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ABSTRACT

This paper proposes a new image super-resolution restoration
algorithm. The development of the algorithm is based on the
improvement of the classical projection onto convex set (POCS)
algorithm and the stationary wavelet transform (SWT) to restore
a super-resolution image from Egyptsat-1 low resolution (LR)
images. Egyptsat-1 bands have inconsistent sub-pixel shift. this
inconsistent shift between the bands is changed into reliable shift
by adaptive interpolation. Then, decomposition of high
frequency sub-bands is generated using (SWT). The POCS
iteration is used to restore high-resolution (HR) image from
every LR wavelet decomposed images. The HR image is
reconstructed by inverse wavelet transform. The result showed
that the proposed method achieved significant spatial resolution
improvements from 7.8 m to 4 m by using (POCS). The
reconstructed image is evaluated by several quantitative
measures: the peak signal-noise ratio(PSNR), root main square
error(RMSE), entropy, and Objective Fusion Measure. These
measures of the proposed method were also assessed and tested
with some implemented commonly used SR methods. The
experimental results of the processed Egyptsat-1 images showed
that the proposed method can improve the ability of fusing
different image information, and the visual and quantitative
evaluations verify its usefulness and effectiveness.

General Terms
Digital Image processing, Remote sensing

Keywords

Super-resolution; Projection on convex set; Stationary wavelet
transforms; Egyptsat-1 images; Peak signal-noise ratio; Root
main square error; Entropy; Objective fusion measure.

1. INTRODUCTION

Super Resolution Image Reconstruction (SRIR) is a method to
reconstruct a high-resolution (HR) image using multi low-
resolution (LR) images with the relative displacement or video
sequences in the same scene. Super-resolution reconstruction
method has been widely used in many fields including remote
sensing, astronomy, military surveillance and medical
diagnostics etc. With the development of information technology
and sensor technology, many kinds of image sensors are being
widely used. How to deal with the images from different sensors
becomes a key research field. (SRIR), is a process to combine
different information from several images into single image,
highlights the useful information and the prominent feature of
original images. The Egyptian satellite (Egyptsat-1) is the first
earth observation satellite of Egypt. Some of its images have
inconsistent sub-pixel shift [1], [2]. The general strategy that
characterizes SR comprises three major processing steps: LR
image registration or motion estimation, image interpolation and
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HR image reconstruction [3]. The conventional SR methods
convert the SR reconstruction into a fusion problem by super-
resolving an HR image via alignment and registration between a
set of multi frame LR images [4]. Very high accuracy, (i.e.,
precise alignment) is essentially required in the registration (up
to sub-pixel level) to be able to reconstruct the HR image
correctly. The first point is the inconsistent shift between the
Egyptsat-1 bands is transformed into reliable shift by adaptive
interpolation to be correctly aligned with each other on a
common grid. Thus, accurate knowledge of registration
parameters is required for each of the input LR frames. The
second point is to generate the high resolution (HR) image. A
new resolution enhancement technique for digital images has
been proposed in this work using a wavelet-domain based on
(POCS) technique. In principle, multi-frame super-resolution
techniques attempt to seek and combine high frequency
information hidden in a group of low resolution frames, while the
low frequency information contained in the reference frame
should be essentially retained during the SR computation. From
the multi-scale signal processing point of view, the high
frequency information is contained in the wavelet coefficients
which should be extended [5]. On the other hand, the low-
frequency information is contained in the approximation
coefficients which should be preserved. Based on this concept,
we present a wavelet constrained POCS (SWT-POCS) technique.
Instead of performing the POCS in the image domain itself, we
update the wavelet coefficients in the LH, HL, and HH bands
using the neighboring frames of the reference frame while
keeping the low frequency band, the LL band, unchanged
throughout the SR computation. The remainder of the paper is
organized as follows:

Section2 describes the idea of transforming the inconsistent sub-
pixel into reliable shift (image motion estimation). The stationary
wavelet transforms and the principle of POCS super resolution
are explained in section 3 and section 4 respectively. Section 5
describes the idea of the stationary wavelet constrained POCS
super-resolution algorithm. Section 6 focuses on the data
acquisition and the study area. The proposed methodology and
the results are discussed in sections 7 and section 8 respectively.
Section 9 depicted on the evaluation criteria. finally, the
concluding remarks are given in section 10.

2. IMAGE MOTION ESTIMATION

In many super-resolution applications, fast pairwise image
motion estimation and image registration (IR) are sufficient for
estimation and registration the relative shifts between the sets of
low-resolution images. To define motion estimation and IR, it is
the process of covering two or more images of the same scene
taken at different times, from different viewpoints and/or by
different sensors [6]. Explicit motion estimation is a major factor



that affects the performance of the motion-based SR algorithm.
The accuracy of SR algorithms is quite often limited by the
ability to measure motion estimation and registration of low-
resolution images [7][8]. In image motion estimation, the input
images with irregularly spaced pixels need to be correctly
aligned with each other on a common grid. Therefore, accurate
knowledge of motion estimation parameters is required for each
of the input LR frames. Accurate registration of images is the
most fundamental component to high performance image
processing techniques such as multi-frame image fusion, change
detection, and super-resolution [9]. Miss-alignment of the LR
frames will result in the reconstruction of an incorrect HR image.
In fact, we estimate the relative motion estimation of pixels
between the different images with fractional pixel accuracy, and
then we combine together sampling points according to the
estimated motion, to produce a single image plane. For fractional
pixel accuracy, it is required to calculate the rotation between
them to get the correct robust result [2], [10].

Register the observed low-resolution images to one another using
a Frequency domain approach allows us to estimate the
horizontal and vertical shift and the planar rotation separately
from the most important frequencies of images. Given a
reference image f; (X, y). Its shifted and rotated version f, (X, y)
would be represented as follows:

f, X) =f1 (R (X+AX)), 1)
N . _ [Ax _ [cos@ —sin@
with X = [y] AX = [Ay]' R= [sin(Z) cos®

Where Ax the Horizontal shift Ay is the Vertical shift and R is the
rotation angle @. In this case, the images will be measured for
displacement and rotation angle. We followed Bernd Jéhne, and
Steven T. Karris application of the Fourier Transform properties
on our measured images to calculate displacement and rotation
angles [11], [12] as follows:

FZ(U) - ffx fz (X) e—jZT[uTX dx
=[ [ £ (R(X + AX) e712mXgx
J Ik
=ei2mu"aX | J F(RS) e-izmu™X g% )

Which depend on the shifts and is a rotated version of |F; (u)|. It
is therefore possible to estimate the relative rotation angle
between two images of the Egyptsat-1 mismatch bands, then
apply the inverse rotation to the Fourier transform. The phase
shift can be computed from the resulting image and the reference

image [13].

3. STATIONARY WAVELET
TRANSFORMS (SWT)

The wavelet transform has become a popular image
representation in recent years. It is being used increasingly for
the processing of images [10]. It is based on the decomposition
of the image into multiple channels, on the basis of their local
frequency content, each with a different degree of resolution (i.e.
multi-scale and multi-orientation components). The wavelet
representation is an intermediate representation between the
spatial representation and the Fourier. It is commonly
implemented as a cascading series of high-pass and low-pass
filters, based on the mother wavelet, applied sequentially to the
low-pass image of the previous recursion. In practice, three or
four recursions are sufficient. The conventional wavelet
transform uses down-sampling and generates various frequency
sub-bands less than the size of input image, while SWT generates
frequency sub-band images of same resolution as the input LR
image [14], [15]. Wavelet function decomposes an image into
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different sub-band images, namely low-low (LL), low- high
(LH), high-low(HL), and high-high (HH). Another recent
wavelet transforms which has been used in several image
processing applications is stationary wavelet transform (SWT)
[16], [17].

The second step in the proposed method (ie. image
decomposition technique) uses SWT to decompose a low-
resolution image into different sub-bands. and the wavelet
function or "mother wavelet". Mother wavelet (t) undergoes
translation and scaling operations to give self-similar wavelet
families as given by Equation (3).

ya,b(t)= %\u (?) ,(a,beR),a> 0 3)

The wavelet transform decomposes the two images into low-
high, high-low, high-high spatial frequency bands at different
scales and the low-low band at the coarsest scale. The L-L band
contains the average image information whereas the other bands
contain directional information due to spatial orientation. Higher
absolute values of wavelet coefficients in the high bands
correspond to salient features such as edges or lines [18], [19].
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Fig 1. Stationary Wavelet Decomposition of two-dimensional
bands

In Figure.1 Hj and Lj represent high-pass and low-pass filters at
scale j , resulting from interleaved  zero padding of
filters.Band1,2 is the original images and the output of the scale
j. Al,2 denotes the low frequency (LF) estimationl after the
stationary wavelet decomposition, while H1,2 , V1,2 and D1,2
denote the high frequency (HF) detailed information along the
horizontal, vertical and diagonal directions, respectively. These
sub-band images would have the same size as that of original
image because no down- sampling is performed during the
wavelet transformation [20]. In our approach we have used
“Haar” wavelet to perform multi-layer stationary wavelet
decomposition on the input 2D images. Mathematically, the
wavelet decomposition of tow bands can be described by the
following equations.

Ajs1(%y) = Zma LINIL[M]E(x, y); (27 m — x, 21" In —y)  (4)
Hj41(%y) = Zma LINJLIM]f(x, y); (271 m = x, 2110 - y)(5)
Vis1(%y) = Zmn HINJLIM]f(x, y); (21*'m — x, 210 — y)(6)
Dj+1(%,y) = Tmn HINH[mIf(x,y); (27 m — x, 21*1n —y)(7)

SWT offers several advantages. First, each sub-band has the
same size, so it is easier to get the relationship among the sub-
bands. Second, the resolution can be retained since the original
data is not decimated. Also at the same time the wavelet
coefficients contain many redundant information which helps to
distinguish the noise from feature [21]. Using SWT we have
extracted horizontal, vertical and diagonal detail sub-matrices.



4. PROJECTION ONTO CONVEX SET
(POCS)

super-resolution reconstruction process and interpolation are
usually done by projection onto convex set (POCS) [22], [23].
(POCS) uses a priori knowledge about the imaging system in
order to achieve the image restoration. The key to effectively
apply POCS-based algorithms is to define the appropriate sets
and compute the projections onto these sets until some criteria be
achieved [24]. The POCS method giving a solution to the SR
reconstruction problem was proposed in [25], [26], [27] and
extended in [28]. Stark and Oskoui [29] firstly applied the POCS
to super-resolution image reconstruction. Papa [30] proposed
POCS algorithm based on particle swarm optimization (PSO),
which used PSO to obtain the relaxation projection parameter.
Eren [31] popularized Patti's method to the scene of multiple
moving targets. Patti [32] proposed an image acquisition model
of considering a variety of degraded factors including the camera
movement, nonzero aperture time, blur caused by optical
imaging components, sensor noise and any space-time sampling.
Patti [33] presented a discrete image acquisition model and high-
order interpolation method. Ogawa [34] presented POCS
algorithm based on principal component analysis (PCA), which
used PCA to image interpolation. Gho [35] applied POCS to the
magnetic resonance images which utilized the low-pass and high-
pass filter to improve the quality of the reconstructed image.

Let the motion information be provided. Then, a data
consistency constraint set based on the acquisition model
(section-2) can be defined for each pixel within each low
resolution (LR) images. Generally, we first establish a degraded
model to associate lower resolution images and the high-
resolution image. The general model can be expressed as:

ga(%,y,K) = Xmn Q(m, n) h(x,y; m,n) + £(x,y) (8)

where gq(x,y,K) is (LR) image, Q(m, n)is an ideal (HR) image.
h(x,y; m,n)is the point spread function(PSF). £(x,y) represents
the additive noise. The POCS is an iterative algorithm starting
from a given initial estimation to obtain the efficient solution.
Each kind of priori information restricts POCS solution to a
closed convex set can be expressed as:

Cr(m,n,K) = {Q(m.n): [rQ(x,y,K)|

where Cg € R denotes the ith constraint or a priori knowledge on
component Q and C is the number of those sets. Q(m, n) denoted
discrete  high resolution (HR) image. §, represents the
uncertainty that we have in the observation.

r(Q) (Xr Y, K) = gd(X! Y, K) - Zm,n Q(m’ n) h(m’ n;x,y, k) (10)

where the value g4(x,y,K)at each pixel (x, y) is constrained
such that its associated residual It is bounded in magnitude
by §, for the set. Since the bound &, is determined from the
statistics of noise, the ideal image solution is a member of the set
satisfying a certain statistical confidence. The projection of an
arbitrary Q(m, n) onto Cg(m, n, K)is defined by [36].

Pr(%,y, k)[Q(r?,)n)] =
(1D Gy 00— o) (im0
(Q(m, n) + SmnhZ(mn;xy k)

0,— 8, < r'Q(x,y,K) < §, (11)

(rQxy,K)+8o)}h(mmxyk) (g —
Ematimmyi T G ¥ K <=8

< 8o} )

,rQ(x,y,K) > &,

kQ(m, n) +

Additional constraints such as bounded energy, positivity, and
limited support may be utilized to improve the results. A
generally utilized altitude constraint set is
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0,Q(m,n) <0
Q(m,n),0 < Q(m,n) < 255
255,Q(m,n) > 255

PA (X, Y, k) [Q(mr n)] = (12)

with amplitude bounds of 0,255 Let PA be a projection operator
which simply clips the value of the operant so that the resulting
value is between 0 and 255. The estimated SR image is obtained
iteratively from all LR images, by cascading the two previously
defined projection operators PA and PR.

Qi+1(m,n) = Py[Pr(x v, 0[Qi(m,n)]] i=12,.... (13)

5. SWT CONSTRAINED POCS SUPER-
RESOLUTION ALGORITHM

The third step of the proposed method is image reconstruction
with a wavelet constrained POCS (SWT-POCS) technique.
Instead of performing the POCS in the image domain itself, we
update the wavelet coefficients in the A, H, V, and D bands using
the neighboring frames of the reference frame [37]. The
fundamental concept of the SWT- POCS is the interpolation of
different SWT sub-bands [38]. The high frequency information
are hidden in a group of low resolution images adjacent to the
reference image. Based on this concept, we extend the existing
image domain POCS algorithm and used SWT-based algorithm
satisfying the POCS constraints [39].

Let f(x,y), g(x,y) € L2(R2) denote the low-resolution images, it
can be expanded as a sum of an approximation component in the
LL(D) band and three detail components in the LH(H), HL(V),
and HH (D)bands.

f(x,y) = z

klez
+ Zitez Vil WY (6 Y) + ez Din G WY (v y) (14)

where " (x¥), 0¥, (x y)and Y4 (x y)are  the  (k, 1)
translated wavelets at the next coarse scale level that capture
detail information in the horizontal, vertical and diagonal
directions, respectively, and @y ;(x,y)) is the (k, I) translated
coarse scaling function; here the top equation denotes their
corresponding functions used in the reconstruction process. The
approximation and detail wavelet coefficients for (LR) images
are given by

APk (x,y) + Z
klez

Hk,l (Xr Y)lljhk’l (Xr Y)

Aly) = [[ f(xy) By (x y)dxdy (15)
A2y = [ g(xy) Br1(x, y)dxdy

Hly = [[ f(x,y) ‘thk,l(X» y)dxdy (16)
H2 = [ gGy) W | (x y)dxdy

Vi = [[ fxy) ¢ (x, y)dxdy a7
V2 = [[ g y) ¥ (x, y)dxdy

D1y = ff f(x,y) 9, (x, y)dxd

D21 = ff g&y) W4 (x y)dxdy (18)

Then, the defined convex set of low resolution images after
performing stationary wavelet decomposition are given by:

Cwa = {fxy): [ f(xy) Bra(x, y)dxdy = Sca(8xy))}  (19)
Cw = {fGy): [ G y) WP (x, y)dxdy = Scu(g(xy))}  (20)
Cwy = (G y): [ G y) WY, ( y)dxdy = Sey (g y))}  (22)



Cwp = {fx y): [ fx ) WP, (k. y)dxdy = Sep(8(x 1))} (22)

where Cyy a, Cyu, Cw,v and C, p are the convex set of wavelet
coefficient and Sga, Scu,Sc,v and S,p denote an appropriate
scaling of the second frame. The projection of an SWT
coefficient onto Cyy a, Cy u, Cw,y and Cyy p is defined by:

Py alfG6 )] = Ziciez Sca(8C6 ) Dii () (23)
PuulfC6 )] = Ttz Sen (G )W (6 y) (24)
Py v[f( 3)] = Ziciez Sev (8 )WY, (5. ¥) (25)
Py,p[f(% )] = Ziciez Se.o (8 WPy (%) (26)

6. EGYPTSAT-1 DATA ACQUISITION

AND STUDY AREA

The Egyptian satellite (Egyptsat-1) is the first earth observation
satellite to Egypt. It was launched in April 2007, based on micro-
satellite technology. The satellite is intended to image certain
areas of ground and transmit its images to the ground data
receiving station. The satellite consists of four payload
subsystems; Multiband Earth Imager (MBEI), Middle IR Earth
Imager (MIREI), Store and forward communication and
command and data handling, Besides the extend observation
capabilities (+/-35 degree) off-nadir cross-track pointing. It
provided imaging in each of the modes Panchromatic (PAN),
Multispectral (MS) and Infrared (IR). The characteristic of
Egyptsat-1 data are as follows, according to A. Kolokolov et al
[40]; the spatial resolutions of the MS and the PAN bands are 7.8
meters. The spatial resolution of the Mid-Infrared band is 39.5
meter [9], and the spectral resolutions are as shown in following
Table (1).

Table .1 The Spectral resolutions of the Egyptsat-1 Data

Bands Description Wavelength (um)
Band1l Green 0.51-0.59
Band2 Red 0.61-0.68
Band3 Near Infrared 0.80-0.89
Band4 Panchromatic 0.50-0.89
Band5 Mid Infrared 1.10-1.70

Due to malfunctioning of Egyptsat-1sensor, there is an irregular
shift between band 1 and band 2 in some parts of its images. We
are going to use this shift for the production of the super
resolution image.

The study area is located in the North-East part of Cairo. Subsets
of bands 1 and 2 of the Egyptsat-1 image covering this area and
acquired on 31/5/2010 has been used in conducting our research,
as shown in figure.2.

(a) Band.1
Fig 2. Egyptsat-1 Bands of the study area

(b) Band.2
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7. METHODOLOGY

Stepl: In this step, we transform the inconsistent sub-pixel shift
into a consistent one for efficiently registering a set of LR images
(Egyptsat-1 bands). It has been reported that band 1 and band 2
are misaligned, producing unregistered separate bands. The shift
between these two bands is not constant along the whole image.
In order to overcome the inconsistency of the sub-pixel shift
through the LR bands. The main steps can be summarized as
follows:

= Divide the input LR bands into small patches, T blocks of
size M x M.

=  Construct an error surface between these two bands by
computing the shift in x, y directions for each block.

= Use joint frequency distribution analysis to determine an
optimal x and y shift in order to maximize reconstruction
accuracy while minimizing the overall shift error.

= Project one of the input LR bands into an empty grid shifted
by delta x, y derived from the previous step.

Step2: Perform motion estimation (Ay,A, and 0 rotation)
between the two bands using the method in [section_2]

Step3: Define set Cr(m, n, k) according to Eq. (9), for each pixel
site (m, n, k) where the motion information has been estimated.

Step4: Compute the blur h(m,n;x,y,k) for
(m, n, k)based on the set Cg(m, n, k) ;

every site

Step5: Compute the residual r(.) according to Eq. (10);

Step6: Back-project the residual r(.) using the projection
Pr(m, n, k) in Eq. (11);

Step7: The input LR images are decomposed using one level
SWT (with bio-orthogonal) into different sub-bands. Three high
frequency sub-bands contain horizontal, vertical and diagonal
details of images.

Step8: Perform wavelet projection Pw using from Eq. (23) to Eq.
(26);

Step9: Perform the amplitude projection PA using Eq. (12) for all
wavelet sub-bands;

Step10: Finally, Reconstruct the SR output image using the
inverse decomposition process (ISWT) to achieve a high-
resolution output image after applying high pass filter, as
explained in figure .3.
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SR Image

Fig 3. Block diagram of constructing a SR image of Egyptsat-
1

8. RESULTS AND DISCUSSIONS

Applying step_1 yield LR band 2 with constant shift (0.3142, -
0.5033 pixel and rotation -0.1) with respect to band 1. Figure.4
depicts the consistent sub-pixel shift.

To reconstruct a SR image (i.e. generate a single 4-meter pixel
image from the previous two subsets 7.8-meter pixel bands),
MATLAB implementations have been used. We applied the
stationary wavelet decomposition algorithm to overcome the
limitation of the orthogonal separable wavelet transform and
used the projection onto convex set to perform the fusion
between the wavelet coefficients. then, we reconstructed the SR
output image using the inverse decomposition process(ISWT).
The most detailed scale information of the image is located in the
first wavelet planes; therefore, those are the fused(SWT-POCS)
planes from the LR bands included in the resulting coefficient
bands. Figure 5 shows the output of POCS of SWT coefficient
(A, H, V and D). The high pass filter(HPF) used to improve the
reconstructed SR images as shown in figure.6.

Egyptsat-1(Band1,2)

— deltaX
—detay |

Shift Value

X XX bz 0

N-Pixels

Fig 4. The Consistent Sub-Pixel Shifts of Egyptsat-1
(bands1,2)
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(b)

(©) (d)
Fig 5. The output of the projection onto convex set Stationary
wavelet coefficient ((a)Approximation;(b) Horizontal, ;(c)

3‘&‘_;‘ y ". . ll_ : ; t’..*t ' e
Fig 6. The high pass filter (HPF) of the SR reconstructed
9. EVALUATION CRITERIA

Currently, by visual comparison of the original LR images and
the reconstructed SR output, it is easy to see that the spatial
resolution of the SR image is clearly better than the original ones
(i.e., increased). Thus, the proposed methodology and the used
algorithms produce a significant improvement. Visually the SR
image contains more information than the original bands. Objects
as different as streets, buildings and green areas are clearly better
shaped and/or recovered.

Besides the evident improvements shown in figure 6, we were
also interested in an objective evaluation of the results.
Therefore, we have used seven quantitative measures:

9.1 PEAK SIGNAL TO NOISE RATIO
(PSNR)

PSNR is the ratio between the maximum possible power of a
signal and the power of corrupting noise that affects the fidelity
of its representation [41]. The PSNR measure is given by:



255v3MN

J MSN L BYG ) — BG, i)

PSNR(db) = 20log

where B the perfect image,B’ the SR image to be assessed, i pixel
row index, j pixel column index, M, N No. of row and column.

9.2 RMSE

RMSE has been widely used in the evaluation of image quality,
and it is defined as

1 M N 2
RMSE = WZ Z[]R(i:j) = Ig(i,)]?
i=1 j=1
where I the perfect image, Iz the SR image to be

assessed, i pixel row index, j pixel column index, M, N No. of
row and column.

9.3 Entropy
Information entropy is an important indicator of the evaluation of
images, and it is defined as:

1-1
H=- Z PilogZPi
i=0

where P, is the probability of the pixel value i. Higher entropy
indicates more information in the evaluated images.

9.4 Mutual Information(Ml)
The mutual information MIyr Iap reflects the statistical
dependence of two random variables as it measures the similarity
of image intensity distribution between the source image A and
the SR image F. It is obtained as follows:

Par(a, f)

MIAF = Z PAF(a' f) log PA(a)PF(f)
af

Where Pap is the jointly normalized histogram of A and F.
Ppand Pg are the normalized histogram of A and F. a, f represents
the pixel value of the image A and F, respectively.

9.5 Objective Fusion Measure

The metric Q4B/Fevaluates the amount of high frequency
information transferred from the source images into the SR
image. QAB/Fis defined as follows:

N1 ZM_1(QAF (n,m)WA (n,m)+QBF (n,m)WE (n,m))
TN M (WA(n,m)+WB(n,m))

Where QAF(n,m) = Q4% (n, m)Q4F (n, m)

QAB/F =

QgF(n,m) and Q4" (n,m) are the edge strength and orientation
preservation values respectively; n, m represents the pixel
location; and N, M are the size of the images respectively. QBF(n,
m) is similar to QAF(n, m).WA(n,m), WB (n, m) reflect the
importance of QAF(n, m) and QBF(n, m), respectively. The
dynamic range of Q#B/F is [0 1], and it should be as close to 1 as
possible [42].

9.6 Average pixel intensity (API)

Average pixel intensity (API) measures an index of contrast and
is given by:

PREEPIEE ((H)]

m.n

API =

where f(i,j)is pixel intensity at(i,j) and m.n is the size of the
image.
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9.7 Standard Deviation (SD)

Standard deviation (SD) is the square root of the variance, which
reflects the spread in data and is given by:

. J S (L) — F)?

m.n

where f(i,j)is pixel intensity at(i,j) and m.n is the size of the
image. F~ is the mean of the image pixels.

In order to validate the proposed methodology, its performance
was further quantitatively evaluated with some implemented
commonly used SR methods in terms of all the previous
quantitative measures. The implemented SR methods are;
Iterative-Interpolation [43], Projection onto Convex Sets (POCS)
[44], Iterated Back Projection [45], and Robust [46]. Their results
are shown in figure 7 by zooming in subsections. the quantitative
measures are calculated between the LR bands and the
implemented SR methods to assess the amount of the
information transferred, as shown in Table 2. Comparing the
results, it is obvious that the proposed methodology has better
values than all of the other methods. This indicates that the
reconstructed SR image is strongly correlated with the source
bands, confirms that the proposed methodology performs well in
reconstructing the SR image, and proves that the objective
evaluation results match with the visual effect significantly

®)

Fig 7. Subsections of the SR images of the study area using
different implemented SR methods; (a) Iterative-
Interpolation, (b) POCS without WT, (c) Robust, (d)
Normalized Convolution, (e) Iterated Back Projection, and
(f) The Proposed Method
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Table 2. The Results of Applying the Different Quantitative
Measures on the Implemented SR Methods

PSNR | RMSE | ENTROPY| Ml | Q“B/F API SD
(@ | 37.73 | 29.172 5.11 256 | 0.719 | 82.46 | 11.957
(b) | 51.72 | 13.041 5.12 230 | 0.722 | 84.77 | 11.232
(c) | 50.58 | 13.919 5.099 2.38 | 0.544 | 8443 | 8921
(d) | 51.73 | 13.035 5.48 2.64 | 0.403 | 87.36 | 19.894
(e) | 52.87 | 12.20 5.56 271 | 0.611 | 102.7 | 18.046
(f) | 57.13 | 11.077 | 58331 | 292 | 0.825 | 1052 | 21.8

10. CONCLUSIONS

Precise registration of images is the most important and
challenging aspect of multi-frame image super-resolution (SR).
In this paper, a proposed methodology that transforms the
inconsistent sub-pixel shift of some Egyptsat-1 images to a
reliable one to reconstruct a SR image. We demonstrate how this
efficient methodology provides substantial accuracy. A SR
reconstruction method based on the multi-resolution (POCS -
SWT) decomposition SR was used. A core of the stationary
wavelet decomposition algorithm and the Projection onto
Convex Set techniques has been conducted. This paper aimed at
recognition of objects with sizes approaching its limiting spatial
resolution scale. For an objective evaluation of the proposed
methodology, its performance was compared, in terms of
different quantitative measures, with some implemented
commonly used SR methods to verify its usefulness and
effectiveness. The results of the implemented methods have
shown that the proposed methodology yield better values
compared to all of the other implemented ones. Therefore, this
research demonstrates that the proposed methodology provides
significant improvements in the SR results.
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