesto en
términos de criterios objetivos, asi como en la percepcion
subjetiva.

Super-resolucion, Extraccion de bordes, Dominio
wavelet, Interpolacion sparse
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Introduction

Relatively recently, researchers have begun
developing methods to extend the SR
algorithms to different imaging applications.
There are differences that depend of imaging
applications. Medical imaging applications
differ from photographic imaging in several key
respects. Unlike photographic imaging, medical
imaging applications often use highly
controlled illumination of the human subject
during image acquisition that usually leads to
higher signal-to-noise ratios (SNR). On other
hand, the image processing artifacts are much
less tolerable in medical images than in
photographic applications. Another difference
is that the majority of medical imaging
applications involve creating images through
three-dimensional objects. Thus, while the final
images are two dimensional, they represent
some form of projection through a three-
dimensional volume [1].

The general image capture model, or
forward model, combines the various effects of
the digital image acquisition process such as
point-wise blurring, motion, under-sampling,
and measurement noise. The problem in this
point is to estimate an HR image u(m,n) from
measurements of an LR image f(m,n) that were
obtained through a linear operator K that forms
a degraded version of the unknown HR image,
which was additionally contaminated by an
additive noise  , and can be represented as the
forward imaging model as follows:

f(im,n) = K[u(m,n)] + E(m, n). (1)

In most applications, K is a subsampling
operator that should be inverted to restore an
original image size and this problem usually
should be treated as an ill-posed problem. Many
image display devices have zooming abilities
that interpolate input images to adapt their size
to HR screens. Current proposal introduces a
general class of nonlinear inverse estimators
that were obtained with an adaptive mixing of
linear estimators, with applications to image
interpolation. Wavelets also play a significant
role in many image processing applications.
The 2-D wavelet decomposition of an image is
performed by applying the 1-D DWT along the
rows of the image first, and then, the results are
decomposed along the columns.
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This  operation results in  four
decomposed sub-band images. The frequency
components of those images in the sub-bands
cover the full frequency spectrum of the
original image. Image resolution enhancement
using wavelets is a relatively new subject, and
recently, many novel algorithms have been
proposed [2-6]. These algorithms have
attempted to improve the sharpness and fine
features by using special procedures in the
wavelet domain; where such reconstructions are
performed by manipulations in the different
decomposition sub-bands.

Prior information on the image sparsity
has been widely used for image interpolation
[7]. Wavelet estimators were introduced to
compute fine-scale wavelet coefficients by
extrapolating larger-scale wavelet coefficients
[8, 9]. A more general and promising class of
nonparametric SR estimators assumes that the
HR image u(m,n) is sparse in some dictionary
of vectors. This sparse representation is
estimated by  decomposing the LR
measurements f in a transformed dictionary [10,
11]. The principal idea behind the restriction of
the sparse SR algorithms is that the HR results
can be improved by using more prior
information on the image properties. The
predominant task of current study is consists of
using an approach based on wavelet
decomposition techniques that permit to take
into account both spatial and spectral wavelet
pixel information to enhance the resolution of a
single image that can also be expanded to video
sequences of different types [12, 13].

The principal contributions of current
SR proposal in difference to other state of-the-
art resolution-enhancement techniques consists
in the mutual interpolation via Lanczos and
Nearest-neighbor interpolation (NNTI)
techniques employed in Wavelet Transform
(WT) HF sub-band images, an edge extraction
procedure in wavelet transform space and
adaptive directional LR image interpolation via
sparse image mixture models in a DWT frame.
The proposed framework additionally applies
special denoising filtering that uses the Non-
Local Means (NLM) for the input LR image
performing better robustness in the SR process.
Finally, all of the sub-band images are
combined, generating a final HR image via
IDWT that presents better resolution
performance in terms of the objective criteria
and subjective visual perception in comparison
with the best existing algorithms.
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To justify that the novel algorithm of
image resolution enhancement has real
advantages, we have compared the proposed SR
procedure with other similar techniques, such as
the following: Demirel-Anbarjafari  Super
Resolution (DASR) [14], Wavelet domain image
resolution enhancement using Cycle- Spinning,
(WDIRECYS) [15], Image Resolution
Enhancement applying Discrete and Stationary
Wavelet Decomposition (IREDSWD) [16], and
Discrete Wavelet Transform-Based Satellite
Image Resolution Enhancement (DWTSIRE)
[17]. To ascertain the effectiveness of the
proposed algorithm over other wavelet-domain
resolution enhancement techniques, different
LR images of different nature (satellite, medical
and optical) obtained from [18, 19] were tested.
The first database consists of the 20 medical
images, and the second database contains 38
satellite images. All images have format of 8
bits/pixels for gray scale.

The remainder of this paper is organized
as follows. Section 2.1 presents a short
introduction to the NLM filtering method,
Section 2.2 shows an implementation of an
image interpolation through the inverse mixing
estimator in a single image in wavelet space.
The proposed technique for image SR
reconstruction is presented in Section 3. Section
4 explains the applied quality criteria that were
used to quantify the SR results. Section 5
discusses the qualitative and quantitative results
of the proposed technique in comparison with
other better conventional techniques. Finally,
the conclusions are drawn in the final section.

Problem statement proposed methodology
Non-Local Means Filtering

The NLM algorithm computes a denoised pixel
ii(m,n) by applying the weighted mean of the
surrounding pixels of
f(m,n) = {f(r,s)|(r,s) € N(m,n)}. the
estimated value for a pixel (m, n). is computed
as a weighted average of all the pixels in the
image [20]:

Yosenimn flrslwlmnirs)

N r.s)eN(mn) w[m.mnr.s]

a(m,n) =

Where N(m,n) stands for the
neighborhood of the pixel f[r, s]. and the term
w[m,n;r,s] is the weight for the (mn)-th
neighbor pixel.
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The weights for the filter are computed
based on radiometric (grey-level) proximity and
geometric proximity between the pixels,
namely:

Eﬁf[m,n]—f[r,SJ)z} .

wlm,n;r,s] = exp {— 272

g (J[m -2+ (n— .5')2).

(3)

The function g takes the geometric
distance into account. The parameter controls
the effect of the grey-level difference between
the two pixels. This way, when the two pixels
that is markedly different, the weight is very
small, implying that this neighbor is not to be
trusted in the averaging. The denoised image
is used in next steps of the proposed framework.

Interpolations with Sparse Wavelet Mixtures

The subsampled image ii(m.n) is decomposed
with one level DWT in the sub-bands (LL -
approximations; and LH — horizontal detals.
HL — vertical details, HH diagonal details).
which are treated as the matrixes H whose
columns (approximations and details) are the
vectors of a wavelet frame on a single scale. A
construction 15 performed with a dual frame
matnx H whose columns are the dual wavelet
frames {hmn},_. _. [21]. The wavelet
coefficients are written as follows:

Z(m,n) = (ii, hyp ) = Hil(m, n). )

The WT separates an LF image (an
approximation) z; that is projected over the sub-
band image LL scaling filters {hﬂln]ngg and an
HF image (details) z; that is projected over the
finest scale wavelets ILH HIL, and HH in three
directions {h,, .}

1=ms=3neq

5 = Z (0, n)hy, and
neg

3 (3)

Shp = z s(m,n)h; 0.

m=1

2
-’
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The LF mmage z; has litfle aliasing, and
it can be inferpolated sufficiently well when
applving a Lanczos interpolator V*. For
interpolating the HF image z;. we employ
directional inferpolators Vg for 0. where 0 is
a sef of angles that is uniformly discrefized
between 0 and 7.

For each angle & a directional
mterpolator Vg is applied over a block D =
Dg,, of wavelet coefficients if the directional
regulanty factor ||Q,Z]: Qp (sparse regulanty
operators) 1s relatively small i the mentioned
block Such regularization is effective if the
eigenvalues of the self-conjugated operator
010, have an overall varation that is
sufficiently large to distingmish regular
vanations from non-regular variations m a
given direction & m D. For this step, it was
proposed to choose rectangular blocks D =
Dy, that are elongated in the direction of 6.
Each block D m the spatial neighborhood of g
15 chosen to be identical in the three bands
d = 1,2.3; thus, I,(m.n) = lp(m), where [ is
the indicator of the approximation set D.

Each image Z, that is reconstructed
from fine-scale wavelet coefficients in a block
D =Dy, is interpolated with a directional
interpolator V} = V7. The HF residual . and
the image LF f; are interpolated with a
separable and nearly isoftropic Lanczos
interpolator ¥+, The resulting interpolator can
be written mn the following form [22]:

U, =V+sim,n)+ Z. Ve
Sath

i . kY E
—'.}"'j]:h: Zﬂ'i-'-:'e..'!-:-uﬁim."'] (©
ey A

The image Z(m.n) is first interpolated
with a separable Lanczos interpolator V™. For
each angle &, an update i1s computed over
wavelet coefficients of each block of direction
6 nmitiplied by their mixing weight a(Dg ).
with the difference between the separable
interpolator V* and a directional interpolator
Vg along 6. This overall mferpolator is
calculated with O(|®|N) operations, where
|@] = 20 is the number of interpolation angles.
Numerical experiments are performed with 20
angles, with blocks having a width of 2 pixels
and a length between 6 and 12 pixels depending
on their onentation.
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Proposed resolution

enhancement

approach in

In this technique, one level of DWT that applies
different wavelet families is used to decompose
an input image. DWT separates an image into
different sub-bands. The interpolation process
should be applied to the four sub-band images.

Additionally, the novel framework
applies a denoising procedure by using the Non-
Local Means (NLM) for the input LR image
(Noise Reduction Stage, Fig.1). This approach
has better performance on the HF image
components and generates significantly sharper
and clearer edges and fine features in the final
SR image.
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Figure 1 Block diagram of the proposed resolution-
enhancementalgorithm

The differences between the interpolated
LL sub-band image (with factor 2) and the LR
input image are in their HF components that
why it has been proposed the intermediate
process to correct the estimated HF components
applying this difference image. As it is seen in
DWT and interpolation stage of the algorithm
(Fig.1), this difference is performed in HF sub-
bands by interpolating each band via NNI
process (changing the values of pixels in agree
with the closest neighbor value), including
additional HF features into the HF images.

CHAVEZ, Romén, PONOMARYOW, Volodymyr and CASTRO,
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In the proposed SR procedure, the LR
image is used as the input data in the sparse
representation for the resolution-enhancement
process in the following way (Sparse Stage,
Fig.1). Finally, the algorithm computes the
missing samples along the direction from the
previously calculated new samples, where the
entire sparse process is performed with the
Lanczos interpolation, reconstructing LL sub-
band. To preserve more edge information and
to obtain a sharper enhanced image, we have
proposed an extraction step of the edge using

The mean absolute error (MAE) is
presented as follows: HF sub-bands images,
that employs the first level in the DWT
decomposition for an input image LR, the edge
information is used into HF sub-bands
employing NNI process (Edge Extraction Stage
in Fig.1). The edge extracted image is
calculated as follows [24]:

S = J(HH)? + (HL)? + (LH)2, (7)

Finally, we perform an additional
interpolation with Lanczos interpolation (factor
2) to reach the required size for the IDWT
process (IDWT and SR Stage, Fig.1). It was
noticed that the intermediate process of adding
the difference image (the image that contains
the HF components) generates a significantly
sharper reconstructed SR image. This sharpness
is boosted by the fact that the interpolation of
the isolated HF components in HH, HL, and LH
appears to preserve more HF components than
interpolating from the LR image directly.

Performance evaluation

In order to evaluate the effectiveness of the
proposed resolution enhancement algonthm.
the following criteria are employed: peak
signal-to-noise ratio (PSNR). mean absolute
error (MAFE), finally the similarity structural
index measure (SSIM) [25. 26] which match
better human subjectivity.

The PSNR i1s defined as:
PSNR =10-
(255)2 (S)

1010 MSE ° dB.

Where. the mean square error (MSE) 1s
the error measure for a gray scale image of
dimension mxn.
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The mean absolute error (MAE) s
presented as follows:

1 m n _— B
MAE —%ZZIM[I.]]—M[I,]][ 9)

i=1j=1

To obtain the objective criteria value,
PSNR and MAE employ the reference image
(HR) u(i.j) and the reconstructed SR image
estimated via the SR algorithm (3, j).

The standard quality metrics used in the
past such as PSNR. can be erroneous in some
cases: therefore. novel metrics. such as SSIM.
which matches human subjectivity better.
should be used to characterize the performance
of the algorithm For monochrome images. the
SSIM metric values are defined as follows:

< Uz, +C
SSIM(u, i) = LT-“““—*I
i+ pg + G
2050, + C5
62 + 07 +C,
[ Ogy +C;5 ]
.O’f‘o-u + C3 ¢

10)

Here, i is the reconstructed SR image.
and x is the original (HR) image; u and & are
the sample mean values and sample variances
for the u or i images, and &gy, is the sample
cross-variance between the ii and u images. The
justification of the SSIM index can be found in
[25, 26]. The constants C;, €5, and C; are used
to stabilize the metric for the case in which the
means and variances become very small, and
u.suallj,' C_:'ij:Cj =1

Because it is difficult to define the
objective criteria that should be used to ensure
the accurate quantization of the reconstructed
images, a subjective measure of the image
distortion was used in this study via subjective
visual perception by human visual system.

A subjective visual comparison of the
images provides information about any spatial
distortion or artifacts introduced by the
algorithm that is employed and, thus, can make
it possible to evaluate the performance of the
analyzed technique in a different manner.

CHAVEZ, Romén, PONOMARYOW, Volodymyr and CASTRO,
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Experimental results and discussion

Inorder to show the effectiveness of the
proposed method over the conventional and
state-of-the-art image resolution enhancement
techniques, different test images (Baboon,
Elaine, Aerial-A, Aerial-B, Medical-1 and
Medical-2) with different feature are used for
comparison from mentioned image databases.

In this paper, the following families of
classic wavelet functions are used: Daubechies
(Db), Symlet (Sym), and biorthogonal (Bior).
Referring to the image Baboon (Fig. 2) shows
the results of the SR reconstruction algorithm
applied to a LR 128x128 pixels image to obtain
a 512x512 pixels resolution enhancement
image. The novel resolution enhancement
algorithm appears to perform better in terms of
objective criteria (PSNR and SSIM) as well as
in terms of subjective perception, especially
using wavelet Db-1. The visual subjective
perception can be verified in the zoomed part
of the Baboon image (left eye), where fine
details appear to be preserved better in the novel
proposed SR framework.

In the SR reconstructed Elaine image,
one can observe from analyzing Fig. 3 that the
novel algorithm performs better in PSNR and
SSIM, especially using wavelet Sym-2, also it
presents the better perception especially in the
well-defined borders (see the zoomed part of the
image).

WDIREC DWTSIR Proposed
S [27] E [29] Dbl

LR Image DASR [26]

PSNR=31. PSNR=30. PSNR=29.  PSNR=31.

26 70 70 96
128x128 SSIM=0.66 SSIM=0.65 SSIM=0.64 SSIM=0.76
3 9 7 7

512x512 512x512 512x512 512x512

Figure 2 Visual perception results for the Baboon image
contaminated by Gaussian noise (PSNR=17 dB)
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LR DASR  WDIRE IREDSW Proposed
Image [26] Cs [27] Sym2

PSNR=27 PSNR=26 SNR=29> PSNR=30

.10 81 32 39
128x128 SSIM=0.8 SSIM=p.8 SSIM=0.7 SSIM=0.8
46 19 64 61

512x512 512x512 512x512 512x512

Figure 3 Visual perception results for the Elaine image
contaminated by Gaussian noise (PSNR=17 dB)

LR WDIRE IREDSW DWTSIR Proposed

€S A 2 e P 8 9
PSNR=27 PSNR=27 PSNR=27 PSNR=31

18 77 51 94
128x128 SSIM=0.7 SSIM=0.7 SSIM=0.7 SSIM=0.7
56 18 61 78

512x512 512x512 512x512 512x512

Figure 4 Visual perception results for the Aerial-A image
contaminated by Gaussian noise (PSNR=17 dB)

LR DASR WDIRE DWTSIR Pr oposed

PSNR=27 PSNR=28 PSNR=27 PSNR=31

58 13 74 a7
128x128 SSIM=0.6 SSIM=0.6 SSIM=0.6 SSIM=0.6
26 25 26 23

512x512 512x512 512x512 512x512

Figure 5 Visual perception results for the Aerial-B image
contaminated by Gaussian noise (PSNR=17 dB)
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In the resolution enhancement of the
Aerial-A image (see Fig. 4), one can observe
that there is better performance in terms of the
objective criteria PSNR and SSIM as well as in
the subjective perception when the proposed SR
procedure is employed with the wavelet Sym-2
in comparison with the other state-of-the art
technique.

Fig. 5 compares the Aerial-B image
obtained by different algorithms. In the zoomed
images, one can observe that conventional SR
methods produce some blur and artifacts. In
contrast, the novel SR algorithm provides better
image quality (PSNR and SSIM), when the
wavelet Sym-2 is employed. The proposed SR
algorithm restores slightly better regular
geometrical structures.

The resolution enhancement algorithms
have an important application in the processing
of medical images. For this reason, we have
tested several medical images. In the Medical-1
image (see Fig. 6), it is easy to see better
performance in accordance with the objective
criteria and via subjective visual perception in
SR enhancement when the proposed algorithm is
employed with the wavelet Sym-2. Better
preservation of the fine details in the zoomed
part of the image can be obtained for the novel
resolution enhancement framework.

Fig. 7 compares the SR image Medical-
2 obtained by different algorithms. In the
zoomed images, one can observe that
conventional SR methods produce some blur
and artifacts. In contrast, the novel proposed
algorithm provides better image quality (PSNR
and SSIM), when the wavelet Sym-2 is
employed. The proposed algorithm restores
slightly better regular geometrical structures, as
shown in the zoomed part in Medical-2.
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WDIREC DWTSIRE  Proposed
S [27] [29] Sym2

8] 8] 81 o5 o5

LR Image DASR[26]

PSNR=23. PSNR=23. PSNR=22. PSNR=24.

40 99 41 06
128x128 SSIM=0.82 SSIM=0.82 SSIM=0.82 SSIM=0.82
4 1 8 8
512x512 512x512 512x512 512x512

Figure 6 Visual perception results for the Medical-1
image contaminated by Gaussian noise (PSNR=17 dB)

WDIREC DWTSIRE Proposed

LR Image DASR [26] N
S [27] [29]

Sym2

- v = 4

PSNR=22. PSNR=23. PSNR=23. PSNR=23.

98 33 26 62
39x90 SSIM=0.92 SSIM=0.92 SSIM=0.93 SSIM=0.93
9 7 0 7
156x360 156x360 156x360 156x360

Figura 7 Visual perception results for the Medical-2
image contaminated by Gaussian noise (PSNR= 17 dB)

In these experiments, we revise the
resolution enhancement of a number of images
from databases. It can be concluded from this
analysis of the SR enhancement images that
novel framework results in sharper edges and
SR results.

Overall, the results in table 1, 2, 3 and 3
show the better performance in terms of the
objective criteria (PSNR, MAE and SSIM) as
well as in the subjective perception via human
visual system.
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SR Methods | pfa [ PSN [ SSI | M | PSN | SSI

Dbl

BEDS [Smm [ 767 [309 [ 05 [ 701 | 23| 07
ne 2 | 7 |00 | 80 | 17 | 20 | 64

Bior | ©17 | 302 | 06 | 83 | 28.1 | 0.7
L3 g8 95 26 40 81 44

Dbl

DWTSI | Sym | 108 | 204 | 06 | 74 | 276 | 08
RE[17] 2 64 50 40 81 25 61

DASE | Sym | 7.32 | 309 O.-ﬁ 79 | 271 | 08
[14] 2 5 85 47 86 06 46

736 | 307 | 06 | 74 | 266 | 0.7
3 | oo | 50 | o0 | 81 | 67
WDIRE | Sym | 626 | 313 | 06 | 61 | 268 | 08
cs[15] | 2 0 | 57 |57 |9 | 14| 19
Bior | 724 | 307 | 06 | 75 | 266 | 0.7
13 | 4 | 00 | 50 | 54| 67 | 66
541|319 | 07 | 69 | 302 | 08
PROPOS 2 | 68 | 67 | 51 | 56 | 35
EDSR | Sym | 555 | 321 | 06 | 5.5 | 303 | 0.8
TECHM | 73 7 | 37 | 20 | 61| 08 | 61

5

5

QUE 558 | 318 | 07 | 64 | 304 | 08
o8 | 16 | 20 | 84 | 20

Table 1 Objective criteria values of the resolution
enhancement from 128x128 to 512x512. (The LR image
is contaminated by Gaussian noise PSNR=17 dB)

Aerial-A Aerial-B

SR Methods [ Ara [ PSN | 551 | MA | PSN | SSI
E R | M| E R | M
131 ] 262 | 06 | 215 | 260 | 05

REDS Dbl | ‘63 | 15 | 50| 61 | 71 | 15
wn | Svm [ 128 [ 277 | 07 | 191 | 270 | 05
116) 5> | 34 [ 70 |18 | o8 | 2 | 7

Bior | 140 | 271 | 0.6 | 191 | 271 | 04
13 12 17 02 15 06 33
1351 275 | 0.6 | 195 | 273 | 05
24 21 88 21 12 43
DWTSI | Sym | 115 | 275 | 0.7 | 169 | 277 | 06
RE[17] 2 30 10 61 88 39 26
Bior | 134 | 271 | 0.6 | 206 | 272 [ 05
1.3 42 30 82 17 63 39
163 | 273 | 0.6 | 198 | 274 | 05
71 05 85 41 42 40
DASE | Sym | 158 | 271 | 0.7 | 181 | 275 | 0.6
[14] 2 58 76 58 a7 78 26
Bior | 17.1 | 271 | 0.6 | 207 | 273 | 03
13 13 25 16 07 13 32
139 [ 273 | 06 | 169 | 277 | 05

WDIR Dbl |\ o | 11 | 73 | 57 | 26 | 3
POR [Sym [ 120 277 | 07 | 144 | 281 [ 06
e 2 | 28 |18 | s6 | 93 | 30 | 25
Bior | 139 | 273 | 06 | 160 | 27.7 | 0.5

13 | 46 | 18 | 74 | 20 | 36 |

763 | 308 | 0.7 | 731 | 311 | 05

DbL | "7 | 53 | 34| s | 11| s3
et | Sym | 554 | 310 | 0.7 | 5.85 | 317 | 0.6
wimme | 3 |72 |46 | 78 | s | 4 | 23
Bior | 681 | 312 | 0.7 | 647 | 313 | 0.5

13| 3 |61 | 22| 7 |6 | s0

Table 2 Objective criteria values of the resolution
enhancement from 128x128 to 512x512. (The LR image
is contaminated by Gaussian noise PSNR=17 dB)
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Medical-1 Medical-2

SR Methods MA| PS [ SSI|MA| PS [ SSI
E|NR| M| E|NR| M
140 [ 180 | 0.7 [ 082 [ 204 | 0.0
DbL | 59 | 413 | 86 | 1 | 15 | 06
IREDSW | Sym | 109 | 223 | 0.8 | 853 | 226 | 00
D6l | 2 | 21 |50 |19 6 | 21 | 15
Bior | 142 | 106 | 0.7 | 118 | 190 | 08
13 | 60 | 00 | 47 | 06 | 50 | g0
T11[ 218 08 [101] 221 00
Dbl | "yg | 41 | 04 | 02 | 81 | 15
DWTSIR | Sym | 995 | 224 | 08 | 837 | 232 | 00
E[17] 2 | o | 122w o | 50 30
Bior | 117 | 202 | 0.7 | 050 | 22.1 ] 0.0
13 | 53| 12|07 | 0| 78] 16

111|217 | 08 | 101 ] 221 | 009
Dbl | "s4 | 86 | 07 | 80 | 75 | 16
DASR | Sym | 102 | 233 | 08 | 879 | 220 | 0.0
[14] 2 |17 | oo | 4| 3| 77| 20
Bior | 113 | 21- | 0.7 | 102 | 220 | 0.9
13 | o5 | 68| 02| 13| 00 | 15
100|222 | 08 | 967|223 | 00
Dbl | "oy | o7 | 11| 1 | 05 | 20
WDIREC | Sym | 101 | 230 | 0.8 | 861 ] 233 | 0.0
S[15] 2 | a1 |87 || 6 | 4| 27
Bior | 100 | 228 | 08 | 974 | 225 | 09
13 | 24 | 63 |05 | 3 | 34| 2
106 | 224 | 08 | 950 220 | 00
PROPOS o0 | ©2 |12 o | 24| 34
EDSR | Sym | 0.84 | 240 | 0.8 | 836 | 236 | 0.0
TECHNI | 2 | 4 | 63 | 28| 5 | 25 | 37
QUE | Bior | 108 | 222 | 08 | 961 220 | 00
13 | 30 | 88 |00 | 2 | oo | 34

Table 3 Objective criteria values of the resolution
enhancement from 128x128 to 512x512. (The LR image
is contaminated by Gaussian noise PSNR=17 dB

Numerous statistical simulations that we
realized using databases that contain the test
images of different nature (satellite, medical,
optical, etc.) that are characterized by varying
texture, details and edges, properties have
confirmed the better performance of proposed
method in resolution enhancement guaranteeing
it robustness.

Conclusions

In this work, a novel resolution-enhancement
technique based on the interpolation of the HF
sub-band images in the wavelet domain is
presented. In contrast with other state-of-the-art
resolution-enhancement techniques, the
designed framework applies the edge and fine
features information that is obtained from the
HF sub-band images in wavelet transform
space, NLM denoising algorithm modifying
them for the SR restoration, and performs the
sparse interpolation over an oriented block
(approximations and details) in an LR image.
All of these steps result in image resolution
enhancement.
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Numerous simulation results on images
from databases of different nature (satellite,
medical, optical) have confirmed superiority of
the proposed enhancement framework in
performing the SR reconstruction while
employing different wavelet function in
comparison with other conventional methods.
Experimental results have demonstrated better
performance and robustness of the proposed
algorithm in terms of objective criteria (PSNR,
MAE and SSIM), as well as in the subjective
perception via the human visual system.
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