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Noise Reduction using
Adaptive Singular Value Decomposition

Somkait Udomhunsakul

Abstract— Noise reduction is one of the most essentiahnd color images [5]. In 2005, an algorithm was developed for
processes for image processing. The goal of the noise reductionintage noise removal based on local adaptive window
how to remove noise while keeping the important image features gige/shape filtering. It can be applied to several problems,
much as possible. In this paper, a novel method to remove additiyg,ding image restoration and visual correspondence [6]. In

noise from digital image, based on the combination of Gaussian ﬁltgadition there had been considerably interest in using the
and the singular value decomposition, is proposed. Firstly, Gauss, '

filter is used to classify noisy image into two parts, which are its leavelet Trans_form as a powerful tephmque for recovering
and noisy edge images. Next, the noise on noisy edge ima@ggnal from noisy data. This method is commonly referred to

obtained from the difference between the original noisy image and # Wavelet Shrinkage technique. In 1995, a soft thresholding
blur image, is reduced by using an adaptive block-based singufaf denoising in 1-D signal was proposed [7]. S. Chang, B. Yu
value decomposition filtering (BSVD). Finally, the reconstructiorand M. Vetterli introduced an adaptive Wavelet thresholding
images are obtained from combining between noisy edge imager image denoising and compression [8]. They proposed a
filtered by an adaptive BSVD filtering, and its original blur imagenew Shringkage method, BaeyShrink, which outperformed
From the experiments, the objective and subjective measuremeflS,oho and Johnstone’s Sureshrink. However, Wavelet

prove that the proposed approach compared with traditiona"aenoising method has two main drawbacks [9], which are the

methods can suppress noise, preserve the significant image features. e
as well as effectively smooth in the homogeneous area. Therefore,#_u]@'ce of the threshold and the specific distributions of the

proposed method leads to a practical method to be used for nop@nal and noise may not be well matched at different scales.

reduction. Moreover, Singular Value Decomposition (SVD) is a
technique that can be used for noise reduction. In 1997, noise

Keywords— Denoising, Noise reduction, Block based SVD estimation and filtering technique using block-based singular

Filtering, Gaussian noise, Gaussian Filter value decomposition filtering (BSVD) was introduced [10,11].

In this technique, the noising image is divided into each 8x8
block size in order to consume quite less computation time.
This method was proven to be outperformed soft thresholding.
EMOVING, noise from a signal is an essential issue iRlowever, this method can perform well to preserve image
the field of digital image processing. In general, wheadge but fail to smooth in the homogeneous region [12].
filtering random noise from a noisy image, there are two main |n this research study, a noise reduction technique based
issues of noise reduction that need to be considered, which arethe combination of Gaussian Filter and BSVD filtering is
how much noise had been removed and how well edges preposed. The goal of this research study is to present an
preservedHence, the difficult problem of this issue is how taadaptive BSVD filtering for noise reduction. The proposed
get rid of noise without losing important signal. Nowadaysapproach, instead of applying BSVD filter on the noisy image
there are several simple techniques for noise suppression sgigbctly, applies BSVD filtering on the noisy edge image
as Moving average filter and Gaussian filter. However, theybtained from the difference of the original noisy image and its
can effectively suppress noise but fail to preserve many usefillir image. The Gaussian filter is applied to original noisy
details, being merely a low pass filter [This leads to search image to get its blur image. Finally, the reconstructed image is
for nonlinear filtering alternatives. obtained from the combination between noisy edge image,
In the past decades, there were some researchers introdyitedted by an adaptive BSVD filtering, and its original blur
an adaptive filter to remove Gaussian noise [2-3] and impulfBage. From the experiments, the proposed approach
noise. For instance a new algorithm using the combination @mpared with traditionally methods can suppress noise,
fuzzy logic and unsymmetric trimmed median filter wagreserve the significant image features as well as effectively
introduced to remove the impulse noise [4]. Other alternativesmooth in the homogeneous area.
a combination of the applied kFill algorithm and the median  The paper is organized as follows. Section 2 provides the
filter were used to remove impulse noise in binary, gray scalémplementation strategies. In section 3, the methodology of
proposed approach is provided. Section 4 gives some

Manuscript received Oct 15, 2012. experimental results to demonstrate the effectiveness of the
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[I. IMPLEMENTATION STRATEGIES C. Singular Value Decomposition

In the theory of singular value decomposition (SVD), every

A Géussa.m F|I.ter , matrix A of mxn size (M>n) can be decomposed into a
Gaussian filter is a class of low-pass filter based on the

Gaussian probability distribution function [1]. Its coefficients,prOdUCt of three matrices,

can be written as this following equation, N

A=USV' =) sov; )

i=1

2
e % @ where U and V are orthogonal matrices with column vectors

2r0’ U andV,and S=diag(s,s,,...,S, ), which is a diagonal

F(xy)=

matrix. The diagonal elements db can be arranged in a
where (X, Y) is the position on mask of Gaussian filter and descending order called the singular values of A and [10],

o, isthe standard deviation of Gaussian filter.

¢ §>S,>...>5, (3)

B. Effect of Gaussian Filter To apply this transformation for noise reduction process, any

Noise reduction using Gaussian filter is one of the simpldgtage is considered as a matAxand decomposed into three
ways to remove noise from signals. However, because thigtricesU,S and V . The matrix S consists of singular

filter is a kind of low pass filters, the signals on low frequencyalue on diagonal line by ordering from maximum value, on
were preserved where as all of the high frequency signals wesg-top corner, to minimum values, on right-bottom corner of
cut off. The recovered image from this filter d6f|n|t6|y |OSE[he matrix. Energy of signa| is Compressed on |arge singu]ar
information on high frequency signals, which are detail afalues. The idea of this scheme is to preserve only singular
image edges. As a result, the recovered image will lack @4jues of signal and eliminate the rest of its, which can be
sharpness. Therefore, blurring effect is one of the significagésumed as noise. However, the time consumption is needed to
problems of this schemés can be seen from figure 1, thecarefully consider because the larger size of original matrix,
result of recovered image is smooth, Fig. 1 (c), but quite bltie much more computation time to process. Furthermore, the
because a lot of noise and image edges are discardedefiitiency to reduce noise is depended on the block size
Gaussian filter, Fig. 1 (d). chosen. This causes lead to an idea to separate the whole
image into sub-block before performing, this algorithm known
as BSVD filtering [10, 11].

D. Effect of Sngular Value Decomposition

For Block-based SVD filtering, noisy image is divided into
sub-block images and then each sub-block image is
transformed to singular value domain. Then each singular
value is thresholded by hard-thresholding to eliminate singular
value that is less than threshold value and remain singular
value that is higher than it. As can be seen from figure 2,
recovered image from BSVD filtering is looked not smooth in
the homogeneous area. It can be shown that this method
cannot preserve the good quality of image in term of
smoothness.

(d)

Fig. 1, Recovered image using Gaussian filter
(a) Original image (b) Noisy image (c) Recovered image
using Gaussian filter and (d) Discarded image ] (@) ) ) (b) ]
Fig. 2, Recovered image using BSVD filter

(a) Original image (b) Zoom recovered image
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lll. METHODOLOGY m n 2

The proposed method was designed by using the Zzan )
combination of Gaussian and BSVD filters. The advantage of o 2= aty, =0
each method are combined in order to get the best performance A mxn A
of noise reduction in terms of keeping detail and reducing
noise on smooth area as shown in figure 3. In contrast to apply I (8)
BSVD on the noisy image directly [10], the proposed mx I‘l><6n2 = 252
algorithm applies BSVD on the noisy edge image obtained i=1

from the difference between the original noisy image and its

blur image. Finally, the reconstructed image is performed Ifyom equation (8), it can be concluded that

the combination of the BSVD noise reduction image result

with its blgr image. However, in order to get the best Slgﬁgn (9)
recovered images, a few parameters should be carefully

considered. Those are thresholding value function, optimal

variance of Guassian and suitable block size. In equation (9), it is shown that ever§ of noise is less

thamy/MNo,,. So, we propose to remain all &f that higher
A. Thresholding

BSVD filtering was proposed and proved that it caH1an VMo, and cut off all of§ that lower thas/MNo,.

effectively suppress noise while preserving edge details [10jhe hard-thresholding function (HBSVD) is adopted for
However, the selection of the threshold value is directiireshold process, which is shown in equation (10), to cut off
influenced to how much of noise can be removed. Thereforg, of noise.
the optimum threshold value is derived as shown below. From
equation (2), it can be spread into

HBSVD 0 =T
S) = 10
A=s0V.+sOy%+...+SOV ) s s J9>T (10)
wherel is the rank of matrixA. Where
m n |
2 2 2 T =+ Mo (11)
A =28 =3s ® “
i=1 j=1 i=1
To estimater, , the median of absolute difference (MAD) is
used, [7]
where A is the additive zeros mean Gaussian noise of image
with o, , which can be derived this equation into . MAD Median(|x— Median(x)|)
o= = (12)
) 0.6745 0.6745
m
ZZ(aij _:UA) The noise variance on the noisy edge image can be expressed
2 i<l j=1
O‘n = (6) as,
mxn
o, =kxo, (13)

Gaussian _T
Noisy image— — | Blurima @
fitor [ Blurimage

l

Recovered imad1

+ \ . BSVD
@® — |Edge+Noise ) N
‘ § noise reduction l

Fig. & Block diagram of the proposed algorit
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And C. Optimal block size of BSVD
Figure 5 shows the results of noise reduction using BSVD at

P9 2 different block sizes. It can be seen that the image results are
22‘1— Mask(l ') )‘ looked difference. Therefore, it is essential to select an
K =4[ ==t (14) optimum block size of BSVD. The experiment to select the
pxq optimal block size of BSVD is demonstrated in section 4.
Where Mask(i, j) is the coefficient of Fourier Transform of g -~
Gaussian mask obtained from equation (14')thatolumn and %
j"" row. In this case, we us& in terms ofo . We can Foi— }
estimateo, as, . . ‘
~ MAD (15) /
o,=ko = x k
0.6745 (@) (b)
Finally, the optimal threshold value can be defined as, %\
kx MAD (16) }—
T=(———2)/mn HE —
0.6745 .
- - - ©) (d)
B_’ Optimal variance of Gaussian Filter ] . ) Fig. 5 Image results using different block sizes of BSVD
Figure 4 shows the results of Gaussian filter at different (@) 4 (b) 8 () 16 and (d) 32

variances. It can be seen that the image results are looked

difference. Therefore, it is essential to select an optimum

variance of Gaussian filter in order to get the bestD. Objectiveimage quality assessment

performance. The experiment to select the optimal variance ofn general, image quality evaluation can be classified into
Gaussian filter is demonstrated in section 4. two methods, which are subjective measurement and objective
measurement. For objective measurement, it is save time more
than subjective quality measurement [13]. The three objective
measurements are selected and used for this research work
study.

1. Peak signal to noise ratio (PSNR)

PSNR is the ratio between the maximum possible power
of a clean signal and the power of corrupting noise on that
clean image. Because many signals have a very wide dynamic
(b) range, PSNR is usually expressed in terms of the logarithmic

decibel scale. It is most easily defined via the mean squared
error (MSE) defined as

i

1 & (7)
MSE = — e’(m,n
N 2,2 & (M
& p)— Where Mx N is the dimension of image ar@f (m, n) is the
(€) (d) error or noisy signal on the positidim, N). The PSNR is
defined as:

Fig. 4 Image results using diverse variances of Gaussian Filter
(a) 0.5(b) 0.8 (c) 1.2 and (d) 1.6
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MAX,? 0.6 —
PSNR = 10|Og(M—SE|j dB ! j:{;\/“g‘” : ’J*\i;*\v
e SRR e e Sy
. . . . . 0.92 ,L,,J/,\,,,L,,L,,J,,,\,,,,\6
Here,MAX; is the maximum possible pixel value of the image. </ A
When the pixels are represented using 8 bits per sampls, 7 ogf777;/{77J”f;ﬂfifﬂ;fﬂ;”f;f”,
is equivalent to 255. In fact, the higher PSNR value, the better / | | S
R i E e R (. i i R B

quality of recovered image.
2. Edge measurement

Edge measurement is used to evaluate the efficient of .
detail preservation of reconstructed image. The equation of & ©°7 o8 o9

edge measurement can be written as

Block size : 4

I I
I I
I I
I T
I I I I I
/ I I I | || —<— Block size : 8
0.86)/ — —+ — — 4 — — —|— — = — — + —| —=— Block size : 16 | —
I I
I I
1

+ Block size : 32
T

\ 1 1
1. 1 1.2 1.3 1.4 15

[

(a)

1 M N 1\ | | ; | | | | ;

Edge:WZZ(Q(I J Bt i wiy Hiy It S A
i=1 j=1

| R S e e e

Where Q(i, j) and Q(i, j) are Edge Gradients of original _ L//f N
image and noisy image by using Sobel operator, respectivelyd °*| 71 " T T
In fact, the lower edge measurement value, the better edge 0-755/*%***‘/*F**%W*l"#"%ﬂflﬂﬂ
preservation quality of recovered image. S S S S ot

] ! ! ! ! ! —<— Block size : 16

0.65‘——‘———:———‘ ,7‘777:7 —&— Block size : 32 | _ |

3. Structural Similarity Index / R T e S S

Since PSNR cannot be correlated well with the human o6 o7 s o8 1 11 12 15 14 1s
perception, we also adopt to use Structural Similarity Index

(SSIM), proven to be more correlated well with MOS (Mean (b)

Opinion Score), to further evaluate the performance of our os ‘

proposed approadi4]. The SSIM index can be viewed as a o_ss‘rﬂﬁ‘,,,},,,;hﬁ/*:@ === === =¥
quality measure of any noisy image by considering original O,B‘F——l——%k——l———i—**‘#**l}ﬁ

image as a perfect image and comparing these two images in .| _ g!,//,l, IR S
terms of luminance contrast and structure aspects. The SSIM | 7~ ! |
was measured by using mean value of these three comparisoné.oes‘ ﬁ

IV. EXPERIMENTALRESULTS

A. Optimal variance of Gaussian Filter and block size
Variance of Gaussian filter and block size affect to

v | |
0.55r**#/1ﬂ***r**¢**ﬂ —<— Block size : 8 [ —
| | | | | ——<— Block size : 16
|
|
I

05#//,4 777777 F——+4-——I-|—o—Block size: 32 | —|
\ \ \ \ \ \ \

0.45 I I | I I I I
0.6 0.7 0.8 0.9 1 11 1.2 1.3 1.4 15

Variance of Gaussian filter

Block size : 4

efficiency of proposed algorithm, not only in terms of the (©

complexity but the recovered image. In this experiment, the 1
block sizes were varied from 4, 8, 16 and 32, which have less oss

complexity than others. Also, variances of Gaussian filter were ¢

varied from 0.6 to 1.5 at noise variances 25, 100 and 225, | ' T ' | 4 — T T
respectively, testing on a cameraman image, size 256x256, _ | /f [ N N i
figure 7 (b).As can be seen from figure 6(a), 6(b) and 6(c), the | , ' T o
optimum block sizes for each variance of Gaussian filter and °'75</ bl A N

noise are different. However, the best performance among ™7 !

every noise variance on the optimal block size of BSVD filter ~ °¢r -~ 71- -~~~ T T e ]

0.7

|

:
. . . . . | | | | | Noise variance : 25
is equivalent to 8. Also, the optimal variance for Gaussian = oef/=-+------+r--+4---~ +zo.sevanance 100
filter at block size 8 for several noise variances is about 1 as osge—-————5 55 w5 5 s
shown in figure 6 (d). Therefore, these values were used to
perform and test on proposed algorithm in the next (d)

experiment.
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Fig. 6 SSIM values of Cameraman image on
several noise variances (a) Noise variance = 25
(b) Noise variance = 100 (c) Noise variance = 255
(d) Noise variance 25, 100 and 225 at block size 8
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Fig. 7 Original test images
(a) Simulated circle image (b) Cameraman image

B. Proposed method testing

Firstly, simulated circle image, figure 7 (a), was used to
empirical evaluate proposed algorithm compared with three
traditional methods, Gaussian filter, Block-based SVD with
block size 8 and thresholding value 30, 60 and 85 for noise
variance 25, 100 and 225, respectively and Discrete Wavelet
Transform (DWT) with db4 thresholded by universal soft-
thresholding. The result in Table 1 and figure 8, it can be 20
concluded that proposed method leads to the competitive ()
algorithm among any other methods. Sloskbased SUD

4+ —

R
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TABLE |
THE EFFICIENCY OF PROPOSED METHOD ON CIRCLE IMAGE
COMPARED WITHPSNR EDGE MEASUREMENT ANDSSIM

Noise Methods PSNR Edge SSIM
variances
25 Gaussian| 28.386 | 0.034 | 0.934
DWT 35.135 | 0.007 | 0.919
BSVD 39.288 | 0.003 | 0.926
Proposed | 40.733 0.002 0.973
method
100 Gaussian| 27.984 0.038 0.860 Fositon
DWT | 30.585 | 0.025 | 0.765 (c)
BSVD 33.192 0.013 0.769 Adaptive Block-based SVD
Proposed | 34.473 0.008 | 0.905 G e e A A B
method S R R R R R
225 Gaussian| 27.422 | 0.045 | 0.765 20004 — — gl — - et ek ] = — e — —
BVD | 20422 | 0032 | 0612 | A
. . . | | | | | | | | | |
Proposed| 30.663 0.02 0.82 ;;150’”1”’1”’1”’1”’1’”’1”’1”1’”1’”1”
methor S I T I O I
0 | S I I O O A
Secondly, the realistic images on different contents were used I Y N ) B
to further evaluate the efficiency of each algorithm in terms of 1 Y O T A e
subjective measurement. The proposed algorithm was used to BO’W"}WJT"}M TN S T S T
test on two sample images, butterfly and boat images, to S
evaluate reconstructed images comparing with other methods. 00 150 200 200 300 o 00 250 500
The results were shown in figure 9 and 10. As can be seen, Position

Gaussian filter can produce smooth images but much detail (d)

was discarded. For Block-based SVD, although the detail ¢fig. 8 Horizontal line image profile at the centre of recovered
image is merely complete, the output seems to be looked nothage on each method (a) Signal profile at noise variance 25
smooth in the homogenous area. As for DWT, the output wagh) Recovered signal using DWT (c) Recovered signal using
quite blurring. Therefore, the proposed method outperforms BSVD (d) Recovered signal using proposed method
others in terms of sharpness and smoothness.
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Fig. 9 Reconstructed image from each method
(a) Original image (b) Noisy image (c) Gaussian filter
(d) DWT (e) Block-based SVD and (f) proposed method
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@) (b)

Fig. 10 Reconstructed image from each method
(a) Original image (b) Noisy image (c) Gaussian filter
(d) DWT (e) Block-based SVD and (f) proposed method
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Finally, the simulation results obtained from three images of

size 256x256, 8-bpp (Woman, Cameraman and Peppers) and ihors would like to thanks Dr.
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four images of size 512x512, 8-bpp (Lenna, Barbara, FIOWgfrently a professor in the Division of Electrical Engineering
and Plane). The original images are shown in figure 11. Eagfiroriga Institute of Technology. Also special thanks to Miss

image was corrupted with additive Gaussian noise of Zef@,n, sae-Bae for their very helpful suggestions to make this
mean ando =5 and 10. Further, Gaussian filter, Wavele}agaarch completely.

denoising level 1 (db4 Soft thresholding function
&:M/(A)E;(xgl), T =642log, (mxn) ), BSVD algorithm (block
size 83(8) are used to compared with the proposed approa[&h.
The threshold of BSVD was determined by using equation ]Tgl

In the experiments, Gaussian filter Wn‘@ =1, sok for this

experiment is equal to 0.8725. The image quality assessmpnt
in this section, only SSIM is adopted due to its proven to be
more correlated well with MOS (Mean Opinion Score). The
block size of BSVD 8x8 is chosen. The results are tabulated'fh
table Il and Ill. From the experimental results, the proposed

method performs the best in term of SSIM.
(58]

TABLE I
SSIMVALUES OFRECONSTRUCTIONIMAGES AT g =5 6]
Moving | Gaussia| BSVD Soft- Proposed
Images Average | n Filter | Filtering | Thresholding| method
Camerama | 0.8333¢ | 0.8347' | 0.9211: 0.8829¢ | 0.92868 | [7]
Pepper 0.9266! | 0.9271¢ | 0.9280: 0.9309¢ | 0.95206
Girl 0.9183| 0.91884] 0.924638 0.92492 0.94816 | [8]
Airplane 0.92852| 0.92906 0.91077 0.915P030.94729
Barbar: 0.7557° | 0.7579: | 0.9275: 0.8873. | 0.93641
Flowers 0.9454¢ | 0.9458: | 0.9287: 0.9408: | 0.95315 | [9]
Lenna 0.89889  0.8994b5 0.8968 0.898370.92478
[10]
TasLE I
SSIMVALUES OFRECONSTRUCTIONIMAGES AT ¢ =10 [11]
Moving | Gaussia| BSVD Soft- Proposed
Images Average | n Filter | Filtering | Thresholding| method
Cameraman| 0.78619  0.78633 0.7933 0.77033.85892 | [12]
Pepper 0.8689 | 0.8889¢ | 0.8310: 0.8464: | 0.91032
Girl 0.8797: | 0.8797¢ | 0.8218¢ 0.8383. | 0.90949 | [13]
Airplane 0.874: | 0.8743¢ | 0.7841. 0.8037: | 0.89805
Barbara 0.72143 0.721F  0.82844 0.780380.88356
Flowers 0.90739  0.9074 0.81441 0.862080.91586 | [14]
Lenne 0.8521¢ | 0.8522: | 0.7770: 0.7997 | 0.87967

V. CONCLUSION AND FUTURE WORK

This research presents an effective method for noise
reduction using an adaptive block based Singular value
decomposition (BSVD), which can preserve edge (detail
information) as well as effectively smooth in the
homogeneous region. The effectiveness of the proposed
approach depends on the accuracy of the threshold value.
Then, the optimal threshold value of the proposed approach is
derived and defined. In addition, the proposed approach is
compared with other traditional methods. The comparison
suggests that the proposed method is competitive and
outperform with other methods. Therefore, our method leads
to an effective method that can be used for noise reduction. In
the future work, presently, work is on to extend the work for
another noise type even on color image processing.

Issue 2, Volume 7, 2013 99

REFERENCES

A. Mcandrew, An Introduction to Digital Image Processing with
Matlab, Thomson, 2004.

H. S. Kam, S. N. Cheong and W. H. Tan, “An Adaptive Fuzzy Image
Smoothing Filter for Guassian Noise,” presented at WSEAS Int. Conf.
On Automation and Information, ICAIO5, pp.323-328

M. Arezki and D. Berkani, “Fast Algorithms with Low Complexity for
Adaptive Filtering,” WSEAS transactions on Sgnal Processing,

Vol. (5), Jan 2009, pp. 23-31.

T. Veerakumar, S. Esakkirajan and I. Vennila, “Combine Fuzzy Logic
and Unsymmetric Trimmed Median Filter Approach for the Removal of
High Density Impluse Noise,”"WSEAS transactions on Sgnal
Processing, Vol. (8), Jan 2012, pp. 32-42.

N. Premchaiswadi, S. Yimgnagm and W. Premchaiswadi, “A Scheme
for Salt and Pepper Noise Reduction and Its Application for OCR
system,"WSEAS transactions on Computers, Vol. (9), Apr 2010, pp.
351-360.

W. Fourati and M. S. Bouhlel, “A variable Window Approach for Image
Denoising,” presented at WSEAS Int. Conf. On Electronic Signal and
Control, 2005, pp.494-498.

D. L. Donoho, “De-noising by soft-thresholdind EEE Transaction on
Information Theory, Vol. 41(3), 1995, pp. 613-627.

S. G. Chang and Y. Bin, and M. Vetterli, “Adaptive wavelet
thresholding for image denoising and compressitEEE Transactions

on Image Processing, Vol. (9), 2000, pp. 1532-1546.

J. Scharcanski, C. R. Jung and R. T. Clarke, “Adaptive image denoising
denoising using scale and space consisten®EE Transactions on
Image Processing, Vol. 6 (9), 2002, pp.1092-1101.

K. Konstantinides, B. Natarajan, and G. S. Yovanof, “Noise estimation
and filtering using block-based singular value decomposititBEE
Transactions on Image Processing, Vol. 6 (3), 1997, pp. 479-483.

K. Konstantinides and K. Yao, “Statistical analysis of effective singular
values in matrix rank determination,EEE Transaction on Acoustics,
Speech, and Sgnal Processing, Vol. 36 (5), 1998, pp. 757-763.

Z. Hou, “Adaptive singular value decomposition in wavelet domain for
image denoising,Pattern Recognition, 2003, Vol. (36), pp. 1747-1763.

M. Eskicioglu and P.S. Fisher, “Image Quality Measures and Their
Performance,”|EEE Transactions on Communications, Vol. 43 (12),
1995, pp. 2959-2965.

Z. Wang, A. Bovik, H. Sheikh, and E. Simoncelli, “Image Quality
Assessment: From Error Visibility to Structural SimilarityEEE
Transactions on Image processing, Vol.13 (4), 2004, pp. 600-612.



INTERNATIONAL JOURNAL OF CIRCUITS, SYSTEMS AND SIGNAL PROCESSING

(e)

i it

WSAR FORCE -& _“
P — |
0

(9)

Fig. 11 (a), (b) and (c) are Woman, Cameraman and Peppers images, size 256X256
(d), (e), (f) and (g) are Lenna, Barbara, Flowers and Airplane images, size 512X512
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