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Abstract \/’

This paper proposes a new method of efficient image reconstruction on the
Modified Frame Reconstruction Iterative Thresholding Algorithm (MFR, 1 veloped
under the compressed sensing (CS) domain by using to Iq%zﬁion ithm. The new
framework is consisted of three phases. Firstly, the i Nﬂ

(DWT) method. Secondly, the measurements are o d from sgreoefficient by using
the proposed fusion method to achieve the balance Tesolution oithe pixels. Finally, the

fast CS method based on the MFR ITA is ed tw@truct the high resolution
r'results on'¥%eal images, and demonstrate

image. The proposed method achieved
and@values. Furthermore, achieved

gs are essed by the
multilook processing with their sparse coefficient the Di creﬁwavelet Transform

gualitative improvements in terms of d
good reconstruction SNR in the pres nois

Keywords: Compressed&gﬁ, Im Reconstruction, Multilook, MFRITA,
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1. Introduction, @ \
High Resoluti ge is x@de to be a major component in digital imaging, and
" ontrast_and W€tter resolution remain a critical issues. Therefore to
overcome u@ oblem \@ methods have been proposed. In general a possible way to

achieve thisgoal is b ng image fusion methods. If we considering about image
compression metho in image processing, the new techniques which embark the

n method has been used based on the compressed sensing (CS) method [4-6],
od cannot recover the image. The same idea has applied by using the fused
%rement through maximum selection (MS) [7]. Lately the CS has been most valuable
method that can recovers the signals which are sparse or compressible based on some
linear measurement matrix other than the traditional Nyquist method. The CS has been
used to achieve exact signal reconstruction while sampling a signal at low sampling rate,
and it was much smaller than the traditional Nyquist theorem [4].

Recently the new methodology using the dual pulse coupled neural network (DPCCN),
using multi focus scheme based on the CS concept has been incorporated into the fusion
measurement by defining weighting factor produced good efficiency of reconstruction of
image, but it has required large space and processing time to get this conversion [6]. Several
methods fused the measurement of the sparse signal and then processed based on the CS,
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this method was required long computational processing time [8]. Many traditional image
reconstruction algorithms based on the fusion method to reconstruct an image have been
applied to section of the images recently. These methods included the pyramid based
method and discrete wavelet transforms [9-10] etc. In practice the DWT methodology is the
robust method than the pyramid method, but there is some disadvantages if we applied the
DWT method directly, it would not provide the optimal solution such as, reduced the
brightness, contrast and noise.

In this paper, we proposes an image reconstruction by using the CS based on the
modified frame reconstruction iterative thresholding algorithm (MFR ITA). The input
images are process by using multi look processing to minimize the noise present in image
prior to discretize by the DWT to achieve the better contrast of the image, then the
measurement are obtained by defining measurement matrix and fused by proposed
method to recover the sparse coefficients from the fused measurements. The last

contribution of this paper lies by applying measurement in the CS domain based omMFRe
ITA by updating and thresholding to achieve the optimum solution of the re f
riation

sparse signal, and to reconstruct the high resolution image by applying the

(TV). The simulation results have shown good improvements by comparin V%\
values of proposed method with other traditional metho qg%efy as,@
addition, the proposed method achieved better SNR v, in) they pres
comparing with the iterative hard thresholding (IH V

L
st signﬁiga issue which is associated

d SSIM
in TV. In
of noise by

2. Problem Formulation and Modeli%
As illustrated in the introduction secth 0

with HR imaging for reconstruction resol image is poor contrast and,
blurriness at output when the reso of i iMage is low. The structure of the
proposed method is shown in Fig Kin the fo lock diagram to clarify the above
statement. This method consi s@’threg sampling of image, then measurement
approximations and finally 1 recon QQ . Firstly, the input image X; is divided
inton X n segments. Themythese se X%(ﬁre processed by the look formation and its
output is sampled by, remen 9&“ [6] with the size of M X N, and assuming

that M < N. Sec the sampleg\result is fused to construct Y by using the fusion
scheme under nm ent w@ . Binally, this complete measurements Y is processed

by MFR ITA=Qacltieve high reSolution image by defining the updating and thresolding
under CS d @1 : e

<
o~

Q)O
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Figure 1. Problem Form@on BIoc@kram

2.1. Multilook and Compressed Sens
Compressed sensing has shown t§ spar pressible can be done by using

low rate acquisition process [ 1 multllo ocessing is widely used to reduce
speckle method in the imag and%SAR imaging [12], and it is summing of
the input images such as sub

[Y]= \Q "

where the matri nds fo t images, [Y] is output image, and [4] is the
sampllng c matri h measurement
Sample ts neec@E ert into the complete measurement based on fusion

*

method. The propose reconstruction based on the CS with one dimensional length
finite length S|gnal can be expressed as vector forms.

Xi = Ci ¢; 2
X = Z& T co; 3)

@i is expressed the orthonormal basis matrix and ¢; is the sparse coefficients.
e input image X is with K sparse representation, K < N. We define that Y € R™ is
the measurement and & is the MxN sampling matrix then,

yi = 0ix;
(4)

Y=Y,y =35, 0% = X1 (0:ic)o;
(5)

The matrix form can be expressed as,
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(6)

where the matrix [@)] size is MXN.

The measurement process is not adaptive, it means that if 6, is fixed and it does not
depend on the reconstructed signal x;. When M < N, recovering X from the measurement
Y becomes the linear problem [13-14], yet the original signal is reconstructed it can be
recovered perfectly by using optimization procedures.

2.2. Modified Frame Reconstruction (MFR ITA)

The iterative threshold is very simple iterative procedure with some general definition.
For a signal x;, the iterative of the starting signal can be expressed as follows [15-16],
x)=0
=H (b{") *

Xi
where H is the nonlinear operator that set the largest we adopt MFR IT@\E ology,

which is the frame reconstruction algorithm and is dependent ®n the stegs b1 s
a variable determined by signal, and residual and thresholdivg.

The MFR ITA has shown great modifications be increases“\Qf gonvergence and
success rate to recover the original sparse signal to @ the ge nition. It involved
in two steps, update and thresholding respectivelg. iteratio'&se to extract the useful

information from residual and thresholding uppress @alias effect and gives the
sparsity of the signal.

bt = x' + 16 (y; — 0:x7") &6 s\\@ ®

where y; is the vector of th ment . is the measurement matrix parameters
which controls the rate of con enc iteration, as we need to recover the sparse
signal.

The MFR ITA alg s very nt and simple method which provides intuitive
solution and it |s n the 0 6; in each iteration. Eq. (8) is the updating form,
variable b"+1 updatm a eter of each frame, we introduce an adjustable

factor y; = +b) and b are the image frame bounds for s sparse vectors. So
from (7), th rse ve%wn be recovered.
xn+1 bn+1 %n + p-leT(YL eixln)]
9)

Eg. (9) i thresholding form in each step of frame based on it"iteration and it selects
the larg he magnitudes and preserves all components.

@mage Reconstruction
age reconstruction plays a very vital role in biomedical imaging, digital image

processing and many others applications. Compressed Sensing (CS) is an efficient method
which is fast and highly reliable recovery algorithm [4]. In this section, we discussed the
image fusion based on the CS concept.

3.1. Compressive Image Fusion

In past, the wavelet based method is used as an effective fusion way for fusion images
there were still some problems exist because the using of the high and low frequency have
quite different in certain aspects. In the CS domain, it only needs to consider compressive
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measurement [4]. The fusion scheme have maximum of absolute values (MAV) which is
used widely in the wavelet domain and the standard deviation (SD) of the measurement
sampling in the CS domain is used to balance the contrast and minimizes the blurriness
of the output image [17]. The SD is commonly method is used to evaluate the amount
information contained in the different form of the signal and the SD of the image pixel
information is given by below under the CS domain.

O \/nxnz X720 (xij — x)

(10)
n-1 n
nxnz x”
(11)
where x;; is the pixel in i*" and j** column of nxn image x;. .
We introduced the weighting fusion based on the SD measurement of inp S.
The larger the SD has contained more useful information and dlspersed Ctis

needed to convert the standard deviation to the fused measurement, sup the fuse
measurement, it can be written as follow, % Q

Y= W1Y1 + W2Y2 O (12)

1 o2

W1= 536,27 50 Q
1+02 1+02 0%
\ (13)

where w; and w, are the weighting f \ WhIQ key factors for the fusing the
measurement. Once the measuremer& Obtal&o can be applied in the CS based on
the MFR ITA, we determine the e and thr ding for the recovery of the sparse
signal and then using the miﬂ& otal @n TV (Min-TV) algorithm to reconstruct
the Images.

3.2. Image Reconstr&/la T@latlon

een successfully reduced the image noise and blur
ge T@ od has improved the contrast and the brightness of the

> utilized the CS based on the MFR ITA to reconstruct the
images. The &stimation ; from the measurement y; is the ill posed problem, the original
signal need to be re hich satisfy the follow relation,
ly: — illlIZ = 116;x; — min|lx|III* < Bllx;||?
(14)

E\@*Me optimization problem, where S is assumed to represent the coefficient of

regularization factor. In past the sparse orthogonal decomposition (OMP)

I method was used. In general the image can be reconstructed by taking the

@. orthonormal transform of (4), but the non-linearity problem is arisen when the

transformation is taken. Therefore, these approach is not synchronizes with measurement

matrices. The proposed overcome this problem by recover the sparse signal using the
MFR ITA method.

In order to estimates x; from y; (14), the optimization of regularization factor B is
responsible for the reconstruct the sparse signal in the form of the imaging, the L,
regularization theory is used [12] and the problem persist of the sparsity has been
resolved,
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xi = Yo I =~ I
(15)

where j is the number of looks, we need to convert the signal into the two-dimensional
(2D) image based on the gradient of the sparsity of the signal (15), which is the multilook
processing of the linear problem formulation of recover the sparse signal, and it is used to
suppress the speckle effect arises when perform the threshold.

The Min-TV method is used for the image reconstruction [4], which subjects to the
follow condition,

yi = 0;x;, Min TV (x;)
(16)

It needs to analyze the performance of the recovery of the CS based in the images and
evaluate the peak signal to the noise ratio (PNSR) of the proposed method based

MFR ITA. ?\
4. Modified Frame Reconstruction ITA Error Analysis 0

The MFR ITA is very simple and efficient meth %doe n%@wres matrix
inversion at any of point and gives the S|gn|f|can [15 L is the solution
of the iteration at time t and the initial x(© to the ector IS no unique set, a
set can be either selected randomly or based on redetining orderiag s, which is proved as

the convergence [16]. The reconstruction e f the 4\& TA at iteration time t is
bounded as follow.

[ =" < 27K K& «g\@
(17)
Assume x5 as a best spar;eﬁa& matip e x term, whereas 6 is constant with all
sparse s vector x and e is th rvati f the sparse signal. Now considering the
noise is occurred in the r structlon eSsing in the measurement matrix.

Vi = 9ix'\\ oite % 8)

no.se denotes the sampling vector containing noise in

It is introduced t darles T = supp (x;) andT™ = supp (x*), the boundary of
the sparse vector i by B® = T U T™. Now considering the error from the threshold
value, ||xf — x! @\ let assume x; = x, now x; needs to be sparse, then it is easily to
use the triangle Mequality to obtain the inequality for x7,

@ 1] < s — b7+ gt — 5

(19)
@he bounding||x** — b*1||?, because x™*1 is the thresholding form of b™+1, it
achitves the best s sparse signal approximation x7, thus x/*** is closest to b™ than x;.
e ] R

(20)
The iterations error for n+1 bounded is given by,

it =3 < 2flcgus — b1
(21)

When the signal is measured, it is corrupted by the noise, so (8) can be expanded as
follow,
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bL?H-l = xgn"'l + U anﬂ [eixi - (eix? + Nnoise)]

(22)
The error of bounding estimation is satisfied as,
x5 — x|
< 2||x§n+1 - xgn+1 - ,ul-HgnHri”Hi - “ieg”"'anoise”Z
< 2|0, = wOnear O]l + (I8 m1 Nooise |
< 2||x§n+1 — xBn+1 — ,ul-HgnHri”Hi — “ieg”"'anoise”Z
= 2”(1 - #iggn+193n+1)‘r';ln+1”2
2
+2u {||9£n+193"\3"+1rgn\3n+1 + ”9173:"+1Nnoise||2 } ’
(23)

where r* = x; — x]'. Repeated the step of the triangle inequality @ dual is
separated into two parts, andr™* = 174 + Tgnenypn IQ%B"\B disjoint
representation of B**1 and B™ U B"*1, then it WI|| tra

|B"UB™| = |TUT"UT™!| <s+ 2
(24)

Each set T™ has maximum § entries and stmg tﬁ propertles of isometric
constant Lemma [13] d8.,,5 > 6, and we that
N 26@& 5& ||\
(25)
As we know that ry d rgn, gnid s of disjoints, Now assume that m,n € R™
be an orthogonal vec b it turned and the estimation error at iterations n + 1 is

bounding by, %
” n+1|® s+25” +.ui

+Hi

Y
Eqg. (26) is a recursive e@bound assume p = /86,5 and at initial point x; = 0.
I 1? < 2+ Zn=op"
(27)

Faster%%ergence of algorithm p = v/868,,,s < 1 and the limitation for better stable
h less than 1, which is yielding the sufficient conditions. The recovery of

system Q
IG conditions for stable recovery of the sparse signal 8; < — and it is the
mg

\/_
er required condition, as we consider &,,,5 > 85 having RIP of smaller order it

ns that 6; measurement matrix requires fewer rows to fulfill conditions.

5. Simulation Results

To analyze the performance behavior of CS based on the MFR ITA recovery method
on the image, the image has been treated as vectorization into a n? x 1 column vector, the
measurement is Y € RM and the dimension of the measurement matrix is 6. In Figure
2(a)-(c) shows the image restoration results illustrating the PNSRs with different methods.
It is found that the result of the Min TV (MFR ITA) has achieved good PNSR as
compared to the OMP and the Min TV method. For 50 iterations, the PNSR is better and

Copyright © 2016 SERSC 169



International Journal of Hybrid Information Technology
Vol. 9, No.12 (2016)

the MFR ITA method has good results comparatively with others methods as increasing
to 100 and 200 iterations of the MFR ITA, the PNSR is shown good result and achieved
better reconstruction of image. The graphical representation shows better enhancement of
images that can get by taking more measurements, but the objectives is to recover the
better quality images by using the proposed MFR ITA method.
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Figure 2. S Comparison with Different Iterations for Different
Iterations, (a) 200, (b) 100, (c) 50

In thi ~we performed the simulation on the four test images such as (cameraman,
lena, s, and boat) with the image size of 256x256 to demonstrate the visual effect
iency of the proposed method based on MFR ITA with different iterations. In
%e 3 the results of reconstructions of the Min-TV (MFR ITA) has shown, when
peMormed the 50 iterations performed, it recovered the most part of the image but with
less resolution, contrast and blurriness present, as it increases the iterations to 100. The
good quality image is achieved but still there is still some blurriness and blurred artifacts
with less contrast and brightness. In Figure 3(d) after 200 iterations, it is clearly
demonstrated it achieves better resolution reconstructed image with good contrast image
and outperforms several methods in terms of visual comparison, resolution. Furthermore,
the quality of image is better as we increase the number of iterations thus, achieved the
good PNSR.
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Figure 4 shows t parlsons&, e SSIM values with different scheme by
implementing on o image meraman, Lena, Peppers, and Boat). The objective

assessment in te SSI esydemonstrated that the proposed method achieved
good reco quali age based on different iterations, and outperforms
several co t meth&
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Figure 4. SSIM Comparison of Proposed Method

The Figure 5 is plotted the curves between SNR (dB) with number of samples (Log,).
The performance of MFR ITA in the presence of noise model, we evaluate behavior of
MFR ITA as the numbers of measurement varies for different levels of signals. In this
case the number measurement is varied from 8 to 1024, as measurement increases we can
recovers the signal. The noise model of as we defined earlier is n =0.5, 1 and 2
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respectively. The MFR ITA yield enhanced reconstruction from few less samples, but in
case of n = 0.5 more samples are required to achieved the fair and better reconstruction. If
we compare MFR ITA with IHT atn= 1 and 2 it means that MFR ITA required less
measurements for fixed sparse signal, thus we achieved good SNRs atn= 1 and 2 by
using the proposed method.
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Figure 5. Performance of MFR ITA in te@\%No's% es
6. Conclusion \

*
In this paper, we proposed a new meth construc@gh resolution image based
on CS with MFR ITA technique. Firstl &rod cme usion technique based on SD
measurement to fuse the image in C in to \ e balance resolution of pixel of
the reconstructed image. Finally ied Min—& ptimization to reconstruct the high
resolution images based on & ITA, %Slmulation results and SSIM values
demonstrated that MFR ITA yiell a bette truction of image. The image resolution
and quality increases as increases er of iterations and achieved better PNSR
and SSIM values co ith other petent methods. Furthermore, to validate the

performance of sed d, we have done the reconstruction SNR in the
presence of nois and cO@e with the traditional IHT method. It can be seen that
d

the proposeg=method achi ter recovery of signal and good SNR, while the IHT

suspected @ oise ae % to be unsatisfactory reconstruction.
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