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ABSTRACT

This thesis presents a novel image noise suppression algorithr, based-on an adaptive block-
based singular value decomposition filtering (BSVD). Instead of applying BSVD directly to
ultrasonic image, we propose to apply BSVD on the noisy edge image version obtained from the
difference between the original image and its blur image version. The recovered image is performed
by the combination of the removal noise image and its blur image versions. The efficiency of this
method compared with other well-know algorithms was evaluated by two image quality
measurements, which are PSNR (Peak Signal to Noise Ratio) and Edge measurement, From the
results, it clearly shows that the proposed algorithm outperforms other methods in terms of smoothing
and edge preservation. However, the optimum of the thresholding on singular value, sigma of
Gaussian filter and block size will be considered in order to get the better performance. Moreover, the
other subjective image quality measurement is used to further evaluated the performance of this

algorithm. In addition, this proposed approach could be developed for multiplicative noise case.
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2.2.1 ﬁ'aﬂ'saqn'm?;ﬂ (Moving Average Filter)

ﬁ’ansamuufhm?;mi‘!uﬁ'ammunummﬁv’hdmﬁug1uﬁ1ﬁuﬂ1saﬂﬁ'ﬂgtymsumu
1{;‘34mmﬂuﬁ'fmimﬁdw"lumsf'hmm'iﬁanﬁaﬂﬁq;tymmﬂm'iﬂua'lﬁ'uﬁanwwﬁm‘i,mmm
W ldlaomshnaneu Tagdu(Convolutionyszniedgaunmuaiufiiy T8 dyana

ar ar & - Y o a o = y
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n

& ¢
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111
FDNYBUNARAURABULIA 3% 3 % Dl el
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A7 1C 1]

1 1111
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1 1 111
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2.2.2 SINTBAUVIMTIFEU (Gaussian Filter)

Taoiha lindauuumdoussiduiifonldnanuuusumie ifiesnndeeil
HanIzNUABMINI N (Blu) yesnmduniiioond uazeusafmuamdinlseinivesdn
e ldmaegluuyTasnsimuaiicanulslson (o) veumdiFou Saduilsefnivesi
ATBLIM AT ouaeiin Gixy) ssiidmuaumsii .701]

22y @.7)

20

Glx,y) = C
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ar ] ' ar o 4’ T e
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= o 9 o 3 ] [ A 3 Y ] ved - ar
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aginnd

freandaving 3x3 vesdnsoummddouiinn o =1
0.0751 0.1238 0.0751
mask ={0.1238 0.2042 0.1238
0.0751 0.1238 0.0751

famdamndnung 5x s veadanssuumdFouiiiian o? =1
[0.0030 0.0133 0.0219 0.0133 0.0030]
0.0133 0.0596 0.0983 0.0596 0.0133
mask=|0.0219 0.0983 0.1621 0.0983 0.0219
0.0133 0.0596 0.0983 0.0596 0.0133
0.0030 0.0133 0.0219 0.0133 0.0030

= ] a ar &
HTﬁ’ﬂllﬂﬂlﬂ'lﬂ‘:l‘Hﬂuiﬂlﬂzﬂ'lﬂﬂjﬂ'ﬁ'ﬁﬂ ﬁﬂ]uﬂju'lm‘iUﬂ’JUﬁﬁﬂ'ﬁﬂ‘i3‘i]"|.'.llﬁjﬂlﬂ'lfﬁ‘%ﬂu E

< =5

] » ]
wadninldninmslddnseumniiwi I i@nmi ldndufuuniimsgaiforvasdealilos
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2.2.3 mIaadganasuniulaseriemanaauavlida (Wavelet denoising)
o o) [] o = ] o ] ar a
asufaslidailunmsuiwendyanatuyaesniiludunnudiuandaiuiasims
-, o ar (] o = I d A o
Innevdggnaluduaimuidens  diniodomulawri@afiemsasdugusunu
annsah @ Tasaradenadidauy (Mother waveledfiminzasiefiezynisuraaaidauuy
[ A os w 3 o 1 ar a o °
lisietiiee(Discrete wavelet transform) vosdaynan wdanmivhmidulssindnidannin
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' A . ) a a s o
uun'TiAotife (Inverse discrete wavelet transform) o 17 l@nwauntiunduduin dmsunism
d " ar a o =1 q‘;‘ ar o
s leanuumdulsednsivesnmmulaaniaamiu Tasluidonldnismse Teaduuuyodvimsa
= ] o a 4 4 ] [] . é ar 1
Teafannndt erfamsalaads @Seventsmsalaadsenarde ) iesvineslinadnid
] -é [] o - o u’: [ H ]
an [4] FaAunsa 1aad(Threshold value) Atdonmuhmsnaaswiuiiusunsa Taasngon y
o o« o h & v {5 o °
sfdamsalsaf(Universal thresholding) Fuiluannasgmitionldialy awsadmua’ld
Tagaun1sn(z.8) [4]

T =6.2log,, N (2.8)
Tagii N fs $naudoyadune
Two-Dimensional DWT

Decomposition step

columns

rows Lo_D 1t2 Cops
Lo D 201 otumns {h)
[ H D 142 Dy,

. horizontal
y columns "
FOWs — Lo D 142 €D, +

| HiD 201 cotumns v ;;;:a!
H_ D 1t 2}— CDjus

diagonal

Where | 2t 1| Downsample columns: keep the even indexed columns

14 2| Downsample rows: keep the even indexed rows
“rows
X | Conwolve with filter X the rows of the entry
columns

X I Conwlve with filter X the columns of the entry

H v’ £ Lan) A
31 2.3 funeunsitaaidaassiiduuy hideie
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Original image X. One step decomposition

50
100 P
150 [t
200 |5
250 %
50 100 150 200 250 50 100 150 200 250
(m) (tn)
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Two-Dimensional IDWT

Reconstruction step

At —l1 42— Lox |- rows
o colurms || 241]—{ Lo R
hor t:;:ftal_’l L K |_—-| HR I_
o |
f?p}rg:;{—' 14 2' l ToR [— raws
@ columns {241} mR
Dy 142—{ R |

dsagom!

Where 2 41| Upsampie columns: insert zeros at odd-indexed columns.

1 } 2] Upsample rows: inssrt zeros ar odd-indexed rows.

r'ows

X | Convolve with filter X the rows of the emry,

colunuts
X | Convolve with filter X the columns of the entry.

31 2.5 duneunisudasndundidamesdifuuy lideiies
d
2.3 Mansalaa

o [] a ¢ o & a :f
Taen9 lvzamsautseenily 2 dnunzawilsdduvesniamss lsadaaii

2.3.1 #13amM3alaana (Hard thresholding)

A

- ar _ar a o a0 v g o P o =

Ao mMsshuduilszdninelunuuddesiliannnaiiaunsalsad laefadulseanin
= L L] a 1 Qr A ar ﬂy
fiinfeundrimsaleadvsgnimualdvidugud  Farusadouilaidumsmsa Teadldaed

[4]

2T (2.9
<T

!
Viara (1) = )
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2.3.2 sovlvimsalaania (Soft thresholding)
fin nsdmualdndulse@ninfinnieonhrunsaleadiiuguiuddirdulsednila
fisnnnnhnunsaTeadssgadmuaih sgn(x() (|x()|-7) wieldidadwadwifideisaiy

Faannsamouandumamsa Teas ldamaunisf (2.10) feii [4]

= sen(x(O)(|x0)]-T) L|x@)|=T (2.10)
i 0 X< T
Funsmlvesilaidurianes iaasiegti 2.6

1 1 1
0.5} 05} 0.5
0 of 0
0.5 05} -05
~1 -1 =9

- 0 3 0 1 o 0 1

(") () (®)

714 2.6 plouiarduinldlumamsalead
(1) Fyauduya
) Fygnausminadmiumsmsa leaduuuasamsaleads

(M Tyaauemiwadmiumamsalsaduuuserimse leans

2.4 mmﬂmmﬁﬁ(smgular Value Decomposition)

raunsdouniaing A vna mxn laq Megluglvewnind U, S, w0z v
Tadsaumsi(.11)

(nxn)
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A=U.S. V7 (2.11)

[} »
Taefi  waSnd Uuag vithi imSnduesnamefmin (Orhogonal Matrix)

a  d a_ 1 a 7y
A3nd S AainInaLW ML (Diagonal Matrix)upasidenanivenming A

Fusreunsont wadnd UV uag s 14&si
A=USVT’
A 4=(UsvT) Usv
A=VsSUTUsy”
WU =1I)

ATA=VsYT (2.12)

of ¥ a 4 & a o 7T 4 &g
OFUMIBLUHUIN LURTNTY V ﬂﬂﬂnﬂmﬂﬂmﬂuﬂ]ﬂﬂmﬂiﬂ“}f AA LD [UATNY S ADAN

ot ' - o T -
510# 2 voartlonuued wasng AAT laoh

A2Az2A 2, 220 20 (2.13)
Has
0‘;=\/?T.- (i=12,---,n) (2.14)

a ' a o o
wagausovuuasng U 13lasdidnsdu se'luuesnd U Adenameslomuvel

wasna AAT

o’ ] el
degramsudaseain

fmuald

7]
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simiinisui A lasmsdmua 4-A7=0 wld

5 31 10

—A =0
N
-4 3
5 o
3 5-4

1 A4 aunsautlaninauns
(5—A)5-1)-9=0
25-10A+A*-9=0
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MAD Median ([x - Median(x)l) (5.13)
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Edge = F~(F(noisy image).* (1~ F(mask))) (5.14)
Z e’jz Z Esz (5.15)
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o,=kxo, (5.19)

Taei

iih - Mask (i, j)]z (5.20)

k _ =1 j=1

pPxq
1 t o o el =t 1 4 - |
Taofl Mask (i, j) fAemdulsz@nimanifasyiSos (Fourier Tansform) fiaafi i nind

th ar o = o
J T U9daIN IBAUUN AT UR TN TN (1.7)
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ai Vo o o ool ar oA o =1 Y- & P
T3 14N 5.10 ﬂ'l“lil‘ﬂ'li)uB'l'i‘lli’)x‘l')ﬁﬂ'l‘iﬁﬂﬁfgﬂg']ﬁliﬂﬂ?ﬂ?‘ﬁ“ﬂu'ﬂﬁuE]llﬁ' UUMTUAUIEMTIOU N

seaunImlsilsmeeadyanasunaumiiiu 25

AmsaadRa UIUAY

am ay @ ©)) @ ©) 6y
(n) 34.137 28.188 28.285 33.284 36.65 36.726
) 34.137 25.617 25.935 31.343 35.875 34.957
) 34.14 35.287 36.072 37.085 37.214 38.935
) 34,135 25.808 25.986 31.154 35.751 34,333
(2) 34.132 29.901 30.433 33.159 35.748 35.209
) 34.134 32.254 354 36.125 37.114 3795
(%) 34.137 32.807 34.037 35.372 36.386 37.101
C)) 34,137 28.029 28.369 30.799 35.07 32.962
(o1) 34.138 25.247 26.054 30.503 35.624 33.573
() 34. 132 29.627 30426 33.589 35.874 35.444
) 34.136 28.933 29.363 32.446 35.907 35.031
£1); 34.137 31.686 33.279 35.12 35.988 36.555
(%) 34.137 31.32 32.792 35.024 36.557 37.524
(W) 34.137 34.177 34.696 36.337 37437 38.888
(1) 34,136 25.121 25.233 30.738 35.58 36.201
() 34.136 30.442 30.726 33.064 35.776 36.186
() 34,139 33472 33.681 35.549 36.053 37.001
(7) 34.137 30.897 32.204 33.912 35.007 35.722
(@) 34.138 33.049 33.592 34.832 35.864 36.776
) 34,137 35.792 35.985 36.781 37.31 39,119
6)) 34.137 38.32 39.067 38.016 37.48 39.805
) 34.138 32.901 33.125 34.124 35.404 35.901
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MINN 5.11 AnsIguunmestyeunimve s msandygrasunuitituauenSoudiey

Au3ITMIduq NiszAuanuulslsuvesdygnusunaumii 25

AAMsaadyausunIYy

A (1’ @) 3) @’ ) 6)

) 0.004685 | 0.054125 | 0.053134 | 0.010989 | 0.002986 | 0.003545
(v) 0.004605 0.08969 | 0.08488]1 | 0.016688 | 0.003472 | 0.005271
() 0.005202 | 0.008824 | 0.007607 | 0.004491 | 0.002886 | 0.602437
(9) 0.005077 0.06938 0.066844 | 0.013986 | 0.003265 | 0.005326
(®) 0.00474 0.029553 | 0.026382 | 0.010086 0.00_3598 0.005456
n) 0.00514 0.015096 0.00691 0.005175 | 0.003087 | 0.003143
() 0.004528 | 0.014084 | 0.010797 | 0.006298 | 0.003384 | 0.003713
() 0.00472 0.044368 | 0.041446 | 0.017632 | 0.004039 | 0.009147
(1) 0.004894 | 0.083525 | 0.06623 | 0.020254 | 0.003195 | 0.007285
(an 0.004625 | 0.031417 0.02698 0.010142 0.00356 0.005399
(g]) 0.00502 0.038577 | 0.035154 | 0.012975 | 0.003515 | 0.005604
) 0.004811 | 0.016864 | 0.011623 | 0.006294 | 0.003508 | 0.004326
W) 0.00515 0.022107 | 0.015635 | 0.007466 | 0.003114 | 0.003739
() 0.005242 | 0.012855 | 0.011727 | 0.006004 | 0.00281 | 0.003053
(1) 0.004695 | 0.084418 | 0.082691 | 0.017808 | 0.003664 | 0.007019
(a) 0.005006 | 0.026617 | 0.025103 | 0.011228 | 0.003585 | 0.006588
() 0.004856 | 0.014633 | 0.014081 | 0.006805 | 0.003877 | 0.005616
(%) 0.004626 0.0197 0.013566 | 0.006824 | 0.003351 | 0.003993
®) 0.004756 | 0.013077 | 0.011475 | 0.006183 | 0.003282 | 0.004076
N 0.004947 § 0.007111 0.006816 | 0.004214 | 0.002265 | 0.001928
(t) 0.005023 | 0.002483 | 0.001896 | 0.002686 | 0.002284 | 0.001404
1) 0.004586 | 0.013395 0.01279 0.008294 | 0.004031 | 0.007144
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aad e P o ad &
1m5ﬂﬂ']u')ﬁﬂu’uﬂuﬂlﬂ?UUW‘UUﬂU?ﬁﬂ'ﬁﬂu‘]

fazduaulsUsuussdagnasunuiy 25

IEmsaadynnuIunIy

AM ay @ 3y @ ©) ©

) 0.85187 | 09361 | 0.93658 | 093835 | 0.93799 | 0.96906
Q) 0.88987 | 0.89293 | 089394 | 09312 | 094313 | 095935
() 0.8176 | 094722 | 094744 | 092798 | 091613 | 0.95866
Q) 0.84398 | 0.83386 | 0.83529 | 0.88227 | 092052 | 0.92818
(¥) 0.87075 | 09031 | 090387 | 092044 | 092565 | 0.9448
(») 0.82387 | 095131 | 09517 | 093318 | 092285 | 09632
) 087394 | 09421 | 094253 | 093951 | 0.93381 | 0.96054
() 0.8905 | 0.88248 | 0.88345 | 09076 | 093318 | 0.93354
(a0) 0.88242 | 082976 | 0.83151 | 0.89116 | 0.93205 | 0.93593
(&) 0.87382 | 092696 | 092754 | 093092 | 092755 | 0.95245
) 0.84819 | 090399 | 090488 | 0.91413 | 0.92454 | 0.94789
) 083432 | 091027 | 091098 | 091109 | 09034 | 093377
@ 0.82045 | 092852 | 092906 | 091593 | 091113 | 0.94729
() 0.81211 | 094815 | 094843 | 092929 | 092141 | 0.96001
(oat) 0.88164 | 075577 | 075794 | 0.88732 | 092739 | 0.93642
(a1) 0.85626 | 0.87811 | 0.87912 | 0.89574 | 091691 | 0.92758
(@) 0.8726 | 094583 | 094617 | 094172 | 092905 | 0.95341
(@) 0.8462 | 0.86874 | 0.86925 | 0.86531 | 0.86863 | 0.88948
(@™ 0.84118 | 0.89857 | 0.8991 0.8985 | 0.89688 | 0.92408
) 078159 | 051409 | 091436 | 0.89246 | 0.88275 | 0.93147
(%) 078939 | 093109 | 093122 | 090652 | 0.89338 | 0.94326
(W) 0.87412 | 088566 | 0.88651 | 0.89827 | 090802 | 09111
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- e d o ar o add e P o oa A =
M3 5.13 ﬂ‘]Wlﬂﬁﬁﬂuﬂ'ﬁﬂJﬂ\"?ﬁﬂ'ﬁﬁﬂﬁq!ﬂénmiut-nu'lﬁﬂu'llﬁuﬂlﬂ%luUL“UUﬂuTﬁﬂ'ﬁﬂu‘] n

szaunnulssauveadygnas unaumisy 100

FEMmIaadnygIusunIy

o ’ @’ ©) @ ©) ©
n 28.127 27.854 27.902 29.967 31.457 32.102
) 28.128 2542 25.689 28.301 30.753 30.645
(n) 28.126 33.712 34.209 32.855 32.431 35.362 .
C)] 28.125 25.606 25.735 28.397 30.62 30416
() 28.129 29.385 29.812 30.256 30.739 31.548
w) 28.128 31.399 33.768 32.28 32.078 34.561
(%) 28.126 31.836 32.728 31.82 31.562 33.796
(%) 28.128 27.687 27.958 28.678 29944 29.604
(n1) 28,127 25.083 25.813 27.876 30.775 29,811
) 28.127 29.156 29.828 30412 31.016 31.917
$3)] | 28.128 28.548 28.889 29.553 30.917 31.199
1)) 28.127 30.93 32218 31.66 31391 33.599
(D 28.127 30.625 31.808 31.591 31.796 33.484
() 28.127 | 32918 33.27 32.541 32231 | 34.552
(m1) 28.127 24,945 25.016 27.776 30.695 31.133
() 28.128 29.851 30.059 30.359 31.0‘65 31.799
() 28.128 3239 32.512 32.184 | 31.032 | 3299
(R) 28.127 30.278 31.354 31.125 31.281 33.069
(0) 28.128 32.047 32.444 31.766 31.46 33.347
n) 28.128 34.1 34.198 32.759 32.987 35.768
(5) 28.128 35.596 35.959 33.479 33.068 36.84
() 28.126 31.958 32.095 31.407 31.07 32.877
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InsaadygnusunIu

el ) @ (3) @y ©) O}

(n) 0.021139 | 0.055748 | 0.055298 | 0.024775 0.01105 0.012005
) 0.019781 | 0.090895 | 0.086814 | 0.035537 | 0.012338 | 0.01642
(n) 0.022899 | 0.010805 | 0.009665 | 0.012783 | 0.009722 | 0.005997
(1) 0.023217 | 0.070517 | 0.068584 | 0.029173 | 0.012435 | 0.015648
@) 0.020621 0.03089 0.027948 | 0.020004 | 0.012488 | 0.014514
) 0.023251 | 0.017148 | 0.008909 | 0.013882 | 0.010773 | 0.007156
) 0.019266 | 0.015718 | 0.012553 | 0.014097 | 0.010804 | 0.008491
() 0.020537 | 0.045715 | 0.043216 | 0.029168 | 0.014973 | 0.023629
() 0.021967 | 0.084553 | 0.067858 | 0.038423 0.01201 0.022616
(o) 0.020296 | 0.032899 [ 0.028751 | 0.021401 | 0.012236 | 0.013378
£1)] 0.022398 | 0.039784 | 0.036795 | 0.026434 | 0.012877 | 0.015612
1)) 0.021689 0.0184 0.013164 0.01497 0.0_1 1352 | 0.009303
(M 0.023224 | 0.023868 | 0.017556 | 0.017619 | 0.010905 | 0.009774
(=) 0.023852 | 0.014663 | 0.013649 | 0.014804 | 0.010409 | 0.007819
{a1) 0.020369 | 0.083999 | 0.082765 0.03572 0.012439 | 0.015583
() 0.022169 | 0.028022 0.02677 0.021661 | 0.012382 | 0.015107
@) 0.020839 | 0.016242 | 0.015852 | 0.014613 | 0.013011 | 0.012159
(W) 0.02097 0.020925 | 0.014929 0.01533 0.009792 | 0.007793
(@) 0.021273 | 0.014385 | 0.012878 | 0.013742 | 0.010415 | 0.008819
n) 0.023558 | 0.008399 | 0.008178 | 0.012347 | 0.007532 | 0.004133
(B) 0.023453 | 0.004238 0.00367 0.009936 | 0.007808 0.00297
) 0.01963 0.014311  0.013861 | 0.015042 | 0.011558 [ 0.011601
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AITHIN 5.15 ﬂ'llﬂﬁlﬂﬁ'lﬂlﬁm‘um’Jﬁmiﬁﬂ’dﬂgmu'lﬂﬁ'l.iﬂ‘m')'ﬁ‘nu'Il.ﬁuﬂlﬂ?ﬂ‘umtmﬂu’mmiﬂu‘]

fszduanuulsdsvesdaenusunauniiu 100

FEmsaadyausuaiu

A ay @) ©) @ ) (6)

() 0.64194 0.89203 0.85209 0.84137 0.83523 0.92711
) 0.71689 0.85864 0.85883 0.84918 0.85857 0.91722
(a) 0.56518 0.89262 0.89264 0.81499 0.79193 0.91563
1) 0.63157 0.78642 0.78658 _ 0.77055 0.79528 0.85818
(9) 0.67443 0.86402 0.8641 0.83001 0.81249 0.89548
(n) 0.58441 0.8975 0.89766 0.8233 0.80057 0.91995
(%) 0.66581 0.90326 0.90333 0.85462 0.82984 092216
() 0.71927 0.84921 0.84931 0.83116 0.82903 . 0.881

(a1 0.70814 0.79644 0.79673 0.8001 0.84454 0.86829
(ty) 0.68116 0.89024 0.89031 0.84863 0.82767 091222
({,]) 0.63937 0.85969 0.85981 0.81511 0.80948 0.89569
63)) 0.58984 0.86076 0.86093 0.80272 0.76959 0.88561
(®) 0.5779 0.87442 0.87457 | 0.8046 0.78424 (.8985
{%) 0.56527 0.8896 0.88963 0.81313 0.78766 0.90949
{el) 0.69891 0.72127 0.72152 0.7797 0.82799 0.88391
() 0.64713 0.83485 0.83491 0.79827 0.80191 0.874
{a) 0.67421 0.90653 0.90654 0.86036 0.81494 0.9151
(n) 0.60975 0.82462 0.82473 0.76926 0.75362 0.85025
(a) 0.60765 0.85238 0.85242 0.79874 0.7775 0.88006
(n) 0.49323 0.84854 0.84855 0.75781 0.74911 0.88143
(%) 0.50625 0.86802 0.86803 0.77804 0.7612 0.8984
) 0.66393 0.84388 0.8489 0.81603 0.79168 0.87041

(1,2, 6, @ ,6), unz 6) Weduel3lunhii 6s
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INFAUNTN (5.23)

I
mxnxc,’ =Y s (3.23)

>
gwsihmslssmnamanulsisuvesdyanusuniudail

MAD Median (Ix - Median(x)l) (5.24)
0.6745 0.6745 )
INNIsENURANMIN (5.24) Tuaumid (5.23) 15ve ldaunisn (5.25) fail

g=

2 !
mxm{ MAD ) 3 (5.25)
0.6745 =
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futu dunansadifamdigaivesdygnasuniu linuaauaumnsi (5.25) 15nee

o & a8 " 1 s o ‘f] o a o

munsoarl IEhmdgaiduiimdesgiudumBagariidueshlsznouvsedygnunmi
ar & 7 a o < d’ Y o
Urrsinmssunuvesdyanasun Seilsidunsmsaleadauiomiiszannsaiion1dda

auN1IN (5.26)

MADY & ,_ s’ (5.26)
0 ,MmXHux — Z s, >
0.6745 S 2

s, ,otherwise

HBSVD(s,) =

ﬁms"umimnfm'lu'sfmf:%zﬁ;ﬂﬂunuﬁ'lmsﬁ'namﬁ'n,;apmmmuuuvmﬂmﬁa’lau

pWrauAs T (1.5) Fadadisdiedsglii 528 waziimsandyaasunudasiimsiiumuo
Tavordorumsmsmsa leasdhadu uazinmsdszdiunaninii 18 Tavewiud Tanenmyesnm
%1 4 vy A& raue Uit 4 TasimsiamSoudfiousuSsmstu q Aol lasialy
Gail WanspuR (Lee Filter) §INT0UNTY (Kuan Filer) myaadaanasunu Tavefions
wan@auuurenimialzafs  Taverdomsmsaleauuudsasse  (Visushrink) M3
ﬁ'ﬂ;immmmuTﬂumﬁ'ﬂﬂﬁuﬂmnﬂlﬁmmwaﬂmstﬂanﬁﬂﬂﬂmﬁumsmmTaauumuﬁﬁa

(Bayesshrink) #In350UUUANITEZIM (Median Filter) Tasofoniiwieuuia sxs fina uazda

s TeluuesAnudives (Homomorphic Wiener) Tageifuniiamaunia 5xs wntra
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Al 5.16 siflutualsiessed(mse) Mdandmvsidyanumwdennuianarnvssieya
(S/mse) MsTarnuFuRUTIZHIRUBL N (B) uag MaNuFuRuSIzHIenI

{ o a o ar o
(p)ialdvinmsaadygrasununuvannfa vunwdunseiaa 150x150

inea (31N 5.27) AwdsasminausiiFouioufuiimstue

PWnsaadynu mse S/mse B p
TUNIU
AmAuRTL(e® =0.02) 148.33 17.191 0.76404 0.97419
Fanseauuyd  94.696 19,102 0.76487 0.98317
A2NTBALLNIY 104.5 18.675 0.6404 0.98163
BERGVER 82.208 19.716 0.78539 0.9855
e 113.02 18.334 0.79803 0.98006
AINTBAALY 250.66 14.875 0.63236 0.95535
ANIBHFIU
A3NI DALY 259.67 14.721 0.47667 0.95503
TaluneiAnnudiey
Fasfiuaue 57.235 21.289 0.88282 0.99004
AMAUDTU(o* =0.04) 290.47 14.305 0.63615 0.95056
danspauuud 154.51 16.976 0.64193 0.97239
A2NT0WVVUNIY 142.13 17.339 0.52029 0.97475
Iraria 140.49 17.389 0.66823 0.97535
udesa 205.42 15.739 0.68585 . 0.964
fansauu 291.34 14.222 0.51585 0.94817
ANIBUFIU
A2M309UVY 27659 14.447 0.4703 0.95327
TaluesWnrudiues
Fafiuerue 104.73 18.665 0.79214 0.98244
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maefl 517 Miflumunadiensei(ms) MmoasnduvsidyananmasnnuAanatavesdoya
(S/mse) Mm3daanuduiussninvounm (B) uaz manuduiuissninmm
(p)idaldnnnmsaadygnasunuuuvaniafa vuamdunsieivuna 150x150

#nam (3 5.27) AwdEmsiiduauesnSoufsusuiinesug

Fnseadyanu mse S/mse B 0
TUNIU
AMAURTU(o? =0.06) 4352 12.622 0.55751 0.92784
fInsvIuLd 203.24 15.785 0.53964 0.96351
#1203 0VUNIY 173.95 16.461 0.42664 0.96888
2¥70939 193.85 15.991 0.58377 0.96595
w3 280.62 14.385 0.61645 0.95095
aINTOAUNIL 322.26 13.784 0.43064 0.94233
ABHFIU
A@INT DALY 205.65 14.158 0.44407 0.95091
TeTuveiAnudiues
Femsiiuaue 131.64 17.672 0.76012 0.97815
AMAUNITU( o =0.07) 571.51 11.521 0.49968 0.90844
AINTBALA 256.63 14.773 0.45338 0.9541
ANIvILUUMIU 208.1 15.683 0.35564 0.96246
IY30%39 251.76 14.856 0.51092 0.95586
w3 353 13.388 0.55866 0.93904
AINTBILVY 354.24 13.373 0.3282 0.93606
ANBUT I
AINTBAULLIY 312.67 13915 0.42024 0.94858
TeTuwasRnudiied
Fasfiuaue 17021 16:556 0.70779 0.97183
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TEmsaadygusunIu

Mw ay @y ©) @ ) 6

m 32.562 | 28.127 | 28206 | 32432 | 35307 35.476
() 32556 | 25.587 25.887 | 30.541 34.515 33.823
63))] 32.556 35.031 35.756 36.067 35.959 38.019
) 32.558 25.77 25.93 30431 34.357 33.384
Q) 32559 | 29.834 | 30348 | 32429 | 34452 | 34275
@) 32556 | 32.087 35.048 | 35.175 35739 | 37.036
() 32559 | 32.629 33.77 34.559 35.144 36.181
¥ 32.559 27.981 28.305 30.26 33.947 32,076
() 32.561 25.216 26.004 | 29.846 34.43 32.636
() 32.558 | 29.583 30.351 32.809 | 34.623 34.594
) 32.56 28.883 | 29.293 31.723 34.569 34,055
) 32557 | 31574 | 33.097 | 34284 | 34776 35.78
(%) 32.559 31.208 32.622 34.213 35.321 36.02
() 32.56 33.979 34.457 35.411 36.081 37.407
() 32557 | 25.096 | 25.193 29.997 | 34352 | 33.631
() 32556 | 30.346 | 30.608 | 32434 | 34.571 34.088
) 32,558 33.297 33.479 34,752 34.735 35.388
(®) 32.558 30.798 32.064 33316 34.031 34.793
@) 32.558 | 32.883 33393 | 34.137 34.72 35.556
(n) 32556 | 35496 | 35.663 | 35871 36.207 38.353
() 32.557 37.81 38463 | 36.963 36.322 39.26
(1) 32558 | 32748 | 32941 33.518 34,245 34.504
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MINUAAIMINI TagunINTBIvBUATHIB TN Ardu M URILI T ue

wirueududinistug fissdunnuulsalsvesdyanasunaumidy 36

ImInadyausunu _

AN ay @ ©) (ay ©) (6y
{n 0.006866 | 0.054486 | 0.053704 | 0.013574 | 0.004099 { 0.004879
Q)] 0.00667 0.089834 :0.085333 0.020543 | 0.004772 | 0.007061
(a) 0.00754;4 0.009044 0.00785 0.00575 0.003943 | 0.003064
1) 0.007652 0.06963 0.067348 | 0.016892 | 0.004715 | 0.006862
(V) 0.007011 0.02969 0.026565 | 0.012105 | 0.004933 | 0.006969
n) 0.007651 | 0.015482 | 0.007303 | 0.006624 | 0.004322 | 0.003927
(%) 0.006564 | 0.014485 | 0.011254 0.00766 0.00446 0.004782
{0 0.006981 | 0.044513 | 0.041689 | 0.020089 | 0.005666 | 0.011747
{m) 0.007323 | 0.083842 | 0.066674 | 0.023782 | 0.004495 | 0.009743
(iy) 0.006807 | 0.031448 | 0.027142 0.012142 | 0.004897 | 0.006642
(.Q) 0.007346 | 0.038593 | 0.035271 0.015391 0.004838 | 0.007198
1)) 0.007133 | 0.017034 | 0.011792 | 0.007656 | 0.004786 | 0.005197
3 0.007623 | 0.022329 | 0.015931 | 0.009199 0.00429 0.004825
(%) 0.007824 | 0.013049 | 0.011968 | 0.007442 | 0.003916 | 0.003946
(an) 0.006842 | 0.084262 | 0.082709 | 0.021265 | 0.004946 | 0.008639
) 0.007382 | 0.026845 | 0.025426 | 0.013116 | 0.004902 | 0.008295
®) 0.007151 | 0.014847 | 0.014355 0.00815 0.005334 | 0.006871
") 0.00685 0.019849 | 0.013747 | 0.008135 | 0.004404 | 0.004692
(1) 0.006996 | 0.013246 0.01167 0.0074 0.004376 | 0.004853
n) 0.007378 | 0.007225 | 0.006954 | 0.005314 0.003 0.002272
(1) 0.007513 | 0.002692 | 0.002106 | 0.003661 | 0.003124 | 0.001641
(i) 0.006722 0.01354 0.013003 0.009461 0.005386 0.00821
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- ] o ol ar amd o =1 o A
ﬂ'l?'NLLﬁﬂﬁﬂ'lmﬂlﬂﬁ1ﬂlﬂnﬂ}ﬂﬁﬁﬁﬂ1iﬁﬁﬁﬂ.}m1m7‘Uﬂ’]'l-l 'Jﬁﬂll'llffllﬂlﬂ% YUMYUNUITNIT

B fszAuanuusysuvssdyanarun iy 36
TEmsaadyanasunIy

A ay @ ©) @ o) (6)

) 0.80705 | 0.92951 | 0.92982 | 092203 | 091987 | 096188
) 0.8543 | 0.88761 | 0.8883 | 091543 | 0.92569 | 0.95195
Q) 0.76166 | 093822 | 0.93834 | 0.90773 | 0.89159 | 0.95096
() 0.79789 | 0.82556 | 0.82647 | 0.85986 | 0.89787 | 0.91537
(@) 0.82986 | 0.89735 | 0.89787 | 0.90426 | 09039 | 093554
®) 0.77181 | 09424 | 094269 | 091278 | 0.8993 0.9557
(%) 0.83123 | 093535 | 093565 | 0.92511 | 091377 | 0.95271
(@) 0.85546 | 0.87774 | 0.87836 | 0.89359 | 0.91412 | 0.92313
(a1) 0.84580 | 0.82406 | 0.82529 | 0.87434 | 091694 | 0.92369
(an 0.83377 | 092157 | 0.92189 0.9162 091011 | 0.94524
) 0.80232 | 0.89644 | 0.89702 | 0.89595 | 090164 | 0.93833
) 0.78252 | 090205 | 090242 | 0.89036 | 0.87689 | 0.92388
) 0.76714 | 092029 | 092062 | 0.8968 | 0.88727 | 0.93861
() 0.75655 | 093864 | 09388 | 0.90791 | 0.89644 | 0.95055
() 0.84367 | 0.75024 | 0.75166 | 0.86692 | 0.90891 | 0.9265
1)) 0.81095 | 0.87121 | 087179 | 0.87774 | 0.89501 | 0.9166
(@) 0.8314 | 093936 | 093952 | 092681 | 0.90692 | 0.94611
(@) 0.79652 | 0.8619 | 0.86219 | 0.84877 | 0.84324 | 0.88226
(@) 0.79147 | 089116 | 0.89143 | 0.88122 | 0.87341 | 0.91636
) 0.71602 | 090335 | 090346 | 0.86926 | 0.85646 | 0.92301
(%) 072591 | 092119 | 0.92123 0.884 | 0.86661 | 0.93604
(W) 0.83148 | 0.87967 | 0.88006 | 0.88339 | 0.8846 | 090236
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A o o o o aqd e P o e
ﬂ’]iTQllﬁQQﬂqwlaﬁlﬂuﬂ'ﬁ‘UEN'Jﬁﬂ‘ﬁﬂﬂﬁﬂ]qﬂ!lmiﬁﬂ'lu'.]ﬁ“u"Il,ﬁuﬂl‘iﬁUU!ﬂUUﬂU?ﬁﬂTi

e Rszavanuilssnvesdyaasunumiiy 49

FBsaadyyrusunIu

A ay @ €} @’ o) 6y

() 31.221 28085 | 28.154 | 31.698 34.161 34.651
() 31222 | 25533 25.82 29.851 33385 | 32.873
(R) 31.22 34.735 | 35382 35.174 | 3481 37.272
©) 31.221 25735 | 25.885 29.84 33.24 32.408
(¥) 31.22 29.735 | 30.223 31.806 33.325 33.465
(%) 31222 | 31.945 34,75 34414 | 34593 | 36254
(%) 31.22 32463 | 33.556 33.821 34.013 35512
() 31.22 27.891 | 28.197 29.798 32.543 31.272
(81) 31.221 25.187 | 25.958 29.24 33.245 | 31.763
®) 31.221 29459 | 30.203 32.139 33.556 33.75
) 31222 | 28797 | 29.185 31.158 33.481 33.222
6) 31.221 31412 | 32871 33.578 33.713 | 35113
® 31222 | 31.086 | 32442 33.471 34.24 35.262
() 31223 | 33.733 | 34.176 34.608 34.888 | 36.533
(®l) 31222 | 25065 | 25152 | 29.345 33239 | 32.891
() 31222 | 30235 | 30478 31.851 33484 | 33423
(@) 31.221 33.099 | 33.261 34054 | 33572 | 34672
(@) 31.221 30.697 | 31913 32.735 33.169 | 34.308
) 31.221 32.697 | 33.175 33.504 33.729 | 34877
) 31222 | 35.187 35.33 34.981 35.25 37.643
(%) 31.221 37.249 | 37.805 35.989 35.294 38.63
(W) 31222 | 32587 | 32761 32.969 33232 | 34.037
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A3 UARSAINII TRYUNTHVDILE LN TMYBIITNIIART Y U UNIU TN naU e

Wisufsuduitasdus Aszduanunlsilsiuvesdyanausunnuviifiy 49

wMsandygINITUNIN

A 1y @) 3) @ ©) ©)
{m 0.009748 0.05443 0.053767 | 0.016192 | 0.005525 | 0.006052
{v) 0.009321 | 0.090525 | 0.086218 | 0.024312 | 0.006379 | 0.009101
(") 6.01059 0.009403 | 0.008258 | 0.007229 | 0.005217 | 0.003741
C)] 0.010627 0.06991 0.067757 | 0.019783 | 0.006258 | 0.008918
() 0.009653 | 0.029843 | 0.026781 | 0.014031 | 0.006459 | 0.008624
(n) 0.010533 | 0.015732 0.00756 0.007988 | 0.005605 | 0.004595
() 0.008961 | 0.014641 0.01143 0.009017 | 0.005902 | 0.005668
() 0.009586 0.04502 0.042319 | 0.022453 | 0.007685 0.01461
(o) 0.010281 | 0.084008 | 0.066947 | 0.027793 0.00613 0.012761
(fg) 0.009482 | 0.031854 | 0.027593 | 0.014298 | 0.006366 | 0.008263
(f,]) 0.010179 | 0039026 | 0.035821 0.01776 0.0064%9 0.009071
(g) 0.009899 0.01737 0.012184 | 0.009206 | 0.006137 | 0.006309
@ 0.010642 | 0.022628 | 0.016251 | 0.011051 | 0.005713 | 0.005923
(=) 0.010954 | 0.013358 | 0.012305 | 0.009023 | 0.005279 | 0.004976
(a1) 0.009493 0.08422 0.082788 | 0.024821 | 0.006522 | 0.010347
() 0.01027 0.027052 | 0.025702 | 0.015058 | 0.006498 | 0.009788
() 0.009776 | 0.015112 | 0.014662 | 0.009547 | 0.006971 | 0.008147
(®) 0.009557 | 0.020002 | 0.013952 | 0.009663 | 0.005589 0.00545
1)) 0.009744 | 0.013442 | 0.011898 | 0.008686 | 0.005656 | 0.005867
(n) 0.01047 0.007408 | 0.007158 | 0.006777 | 0.003902 | 0.002637
() 0.010566 | 0.002975 | 0.002397 0.00484 0.004126 | 0.001901
(1) 0.009202 | 0.013611 | 0.013111 | 0.010626 | (.006753 0.00907
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MRty IUNIY
AN (y @ ©) @ (5) (6)
{fn) 0.76141 0.92075 0.92096 0.9016 0.89726 0.9537
(%) 0.81864 0.88011 0.88061 0.89816 0.90784 0.94312
G)] 0.70852 0.92938 0.92944 0.88649 0.86536 0.94371
) 0.75164 0.81757 0.81818 0.83879 0.87143 0.89917
(2) {.78899 0.88977 0.89008 0.88714 0.8816 0.92611
) 0.72066 0.934 0.93421 0.89535 0.87376 0.94814
(%) 0.78848 0.92838 0.92857 0.90949 0.89268 0.94541 _
() 0.8194 0.87074 0.87118 0.87818 0.89142 0.91143
(1) 0.80913 0.8178 0.81865 0.85377 0.89704 0.90981
(iy) 0.79384 091419 0.91444 0.89973 0.88939 0.93703
€3). 0.75624 0.88768 0.88804 0.87707 0.87616 0.92779
(f) 0.73065 0.89268 0.89298 0.87022 0.8485 0.91452 |
® 0.7143! 0.91021 0.91045 0.87492 0.86023 0.92911
(W) 0.70331 0.92812 0.9282 0.88611 0.86939 0.94076
(Al 0.80541 0.74414 0.74508 0.84561 0.88839 0.91631
() 0.76715 0.8632 0.86352 0.85862 0.87113 0.90652
®) 0.78979 0.93237 0.93245 091184 0.88266 0.9385
®) - 0.74684 0.85403 0.85423 0.83021 0.81828 0.87511
o) 0.74193 0.88308 0.88322 0.86204 0.84877 0.90755
() 0.65296 0.89176 0.89181 0.84275 0.82905 0.91386
(5) 0.66487 0.90974 0.90976 0.85991 0.83853 0.92841
) 0.78865 0.87356 0.87374 0.86846 0.85987 0.89484
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arsnaasmRlemdus s ve I nsaadynasun s imineenSoudousuisans

A. c‘ Qr L 1 &
duq NazAuanuudslsuvesdygusuniumiiiy 64

WMIaRdRINTUAIMU
A @’ @ ©) ) ) ©)
Q) 30.061 28.002 | 28.064 31025 | 33.115 33.617
(%) 30.063 25.504 25.784 29.21 32.342 3196
@) 30.063 | 34422 | 35013 34.35 33.88 36.598
Q) 30.064 25.708 25.848 29.325 32.31 31.715
(@) 30.063 29.627 | 30092 | 31204 | 32367 | 32752
) 30.064 31.745 34374 33.64 33.551 35.582
() 30.063 32278 | 33301 33.077 | 33.104 | 34.863
() 30.063 | 27.859 | 28.149 29.4 31.717 30.656
(1) 30.064 | 25.149 | 25913 28.76 32.23 30.988
@) 30.062 29.4 30.107 31.49 32.535 32.985
) 30.063 28.71 29.085 30.53 32.482 | 32447
) 30.063 31.263 | 32.662 32.866 | 32.779 34.526
) 30.064 | 30.946 | 32242 | 32782 | 33.251 34.59
(w) 30.064 33.476 33.88 33.871 33.817 35.767
(1) 30064 | 25027 | 25.107 28.766 | 32277 | 32.266
() 30.062 30.137 | 30.366 31.323 32.526 | 32.828
(@) 30.063 32.873. | 33.023 33419 | 32612 | 34.019
®) 30063 | 30.557 | 31725 32.161 32.41 33.86
(@) 30.064 | 32.507 | 32952 32.89 32.826 | 34.293
) 30.063 34815 | 34941 | 34168 | 34280 | 36959
(%) 30.063 36.701 37.184 35.09 34399 | 38.026
(W) 30.064 | 32368 | 32.536 32421 | 32373 33.575
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Y
MU NizAuanuudsysiuves

YU TUNIUNINY 64

FEMmsaadyanusunIy

A ay @’ ©) @ ©) (6)
(n) 0.01301 0.055119 0.05451 0.019246 0.00719 0.008103
() 0.01228 0.090521 0.08629 0.028402 0.00818 0.011547
{f) 0.014159 | 0.009761 0.00862 0.008839 1 0.006647 | 0.004332
C)] 0.0142 0.069866 | 0.067846 | 0.022665 | 0.007993 | 0.010669
(v) 0.012748 | 0.030288 | 0.027295 | 0.016296 | 0.008095 0.0103
() 0.014051 0.01627 0.008165 | 0.009717 | 0.007128 | 0.005536
(" 0.012051 | 0.015016 | 0.011812 | 0.010701 | 0.007451 | 0.006701
(%) 0.012892 | 0.044952 | 0.042323 | 0.024711 0.009468 | 0.017726
(o) 0.013671 | 0.084081 0.06711 0.031044 | 0.008163 | 0.016052
@) 0.012572 0.03201 0.027879 | 0.016601 0.008149 | 0.010208
(:;]) 0.013634 | 0.039328 | 0.036163 | 0.020664 | 0.008208 | 0.010961
(;]) 0.013298 | 0.017637 | 0.012453 | 0.010995 | 0.007902 | 0.007291
® 0.014341 | 0.022926 | 0.016603 | 0.013101 0.007287 | 0.007134
() 0.01463 0.013761 | 0.012734 0.01074 0.006865 | 0.005876
(@) 0.012658 | 0.084157 | 0.082824 0.02841 0.008284 | 0.011973
(&) 0.013761 | 0.027233 | 0.025927 | 0.017198 | 0.008348 | 0.011535
(a) 0.013052 | 0.015445 | 0.015009 | 0.011014 | 0.008751 | 0.009613
(®) 0.012787 | 0.020293 | 0.014276 | 0.011416 | 0.006954 | 0.006198
(a) 0.01311 0.013696 | 0012194 | 0.010275 | 0.007205 | 0.006882
4)) 0.014251 | 0.007685 | 0.007446 | 0.008438 | 0.005174 | 0.003083
(%) 0.014274 | 0.003312 | 0.002741 | 0.006302 | 0.005332 | 0.002178
W) 0.012193 | 0.013907 | 0.013403 | 0.011984 | 0.008282 | 0.010115
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(M 071845 | 09114 | 091156 | 0.88138 | 0.87454 | 0.94454
(v) 0.78371 0.875 0.87536 0.8829 0.88909 0.93539
Q) 0.65614 | 091753 | 091757 | 0.86317 | 0.83881 | 0.93434
) 0.70911 0.80799 0.80834 0.81686 0.84564 0.88749
(8) 0.74974 | 0.88226 | 0.88246 | 0.8684 | 0.86003 | 0.91656
(®) 067213 | 092225 | 092243 | 0.87218 | 0.84565 | 0.93945
) 0.74652 | 0.92155 | 092167 | 0.89238 | 0:87129 | 0.93869
) 0.78363 | 0.86518 | 0.86543 | 0.86181 | 0.87244 | 0.90152
(01) 0.77406 | 0.81038 | 0.81101 | 0.83619 | 0.87606 | 0.89474
() 0.75378 | 09074 | 090757 | 0.88323 | 0.86565 | 0.92867
63)) 0.71528 | 0.87935 | 0.87962 | 0.85577 | 0.85426 | 091721
@ 0.67975 0.8832 0.88342 0.84788 0.81942 0.90476
@ 0.6654 | 0.89914 | 0.89934 | 0.85133 | 08316 | 0.91969
() 0.65305 | 09166 | 091664 | 0.86271 | 0.83914 | 0.93008
(@) 0.76842 0.73713 0.73777 0.82346 0.86747 0.90627
(W) 0.72508 0.85521 0.85538 0.83948 0.84628 0.89639
(@) 0.75006 0.92514 0.92518 0.89682 0.86115 093132
®) 0.69826 | 0.84491 | 0.84505 | 0.8109 | 0.79469 | 0.86702
) 0.69403 | 0.87331 | 0.87339 | 0.84129 | 0.82127 | 0.89807
() 0.59583 | 0.87838 | 0.87842 | 0.81545 | 0.79822 | 090425
(5) 0.60704 | 0.89666 | 0.89668 | 0.83297 | 0.81041 | 091913
(1) 0.7456 | 0.86551 | 0.86559 | 0.85114 | 0.83548 | 0.88558
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() 29.041 27.926 27.981 30.448 32.267 32777
) 29.041 25462 | 25.735 28.718 31.546 31.348
(a) 29.042 34.101 34.643 33.586 33.203 36.026
«) 29.041 25.651 25.786 28.854 31.359 31.016
®) 29.041 29.522 29.968 30.76 31.49 32.112
@) 29.042 31.586 34.111 32.969 32.812 35.101
() 29.042 32.064 33.045 32.466 32.335 34,194
) 29.04 27.75 28.035 28.991 30.768 30.175
(1) 29.041 25.109 25.851 28.266 31.491 30.294
(@) 29.042 29.29 29.981 30.939 31.819 32.407
) 29.041 28.631 28.992 30.019 31.638 31723
@ 29.041 31.137 32.459 32.248 32.095 34.059
® 29.042 30.787 32.029 32.171 32.526 33.988
() 29.041 33.215 33.591 33.171 33.033 35.11

(@) 29.041 24.989 25.063 28.261 31.496 31.649
(o) 29,042 30.001 30.219 30.824 31.79 32.324
(@) 29.04 32.639 32.773 32.754 31.774 | 33.463
Q) 29.042 30413 31.541 31.629 31.922 33.438
(a) 29.041 32.28 32.702 32.309 32.162 33.772
(n) 29.04 34.45 34.565 33.46 33,738 36356
(%) 29.042 36.159 36.585 34.254 33.822 37416
) 29.042 32.161 32.309 31.893 31.729 33.192
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(n) 0.016798 | 0.055447 | 0.054922 | 0.022145 | 0.008983 | 0.009816
) 0.015987 | 0.090965 | 0.086802 0.03215 0.01005 0.01336
Q) 0.018257 | 0.010147 | 0.009015 | 0.010659 | 0.007934 | 0.004947
£)] 0.018316 | 0.070302 | 0.068333 0.02582 0.010188 | 0.012903
(%) 0.016473 | 0.030451 | 0.027538 | 0.018272 | 0.010494 | 0.012393
@) 0.018148 | 0.016596 | 0.008403 | 0.011706 | 0.008797 | 0.006211
(%) 0.015439 | 0.015323 | 0.012131 | 0.012237 | 0.009101 | 0.007843
() 0.016304 | 0.045701 | 0.043086 | 0.027416 | 0.012124 | 0.020041
() 0.017624 0.08474 0.067938 0.03506 0.009978 0.01975
()] 0.016359 | 0.032412 | 0.028267 | 0.019003 | 0.009886 0.01204
(;]) 0.017623 | 0.039435 | 0.036388 | 0.023462 | 0.010656 | 0.013605
(g) 0.017172 | 0.017887 | 0.012735 | 0.012799 | 0.009459 | 0.008179
¢)) 0.018471 | 0.023345 0.017943 0.015317 | 0.008956 | 0.008465
{n) 0.018991 | 0.014137 | 0.013125 | 0.012687 | 0.008506 | 0.006884
(1) 0.016213 | 0.083999 | 0.082713 | 0.031989 | 0.010139 | 0.013891
(a1) 0.017696 | 0.027661 | 0.026385 | 0.019421 | 0.010273 | 0.013159
(®) 0.016856 | 0.015817 | 0.015408 | 0.012821 | 0.011041 | 0.010869
{®) 0.016625 0.02061 0.01458 0.013243 | 0.008221 | 0.006985
® 0.016916 | 0.014036 | 0.012518 | 0.011954 | 0.008644 | 0.007943
(1) 0.018494 | 0.007982 | 0.007749 | 0.010134 | 0.006073 | 0.003502
(5) 0.018542 | 0.003739 | 0.003162 | 0.008016 | 0.006312 | 0.002538
(u) 0.015757 | 0.014169 | 0.013699 1 0.013505 | 0.009959 | 0.010992
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Q) 0.67922 | 0.90289 | 0.90298 | 0.86266 | 0.85721 | 0.93639
() 0.75034 | 0.86841 | 0.86867 | 0.86744 | 0.87682 | 0.92809
Q) 0.60869 | 090519 | 090523 | 0.83941 | 081732 | 092525
() 0.67122 | 079971 | 0.79994 | 0.79637 | 0.82425 | 0.87428
(@) 0.71177 | 0.87355 | 0.87369 | 0.85056 | 0.83683 | 0.90561
() 0.62563 | 091143 | 09116 | 0.84895 | 0.82592 | 0.93112
1) 0.7048 0.91322 0.9133 0.8749 0.85469 0.92964
(1) 0.74961 0.857 | 0.85715 | 0.84559 | 0.85247 | 0.89211
() 0.73944 0.80328 0.80368 0.8176 0.86277 0.88097
G 0.71573 | 0.89873 | 0.89884 | 0.86575 | 0.85025 | 0.92109
1) 0.67464 | 0.86815 | 0.86833 | 0.83299 | 0.83244 | 0.90406
) 0.63372 | 0.87281 | 0.87301 | 0.82717 | 0.79888 | 0.89527
@ 0.62033 | 0.88781 | 0.88797 | 0.82927 | 0.81133 | 0.9097
(=) 0.60682 0.90319 0.90323 0.83683 0.81644 0.92017
(r) 0.73292 | 0.7292 | 0.72961 | 0.80201 | 0.85044 | 0.89433
() 0.68435 0.84533 0.84543 0.81876 0.82616 0.88604
Q) 0.71133 | 091583 | 091585 | 0.8774 | 0.83873 | 0.92318
(@) 0.65269 | 0.83499 | 0.83511 | 079079 | 0.77757 | 0.85852
@) 0.64949 | 0.86286 | 0.86291 | 0.82061 | 0.80146 | 0.8889
() 0.5419 | 0.86345 | 0.86347 | 0.78762 | 0.77852 | 0.89289
() 0.55399 | 0.88284 | 0.88286 | 0.80545 | 0.78975 | 0.9086
(W) 0.70322 | 0.85683 | 0.85687 | 0.83285 | 0.81433 | 0.87734
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(n) 27.299 27.768 27.811 29.484 30.72 31.525
(1) 27.301 25.357 25612 27.832 29.999 30.063
(a) 27.298 3341 33.868 32.286 31.713 34878
C)] 27.298 25.554 25.678 28.01 29.955 29.906
v 27.3 20.261 29.663 29.806 29.965 31.056
) 27.301 31.203 33.397 31.634 31.363 34,045
(1) 27.3 31.638 32.497 31.286 30.939 33.317
(1) 27.299 27.606 27.875 28.338 29311 29.212
(an 273 25.003 25,722 27473 30.005 29.309
(an 27.3 29.032 29.665 2994 30.399 31.331
€3), 27.3 28.399 28.729 29.124 30.214 30.545
(g) 27.299 30.728 31.908 31.066 30.698 33.201
@ 27.301 3047 31.593 31.04 31.067 33.032
() 27.3 32.617 32.939 7 31.922 31.539 33.982
(an 27.299 24,895 24961 21.337 29.975 30.605
(a) 273 29.713 29.911 29.904 30.428 31.423
(®) 273 32.138 32.252 31.593 30.332 32.567
®) 27.299 30.099 31.137 30.641 30.69 32.695
(o) 273 31.805 32.174 31.23 30.783 32.869
n) 273 33.684 33.768 32.103 32224 35.197
(1) 27.3 35.062 35.384 32.741 32.345 36,312
u) 27.3 31.671 31.803 30.907 30.434 32.505
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(") 0.026086 | 0.056029 | 0.05562 | 0.027915 { 0.013323 | 0.013216
() 0.024579 | 0.091525 | 0.087573 | 0.039768 | 0.014903 | 0.019316
") 0.028216 | 0.011217 | 0.010099 | 0.01483 | 0.011642 | 0.006744
() 0.028263 | 0.070844 | 0.068999 | 0.032368 { 0.014678 { 0.017823
(@) 0.025294 | 0.031432 | 0028539 | 0.023073 | 0.015093 | 0.016401
®) 0.028172 | 0.017678 | 0.009627 | 0.016498 | 0.012834 | 0.0081
(%) 0.023841 | 0.016022 | 0.012872 | 0.016201 | 0.012523 | 0.00989
() 0.025139 | 0.045733 | 0.043226 | 0.031552 | 0.01758 | 0.026232
(a1) 0.027674 | 0.085629 | 0.068789 | 0.04257 | 0.015016 | 0.025627
) 0.025236 | 0.033433 | 0.029394 | 0.024142 | 0.014379 | 0.015962
63)] 0.027229 | 0.040706 | 0.037703 | 0.029306 | 0.01504 | 0.018846
) 0.026521 | 0.018822 | 0.01375 | 0.017248 | 0.013289 | 0.009845
) 0.028647 | 0.024302 | 0.018071 | 0.020241 | 0.013204 | 0.010938
(an) 0.029257 | 0.015279 | 0.014289 | 0.017194 | 0.012368 | 0.008924
(1) 0.025206 | 0.083892 | 0.082711 | 0.039331 | 0.014931 | 0.017754
(t4) 0027411 | 0.028447 | 0.0272 | 002431 | 0.014596 | 0.016738
®) 0.025838 | 0.016668 | 0.016279 | 0.016744 | 0.015454 | 0.013334
) 0.026009 | 0.021398 | 0.015382 | 0.017566 | 0.011648 | 0.00871
®) 0.026195 | 0.01481 | 0.013312 | 0.015911 | 0.012459 | 0.010218
(n) 0.029239 | 0.008952 | 0.008742 | 0.014694 | 0.009374 | 0.004801
(B) 0.029001 | 0.0048 | 0.004226 | 0.012226 | 0.009542 | 0.003379
(1) 0.024189 | 0.014869 | 0.0144 | 0.01686 | 0.01347 | 0.012499
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A ) @ 3y @’ ©) ©

(n) 0.60901 0.88023 0.880206 0.82062 0.81105 0.9166
@) 0.68698 0.85058 0.85072 0.82876 0.83675 0.90759
()] 0.52461 0.87914 0.87916 0.79201 0.76109 0.90493
() 0.59992 | 0.77536 | 0.77548 | 0.7503 | 0.77234 | 0.84506
{2 0.64023 0.85466 0.85473 0.81296 0.78577 0.88523
®) 0.54752 0.88497 0.88511 0.79776 0.77389 0.91068
(%) 0.62507 0.8951 0.89517 0.83675 0.80946 0.91471
{) 0.69039 0.8433 0.84335 0.81653 0.80909 0.8733
(a0) 0.67911 0.7862 0.78644 0.77853 0.82144 0.8565
0] 0.64637 0.87865 0.87872 0.82626 0.8066% 0.90123
Q) 0.60414 0.84667 0.84676 0.79274 0.78233 0.88282
@ 0.55063 0.8466 l. 0.84676 0.7774:2 0.73996 0.87383
(%) 0.54025 0.8616 0.86175 0.78024 0.75484 0.88805
(=) 0.52698 0.87483 0.87485 0.78662 0.76062 0.89849
(1) 066767 | 07127 | 0.71284 | 0.75799 | 0.80525 | 0.87152
() 0.61206 0.82382 0.82386 0.77659 0.77796 0.86356
(") 0.64003 0.89665 0.89666 0.84064 0.79266 | 090711
(@) 0.56955 | 0.81262 | 0.81272 | 0.74845 | 0.73024 | 0.84068
(3)] 0.56907 0.84029 0.84033 0.77651 0.75052 0.86919
n) 0.45132 0.83167 | 0.83167 0.72927 0.71613 0.86876
(1) 046272 0.85216 0.85217 0.74888 0.73158 0.88682
) 0.62528 0.83761 0.83762 0.75579 0.76643 0.86081
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Q) 26543 | 27.675 | 27716 | 29.043 | 30066 | 30.797
) 26.545 | 25204 | 25547 | 27416 | 20394 | 29572
Q)] 26.546 | 33.043 | 33444 | 31554 | 31001 | 34.411
Q) 26.545 | 25494 | 25616 | 27677 | 29317 | 29.452
(@) 26545 | 20131 | 29528 | 29.397 29.42 30.665
(R) 26544 | 30972 | 33015 | 31068 | 30.667 | 33.587
) 26546 | 31361 | 32156 | 30714 | 30298 32.93
() 26.543 | 27508 | 27764 | 27999 | 28766 28.79
(1) 26545 | 24943 | 25.651 27.144 | 29371 | 28.818
@) 26.547 | 28.889 | 29513 | 29.521 29.755 | 30.883
) 26.545 28.27 28588 | 28689 | 29.565 | 30.075
) 26.544 | 30.526 31.64 30521 | 30.102 | 32.812
) 26545 | 30264 | 31332 | 30482 | 30439 | 32602
() 26.545 | 32334 | 32632 | 31377 | 30855 | 33.558
(s1) 26.544 | 24839 | 24903 | 26934 | 20319 | 30.154
() 26.545 | 29558 | 29748 | 29488 | 29.774 | 31.067
(@) 26544 | 31876 | 31983 | 31.089 | 29775 | 32.165
@) 26544 | 29918 | 30906 | 30159 | 30.116 | 32342
(@) 26545 | 31568 | 31922 | 30733 | 30.194 | 32.535
() 26.545 | 33329 | 33406 | 31511 | 31573 | 34.685
® 26.545 | 34566 | 34.843 32.08 31.676 | 35.771
(u) 26545 | 31451 | 31572 | 30453 | 29.908 | 32215
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D) 0.03174 | 0.056309 | 0.055923 | 0.030842 | 0.01568 | 0.016356
{v) 0.029715 | 0.092271 0.08836 0.044399 | 0.017255 | 0.021842
() 0.034659 | 0.01195 | 0.010883 | 0.017853 | 0.01419 | 0.007499
@ 0.034143 | 0.071026 | 0.069152 | 0.035152 | 0.017327 | 0.020093
() 0.030736 | 0.031706 | 0.028831 0.02545 0.017438 | 0.018132
®) 0.034323 | 0.018508 | 0.010477 | 0.019215 | 0.015264 | 0.009084
%) 0.028808 | 0.016859 | 0.013686 | 0.018616 | 0.014657 | 0.010846
(1) 0.030425 | 0.046469 | 0.043996 | 0.034391 | 0.020413 | 0.030269
() 0.032979 | 0.086233 | 0.069523 0.04589 0.017559 | 0.029477
()] 0.030533 | 0.033852 | 0.029737 | 0.026312 | 0.016766 | 0.017873
Q) 0.033326 | 0.041556 | 0.038569 | 0,032829 | 0.01813% | 0.021831
@ 0.032316 | 0.019398 | 0.014367 | 0.019854 | 0.015456 | 0.011164
%) 0.034882 | 0.024978 | 0.018729 | 0.023238 | 0.015584 | 0.012262
) 0.035237 | 0.015803 | 0.014827 | 0.019589 | 0.01464 | 0.009793
(an) 0.030243 | 0.084061 0.08288 0.043196 | 0.017402 | 0.019404
{m) 0.03312 0.028941 | 0.027714 0.02686 0.017197 | 0.018163
(7)) 0.030831 | 0.017277 | 0.016893 | 0.018849 | 0.017485 | 0.014855
Q) 0.031399 | 0.021912 | 0.015878 | 0.020077 | 0.013643 | 0.009523
® 0.031853 | 0.015277 | 0.013758 | 0.018134 | 0.014509 | 0.011022
{n) 0.035591 | 0.009495 | 0.009286 | 0.017354 | 0.011266 | 0.005501
(n) 0.035205 0.00547 0.004902 | 0.014757 | 0.011441 0.00398
(W) 0.029023 | 0.015136 | 0.014675 | 0.018789 | 0.015171 0.01322
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() 0.5778 | 0.86852 | 0.86854 | 0.79787 | 0.78946 0.906

() 0.66 0.84324 | 0.84335 | 0.81278 | 0.81996 | 0.90005
(M) 0.48819 | 0.86308 | 0.8631 0.76182 | 0.73367 0.8932
(2) 0.56963 | 0.76377 | 0.76384 | 0.72974 | 074543 | 0.83364
() 0.61112 | 0.84605 | 0.84611 | 0.79547 | 0.76907 | 0.87675
) 0.51382 | 0.87044 | 0.87058 | 0.77496 | 0.74669 | 0.89942
%) 0.5933 | 0.88335 | 0.88341 | 0.81593 0.7858 | 0.90451
() 0.66174 | 0.83436 | 0.83439 | 0.79842 | 0.79331 | 0.86256
(a1) 0.64933 | 0.77446 | 0.77464 | 0.75904 | 0.79776 | 0.8395
(an 0.61527 | 0.86841 | 0.86846 | 0.80884 | 0.78599 | 0.89185
)] 0.57407 | 0.83521 | 0.83528 | 0.77119 | 0.76088 | 0.87215
@ 0.51251 | 0.83369 | 0.83384 | 0.75399 0.7116 0.86459
@) 0.5063 0.8462 | 0.84634 | 0.75479 0.7291 0.87542
() 0.49262 | 0.85982 | 0.85984 | 0.76276 | 0.73144 | 0.88669
(a1) 0.63839 | 0.70287 | 0.70295 | 0.73694 | 0.78369 | 0.86044
() 0.58065 | 0.81285 | 0.81288 | 0.75639 | 0.75331 | 0.85358
)) 0.60726 | 0.88642 | 0.88643 0.823 0.771 0.89843
@) 0.53291 | 0.80098 | 0.80108 | 0.72689 | 0.70663 | 0.83172
@) 0.53424 | 0.82809 | 0.82812 | 0.75481 | 0.72677 | 0.85962
m) 0.41326 | 0.81541 | 081541 | 0.70066 | 0.68848 | 0.85628
(B) 0.42375 | 0.83588 | 0.83589 0.7209 0.70214 | 0.87425
() 0.58929 | 0.82754 | 0.82754 0.7769 0.74492 | 0.8521
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' Tmraadyanusuniu
nm Wy @ ) @’ sy ©
(n) 25.849 27.511 27.546 28.615 29.383 30.312
L)) ' 25.851 25.24 25.485 27.09 28.799 29.119
{n) 25.849 32.774 33.16 31.032 30.485 34.034
) 25.85 25417 25.534 27.29 28.768 29.06
%) 25.85 28.926 29.301 28.986 28.831 30.212
() 25.85 30.721 32.656 30.621 30.053 33.192
) 25.848 31.188 31.956 30.374 29709 32.581
(=) 25.851 27.408 27.655 27.716 28.18 28.423
(1) 25.851 24.896 25.592 26.798 28,742 28.521
)] 25.85 28.772 29.361 29.053 29.127 30.404
63} 25.851 28.158 28.479 28.379 29.031 29.712
Q) 25.851 30.37 31.456 30.054 29.573 32.555
(§) 25.85 30.087 31.104 30.019 29.888 32.264
(=) 25.849 32.022 32.294 30.833 30.177 33.093
(1) 25.849 24.79 24.852 26.549 28.745 29.6717
(w) 25.85 29.408 29.587 29.083 29.248 30.713
(") 25.85 31.593 31.692 30.557 29.147 31.802
(w) 25.849 29.753 30.681 29.688 29.574 32.008
(a) 25.85 31.298 31.623 30.239 29.617 32.159
n) 25.851 32.924 32.992 30.951 30971 34.167
(1) 25.85 34.051 34.305 31.443 31.022 35.282
(u) 25.85 31.2 31.312 29.997 294 31.91
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M ay @ ©) @)’ (s )
(M) 0.03785 | 0.057848 | 0.057491 | 0.034501 | 0.018814 | 0.018897
() 0.034984 | 0.092726 | 0.088878 | 0.047646 | 0.019903 | 0.024359
(%) 004098 | 001249 | 0.011372 | 0.020575 | 0.01614 | 0.008157
) 0.040621 | 0.072045 | 0.070262 | 0.039424 | 0.020345 | 0.022829
) 0.036471 | 0.032662 | 0.029745 | 0.028342 | 0.020564 | 0.020346
(®) 0.04066 | 0.019318 | 0.011098 | 0.02155 | 0.017797 | 0.010131
(%) 0.033748 | 0.017049 | 0.013858 | 0.020001 | 0.016921 | 0.011753
() 0.035988 | 0.046963 | 0.044536 | 0.036712 | 0.023498 | 0.033356
(@) 0.039067 | 0.086338 | 0.069757 | 0.049669 | 0.02063 | 0.031427
() 0.036219 | 0.034411 | 0.030407 | 0.029834 | 0.019843 | 0.020839
o) 0.038944 | 0.041778 | 0.038762 | 0.03503 | 0.020553 | 0.024049
R 0.038847 | 0.019696 | 0.014641 | 0.022435 | 0.018029 | 0.011501
) 0.041098 | 0.025585 | 0.019365 | 0.026123 | 0.01791 | 0.013273
() 0.042287 | 0.016684 | 0.01571 | 0022468 | 0.017518 | 0.011095
(A1) 003623 | 0083827 | 0.082664 | 0.047025 | 0.020207 | 0.02177
(a1) 0.039226 | 0.029471 | 0.028266 | 0.02986 | 0.019795 | 0.019951
@) 0.036927 | 0.017862 | 0.017477 | 0.021365 | 0.020414 | 0.016123
(@) 0.037703 | 0.02239 | 0.016475 | 0.022932 | 0.015893 | 0.010406
Q) 0.037946 | 0.015812 | 0.014316 | 0.020607 | 0.01681 | 0.012113
() 0.042648 | 0.010299 | 0.010098 | 0.020221 | 0.013534 | 0.006289
(%) 0.04245 | 0.006257 | 0.005677 | 0.017711 | 0.013788 | 0.004535
) 0.034539 | 0.01568 | 0.015228 | 0.02098 | 0.017276 | 0.014044
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AU ay @ €)) @ 5y 6)
(3)] 0.55046 0.85539 0.8554 0.77813 0.76014 0.8946
(v 0.63391 0.83447 0.83454 0.79805 0.80037 0.89014
7)) 0.45605 0.84868 0.8487 0.73649 0.70864 0.88196
6 0.54127 0.75183 0.75188 0.70921 0.72073 0.82214
(v) 0.58073 0.8322 0.83226 0.7738 0.7452 0.86324
(n) 0.48114 0.85589 0.85603 0.75305 0.71828 0.88859
(%) 0.55978 0.87392 0.87398 0.80076 0.76471 0.89682
() 0.63377 0.82278 0.82281 0.78031 0.76891 0.84948
(ﬂl). 0.62642 076716 0.76731 0.74585 0.78162 0.83117
) 0.58829 0.86067 0.86072 0.7937 0.76506 0.88583
(Q) 0.54645 0.82174 0.82182 0.75063 0.73561 0.85913
({]) 0.47998 0.82191 0.82205 0.73097 0.68681 0.85515
(3) " 047504 0.83299 0.83313 0.73333 0.70575 0.86544
(n) 04615 0.844 0.84402 0.73792 0.70049 0.87448
(a1 0.61018 0.69391 0.69396 0.71442 0.76189 0.84638
() 0.55121 0.80184 0.80186 0.73734 0.73089 0.84261
(") 0.5771 0.87535 0.87536 0.80385 0.74659 0.88993
(®) 0.50034 0.78872 0.78882 0.70562 0.68304 0.82226
(R) 0.50156 0.81487 _ 0.8149 0.73174 0.70134 0.84865
n) 0.38004 0.79749 0.7975 0.67253 0.65992 0.84215
(™ 0.38896 0.81851 0.81852 0.69205 0.67065 0.86161
1) 0.55502 0.81678 0.81679 0.75733 0.72381 0.843
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A ’ @ ) @’ ©) ©)

Q) 25207 | 27391 | 27.424 282 | 28807 | 29787
() 25205 | 25186 | 25423 | 26686 | 28.188 | 28.501
(a) 25206 | 32339 | 32678 | 30471 29815 | 33.507
@) 25207 | 25352 | 25464 | 26944 | 28.163 | 28.681
() 25207 | 28.809 | 29479 | 28.627 | 28282 | 29.931
(%) 25206 | 30527 | 32351 30.105 | 29.464 32.94
(¥) 25207 | 30.878 | 31.568 29.76 29219 | 32.168
() 25206 | 27302 | 27.543 27406 | 27628 | 28.171
(a0 25205 | 24837 | 25524 | 26462 28.26 28.146
(o 25206 | 28.635 | 29.226 | 28708 | 28.645 | 30.153
) 25206 | 28.041 | 28337 | 28004 | 28367 | 29426
) 25209 | 30.147 31.15 29.565 29.08 32.181
@ 25207 | 29.864 30.83 29.524 | 29289 | 31.877
(1) 25.206 31.742 32.002 30.331 29.637 32.698
(s1) 25206 | 24729 | 24789 | 26.193 | 28159 | 29.266
() 25.206 29.215 29.388 28.711 28.681 30.376
(R) 25206 | 31306 | 31396 | 30066 | 28.629 | 31452
@) 25206 | 29.574 | 30469 | 29261 | 29054 | 31.728
Q)] 25.206 31.034 31.336 29.782 29.082 31.805
() 25.206 32.57 32.637 | 30427 | 30368 | 33.753
(5) 25206 | 33.559 | 33.774 | 30.845 30341 | 34784
(M) 25207 | 30926 | 31.031 | 29564 | 28864 | 31.606
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NN y @’ 3) @’ sy 0]
(n) 0.045085 | 0.059013 | 0.058661 0.038485 | 0.022007 | 0.022269
(V) 0.041334 0.09282 0.089035 | 0.052631 | 0.023125 0.02812
1G] 0.04751 0.013567 | 0.012473 | 0.023126 | 0.018701 0.009552
() 0.047653 | 0.072711 | 0.070992 | 0.043054 | 0.023545 | 0.024952
(1) 0.043247 | 0.032984 | 0.030097 | 0.030943 | 0.023327 | 0.022207
(n) 0.047565 | 0.019988 | 0.011781 | 0.024655 | 0.020566 | 0.010833
&) 0.040274 | 0.017802 | 0.014722 { 0.023221 | 0.018988 | 0.012778
{x) 0.042158 | 0.047529 | 0.045059 | 0.039922 0.02704 0.035969
(an) 0.046286 | 0.087235 | 0.070534 | 0.054198 | 0.023757 | 0.034659
) 0.042565 | 0.034883 | 0.030767 | 0.032029 | 0.022032 | 0.022105
(;]) 0.045926 | 0.042542 | 0.039635 | 0.038912 | 0.024193 | 0.025926
(g) 0.045549 | 0.020512 | 0.015388 | 0.025307 | 0.020195 { 0.012264
@ 0.0488 0.026543 | 0.020294 | 0.029758 | 0.020882 | 0.014525
(1) 0.049248 | 0.017295 | 0.016291 0.02532 0.01993 0.011985
(a) 0.042174 | 0.084148 | 0.083013 | 0.050966 | 0.023061 | 0.023519
() 0.045927 | 0.030265 | 0.029036 0.0325 73 | 0.022792 0.02184
(") 0.043164 | 0.018606 0.01823 0.024045 | 0.023148 | 0.017335
(a) 0.044538 | 0.023112 0.01716 0.025952 | 0.018533 | 0.011261
() 0.044828 | 0.016564 | 0.015076 | 0.023444 | 0.019453 | 0.013384
n) 0.050343 0.01094 0.010721 0.023318 0.01603 0.007145
(B) 0.049927 | 0.007062 | 0.006511 | 0.020779 | 0.016443 | 0.005097
) 0.041003 | 0.016282 | 0.015818 | 0.023384 | 0.019716 0.014814
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nMm (1 @ 3) @ ©) ©)

{n 0.52527 0.8436 0.84361 0.75584 0.74029 0.88403
{v) 0.61116 0.82568 0.82574 0.78217 0.77999 0.88117
13)] 0.42543 0.83444 0.83446 0.71699 0.68128 0.87125
(9) 0.51533 0.73923 0.73927 0.6872 0.69254 0.80848
) 0.55367 0.8223 0.82235 0.756 0.72246 0.85488
(n) 0.454535 0.84297 0.84311 (.73051 0.69644 0.87823
(1) 0.53047 0.86201 0.86207 0.77701 0.74458 0.88827
(¢1) 0.61009 0.81425 0.81428 0.7656 0.74828 0.84081
(a1) 0.6005 0.75615 0.75629 0.72389 0.76066 0.81798
@) 0.56088 | 0.84879 | 0.84884 | 077554 | 0.74575 | 0.87516
Q) 0.51906 0.80989 0.80996 0.72994 0.7053 0.84966
64), 0.44706 0.80575 0.80589 0.70519 0.66159 0.84162
) 0.44672 0.8167 0.81683 0.70646 0.67612 0.85199
() 0.43408 0.82895 0.82897 0.71489 0.67488 0.86271
(a1 0.58508 0.68376 0.6838 0.69357 0.73626 0.83432
() 0.52244 0.78939 0.78941 0.7182 0.7065 0.83103
(®) 0.54849 0.8631 0.86311 0.78448 0.72465 0.87976
(7)) 0.46907 0.77646 0.77656 0.68525 0.65906 0.81272
()] 047111 0.80143 0.80146 0.70988 0.67698 0.83745
{(m 0.34947 0.78001 0.78002 0.64606 0.62961 0.8295
(v) 0.35781 0.80021 0.80022 0.66469 0.63853 0.84759
(1) 0.5249 0.80589 0.8059 0.73984 0.65983 0.8344
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InsaadgInIunIy

am ay Q) ©) (@) 5) 6y

(n) 24.607 27269 | 27.301 27.833 28.322 29.338
(v) 24.607 25.113 | 25343 26427 | 27.649 | 28.267
(n) 24.607 31.991 32.301 20994 | 29257 | 33.146
) 24.608 25.264 | 25371 26.629 27.74 28.339
(@) 24.608 28.676 | 29.038 28.269 27.75 29.643
(®) 24.608 30313 | 31.978 29.639 | 28917 | 32571
(%) 24.607 30.628 | 31302 | 20362 | 28.605 31.847
(o) 24.608 27.163 | 27.396 27.147 | 27171 27.909
(a1) 24.607 24.79 25459 | 26.203 27.712 | 27.883
@) 24.607 28.451 29.011 28285 | 28.103 29.748
) 24.607 27.87 28.16 27.662 | 27.913 29.084
) 24.607 29.889 30.84 29.138 | 28.604 | 31.877
1 24.608 20.682 | 30.594 | 29077 | 28.795 31.59
() 24607 | 31.386 | 31.624 | 29.862 | 29.041 32278
(1) 24.607 | 24.659 | 24.716 25862 | 27.629 | 28.875
() 24,608 | 29.055 29218 | 28341 28.173 30.109
@) 24.608 | 31.006 | 31.087 | 29.599 | 28.095 31.1

@) 24.607 | 29.381 30224 | 28.845 28.571 31.373
@) 24.608 30.771 31.049 29.34 28579 | 31511
") 24.608 32226 | 32282 29.937 29.795 33.346
(%) 24607 | 33104 | 33.297 30335 | 29.824 | 34202
(W) 24.607 30.668 30.765 29.118 | 28377 | 31.363
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Mw (y @ ©) @’ ) (6
(m 0.051692 0.05952 0.059186 | 0.041831 0.024652 | 0.024802
) 0.047983 0.0§3999 0.090131 0.056053 0.026585 0.03153
(") 0.055969 | 0.014424 | 0.013341 0.026554 0.02172 0.010368
() 0.055194 | 0.073826 | 0.072105 | 0.047026 | 0.026614 | 0.027627
(v) 0.049697 | 0.033422 | 0.030522 | 0.034017 | 0.026628 | 0.024128
®) 0.055143 | 0.020762 | 0.012769 | 0.027572 | 0.023353 | 0.011641
(%) 0.046946 | 0.018663 | 0.015435 | 0.025764 | 0.022033 | 0.013869
() 0.048403 | 0.048247 ) 0.045825 0.042578 | 0.030257 | 0.038473
(B1) 0.052599 | 0.087588 | 0.071115 0.057309 | 0.027234 | 0.036982
() 0.048768 | 0.035868 | 0.031834 | 0.035941 0.02512 0.025015
(;]) 0.053199 | 0.043283 0.04035 ' 0.042066 | 0.026847 0.0286
(;]) 0.053243 0.0215 0.016436 | 0.028388 | 0.023015 | ©€.013169
3) 0.056096 | 0.027271 0.021057 | 0.033242 | 0.023696 | 0.015655
(%) 0.057631 | 0.018448 | 0.017449 0.02834 0.023167 | 0.013256
(&1 0.049033 | 0.084079 | 0.082977 | 0.054927 { 0.026553 0.02586
(an) 0.053171 | 0.030792 | 0.029592 | 0.035628 | 0.025786 | 0022915
(”) 0.050157 | 0.019504 | 0.019129 | 0.026975 | 0.026253 | 0.019148
1(:))] 0.051924 | 0.023668 | 0.017767 | 0.028848 | 0.021006 | 0.012317
(o 0.051892 0.01721 0.015733 0.026363 0.022002 | 0.014282
() 0.058454 | 0.011637 0.01143 0.026516 | 0.018728 | 0.007869
(5) 0.057935 | 0.008037 | 0.007477 | 0.023866 | 0.018905 0.00587
1) 0.047701 | 0.016767 | 0.016303 | 0.026092 | 0.022075 | 0.015457
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N w’ @ ©) @’ (sy 6)

m 0.50083 | 0.83016 | 0.83017 | 0.73561 | 0.72117 | 0.87235
() 0.58728 | 0.81379 | 0.81385 | 0.76306 | 0.75864 | 0.8695
Q)] 0.39993 | 0.8188 | 0.81881 | 0.69246 | 0.65471 0.86

@ 049293 | 072363 | 0.72367 | 0.66476 { 0.67195 | 0.79397
Q) 0.5295 | 0.81153 | 0.81158 | 0.7387 | 0.70157 | 0.84443
@) 042776 | 0.82841 | 0.82854 | 0.70814 | 0.66958 | 0.86774
) 0.50227 | 0.85215 | 0.85221 | 076074 | 0.72024 | 0.88044
() 0.58636 | 0.8043 | 0.80433 | 0.75054 | 0.72707 0.831

(21) 0.57764 | 0.74398 | 0.74911 | 0.71287 | 0.73874 | 0.81041
(") 0.53499 | 0.83797 | 0.83801 | 0.75701 | 0.72247 | 0.86542
Q) 0.49663 | 0.79636 | 0.79643 | 0.70947 | 0.68777 | 0.8376
€1)] 042194 | 0.79151 | 0.79165 | 0.6866 | 0.63942 | 0.83078
%) 042122 | 0.80312 | 0.80326 | 0.6853 | 0.65089 | 0.84173
() 0.40801 | 0.81155 | 0.81157 | 0.69241 | 0.64649 | 0.84909
(1) 0.56018 | 0.67364 | 0.67366 | 0.67338 | 0.71642 | 0.82173
(™) 0.49772 | 0.77749 | 0.7775 | 0.69921 | 0.68348 | 0.82094
(@) 0.52241 | 0.85099 | 0.85099 | 0.76682 | 0.70182 | 0.87045
(®) 044156 | 0.76325 | 0.76334 | 0.66365 | 0.63691 | 0.80161
(™) 0.44447 | 0.78851 | 0.78853 | 0.68971 | 0.65388 | 0.82717
) 0.32233 | 0.76239 | 0.7624 | 0.62014 | 0.60232 | 0.81553
() 0.33019 | 0.78287 | 0.78287 | 0.64028 | 0.61352 | 0.83401
(W) 0.49557 | 0.79386 | 0.79386 | 0.71876 | 0.6778 | 0.82508
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Adaptive Block-Based Singular Value Decomposition Filtering

Napa Sae-Bae and Somkatt Udomhunsakul
King Mongkut's Institute of Technology Ladkrabang
Faculty of Engineering, Information Engineering Department
Bangkok, Thailand
Email: benapa@gmail.com, lusomkai@kmitl.ac.th

Abstract

Noise -réduction is_one of the most important
processes to erhance the quality of reconstructed
image. In this paper, we present an adaptive block-
based singular value decomposition method for noise
reduction. Instead of applying block-based singular
value decomposition (BSVD) directly to noisy images,
we propose to apply BSVD on the noisy edge image
version obtained from the difference bétween the
original noisy image and its blur image version. From
the experimental results, we demonstrate that our
proposed  approach compared with traditionally
methods can remove noise, preserve edges as well as
effectively smooth  in the homogenous region.
Therefore, our method leads to a practical method to
be used for noise reduction. p

1. Introduction

Noise reduction is an essential issue in the field of
digital image processing. When filtering random noise
from a noisy image, there are two main issues need to
be considered, which are how much noise had been
removed, and how well edges are preserved without
blumring. Traditionally, there are several simple
techniques for noise suppression such as moving
average filtering and Gaussian filtering, However,
they can effectively suppress poise but it fail to
preserve many useful detail, being. merely a lowpass
filter [1]. In the past decades, there had been
considerably interest in, using the wavelet transform as
a powerfil tool for recovering signal from noisy data.
This method is generally rcferred to as wavelet
shrinkage techniques. In 1995, Donoho presented a soft
thresholding method for denoising in 1-D signal [2].

- Chang, Yu and Vetterli introduced an adaptive wavelet
thresholding for image denoising and compression [3].
They proposed a new shringkage method, BaeyShrink,
which also outperformed’ Donohe and Johnstone’s

0-7695-2928-3/07 $25.00 © 2007 [EEE
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Sureshrink. However, wavelet denoising method bas
two main drawbacks, which ‘are the choice of the
threshold and the specific distributions of the signal
and noise may not be well matched at different scales
(4]. In 1997, Konstantinides, Natarajan and Yovanof
introduced noise estimation and SVD filtering using
block-based singular value decomposition (BSVD)
{5,6]. They divided the whole image matrix into each
38 block size, which are much less in computation
time demanding. They demonstrated that BSVD

outperformed soft thresholding method that even with -

Doncho’s optimal threshold, the filtered image are
quite blury. In addition, an approach for image
denoising by performing SVD filtering 'in detail
subbands of wavelet domain was proposed [71.

In this research study, we comcentrate on noise
reduction filtering based on BSVD algorithm, which is
suitable for image. noise reduction. However, this

method can perform well to preserve image detail .

(edge) but fail to smooth in the homogeneous region
pointed out by Hou {7]. Therefore, our goal is to
present an adaptive BSVD filtering for noise reduction.
method. Tn contrast to apply BSVD on the noisy image

directly [5], we propose to apply BSVD on the noisy .

edge image version obtained from the difference

between the original -noisy image and its blur image - %3
version. Gaussian filter is used to apply to original ;.73
noising image to get a blur image version. From the "%

experiments, we demonstrate that our proposed
approach can suppress noise, preserve edge as well as
effectively smooth in the homogenous region. :
This paper is organized as follows. ‘Section 2-
provides a brief introduction of SVD. Section
contains SVD based noise reduction. In Section 4, the
proposed method is introduced and explained. Section
5 gives some experimental results to demonstrate the:
effectiveness of tbe proposed method. Finally,
concluding remarks are given in section 6.




2. Singular Value Decomposition

Every matrix 4 of mXn size (m2n) can be
decomposed into a'product of three matrices,

™

A=UsY" Zs 7,V

i=f

e8)

Where U and V are orthogonal matrices with column
vectors #; and ¥, and S= diag(s,,s,,...,s,),
which is a diagonal matrix. The diagonal elements of

S can be aranged in a descending order called the
singular values of A and [5],

2.

5 28, 25,

@)
3. SVD filtering for noise reduction

For SVD filtering, it decomposes the column space
of observation matrix into 2 dominant and subordinate
part, which can be attributed to the noise-free signal
and.noise {7]. To suppress noise, we need to keep the
energy in the signal subspace and get rid of the energy
in noisy subspace. In this paper, we used SVD to
decompose imadge by size nxn into n subbands

25 E) as .
Sirguiar sabia fe

., "
(-] os 1

Figure 1. SNR versus Singutar value of each subband

Gaussian
mage|—
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Each subband bas only one singular value. The
singular value will effect to the Signal to Noise Ratio-
(SNR) of each image subband.’

Figure 1 shows SNR versus singular value between
original image and noisy image subband. As can be
seen, the larger singular values mean the more SNR_ If
singular value less than zero, the mfomlahon is less
than noise of its subband.

4. Proposed method -

BSVD:is a good method for noise suppression while
preserving mformation detail of image data. However,
it is not a good method when applying to the
homogenous region because this method can cause un-
smooth result on the smooth region [7]. Therefore, we
infroduce an adaptive BSVD method to suppress noise
as well as smooth in homogénous area. The flow chart
of our proposed method is shown in figure 2. In

. contrast to apply BSVD on the noisy image directly

.\ ‘ .
.\r? — |Edge + Noisel—

[5] we propase to apply BSVD on the noisy edge
image version obtained from the difference between
the original noisy unage and its blur version. Finally,
the reconstructed image is performed by the
combination of the BSVD noise reduction image result
with its blur image version.

4.1. Gaussian filter

Gaussian filter is a class of low-pass filter based on
the Gaussian probability distribution function [1],

(6))

In general, we can decompose image by Gaussian filter
into two parts, -
I=I+1, @)

where [y and I, are the blur image and edge image
version, respectively. -

BSVD

noise reduction

~ [Brinag?]

Silter

—® > IReco'."ered image[

Figure 2. The mode! of proposed approach for noise suppression
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The meodel of noisy image with additive noise can be
written as,.

N=I+E (5

where /N is an noisy image , / is an original image
and E is Gaussian noise with zero mean and standard
deviation . When we apply Gaussian filter to the
noisy image, the poisy image can be approximately
equivalent to,
N=(I)+(,+E) ®)
Figure 3 shows the original image compared with
original noisy image and their blur and edge image
versions. In this process, - the Barbara image was
blurred by Gaussian filter. Next, edge of image ([, ) is
found by minus the original image (N) by its blur
image version (/,). To compare between edge image
and blur image of original image and noisy image,
noise is dominant on an edge map more than blur
version. Therefore, we proposed to rgduce noise on the
noisy edge image version ([,+E) using BSVD
filtering.
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Next, we focus on to find the optimal O of the
Gaussian filter and the best possible . block isize of
BSVD in order to get the best performance for noise
reduction. To evaluate the performance of noise
reduction, Peak Signal to Noise Ratio (PSNR) and
Edge measurement (Edge) are used 8],

2
PSNR =10-log| 24X

0
MSE

dB

where MAX; is the maximum pixel value of the tmage.
When the pixels are represented using 8 bits per
sample, MAX; is equivaleat to 255 and the Mean
Square Eror (MSE) is given by,

MSE=—3"5 (G, )-RG.7) ~ ®

i=l j=1

where 1 is the original image , R is the reconstructed
image and mXn is the image size. The higher of
PSNR means the better of image quality.

(@}

(®

o

Figure 3. (a) Original image (b) Original image blur {c) Original image edge
- {d) Noisy image {e) Noisy image blur and (f) Noisy image edge
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Eﬂ’ge=%}ii(ﬁ2(u)-(§(i;j))2 ®),

i j=l

where o(i, j) and Q(,-,j)arc.the edge gradients of the
original and reconstruction images using Sobel edge
operator. The-higher of Edge measurement means the
lower of image quality.

In this experiments, Barbara image size $12x512, at
8-bpp resolution is used. The Gaussian noise ‘zero
mean, noise varimce 100 is added to original Barbara
image. As the results, figure 4 show that the optimal
value O of Gaussian filter approximately equal to 1
that provides the best performance both in PSNR and
Edge measurements. While the optimal block size of
BSVD, as can be seen in figure 5, block size 16 is
slightly.better than block size 8 but computation cost'is
demanding. Then, block size 8 is the best suitable.

In addition, we compare our proposed approach
with other conventional approaches such as Gaussian
filter, BSVD, DWT denosing (soft thresholding). The
noise variances are varied from 25 to 169. The result is
shown in figure 6. We can seé that our proposed
approach out performs all traditional methods,

5. Experimental results

To test our proposed method, we demonstrate some
simulation results using three images of size 256X256,
(Leana Face and Goldhill) and four images of size
512X512 (Airplane Cameraman Barbara and Flower)
at 8-bpp resolution. The original images are shown i
figure 7. Each of images was corrupted with additive
Gaussian noise of zero mean and G =6 and 12.
Further, Gaussian filter, Wavelet denoising level 1
(db4 Soft thresholding function oo MADUHE ),

0.6745
T =2 log o (mxn} ) BSVD algorithm (block size 8X8)

are used to compared with our proposed approach.

Table 1. PSNR vaiues of reconstruction image
by difference algorithms at g =¢

Proposed

Image Gausyian DWT BSVD
filter method
Lenna 29837 32,433 | 34.379 35.187
Face 32.15 35.214 | 35.756 37222
Goldhill 29.013 31.06% | 33.464 33.901
Afrplane 31.234 34.203 353 36.438
Camcraman 33.996 35423 | 36.099 37.776
Barbara '+ 25127 30.003 { 34324 35.064
Flower 33312 34.738 | 34.727 3636
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The threshold was determined from'a know image
(Barbara of size 512X512) beforehand, which
generates the threshold as a function of PSNR. In our
cxperiments, the threshold was found to be 35 and 70
for o= 6 and 12, respectively. The results are
tabulated in table 1 to 4.

‘Table 2. PSNR values of reconstruction image
by difference algorithms at g =12

fmage (Gaussian DWT BSVI} | Proposed
filter method

" Lenpa 29.132 29.41 20492 30909
" Face 30,968 3111 30.709 3292
Goldhill 2841 2872 | 28996 .| 30326
Airplane 30,254 30509 | 30429 31489
Cameraman 29.935 30.161 | 30.123 3195
Barbara 24.839 26932 | 2933 38578
Flower 31.831 31.066 | 29.739 32497

Table 3. Edge measurement of reconstruction image
by difference algorithms at @ =6

Image Gaussian DWT BSVD Proposed
filter method

Lemz .| 0.02949 | 0012124 | 0.604855 0.00478
Face 001525 | 0.006634 | 0.004317 | 0.003333
Goldhill 0.034228 | 0.017359 | 0.006243 | 0.006504
Airplane 0.022143 | 0.009184 0.00427 | 0.003809
Cameraman | 0012982 | 0.007432 | 0.003904 0.00334
Barhara 0.083835 | 0.021225 | 0.004997 €.004667
Flower 0.014802 | 0.008148 [ 0.005312 0.80477

Table 4. Edge measurement of reconstruction image-
by difference algorithms at =12 r

Image Gaussian DWT BSVD Proposed
filter mecthod

Lenna 0.011728 | 0.025601 001721 | 0.015416
Face 0.013218 | 0.01853t | 0.014939 | 0.010062
Goldhill 0035794 | 0.028774 | 0.018315 | 0.616653
Airplane 0024952 | 0.023107 | 0015233 | 0.611523
Cameraman | 0.015867 | 0.019685 | 0.014913 "6,810306
Barbara 0024002 | 0.043287 | 0.01729 | 0.014871
Flower 0017403 | 0019023 | 0.017633 | 8012728

In table 1-4, the proposed method performs the best
in PSNR and edge measurements even high textures
image (Goldhill) or smooth image (Face). In figure 8,
we also zoom the image results in the arca of texture
and smooth region (Barbara facé). As can be seen, our
proposed approach can suppress noisé, preserve edge
and smooth in the homogenous region, especially
ncticeable on the Barbara face area. Furthermore, our
propased approach can improve, PSNR. and Edge
measurerhent either image pertwbed by quite or small
noise. The average computing time for our approach
were 0.17 second and 1.078 second to run on 256X256
and 512X512 (8-bpp), respectively using Matlab 7.0
on a Laptop, HP Pavilion DV6108TX, with Intel Core
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duo processor T2050 1.6 GHz , 1024 MB primary
memory.

6. Conclusion

“This paper presents an effective noise reduction
method, an adaptive block based Singular value
decomposition (BSVD) filtering, which can reduce

. noise, preserve edge (detail information) as well as

effectively smooth in the homogenous image area. We
also compared our proposed approach with other
methods. The comparison suggests that the proposed
method results are competitive and outperforming with
other methods. However, the problem for this scheme
is the optimal threshold value for various noise
variances of BSVD filtering, which should be carefully
chosen. Future work, a method to find an optimal
threshold for varions wuoise variances will be
considered in order to get the better performance.
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Figure 7. (a), (d) and (e) are Face, Lenna and Goldhill images with size 256X256 -
and (b), {c), () and (g) are Cameraman, Airplane, Flower and Barbara images with size 512X512

Figure 8. (a) Zoomed original image (b) Zoomed notsy image with ¢ = 6 () BSVD denoising
: - (d) Gaussian filter dencsing (e) Wavelet denosing and (f) Proposed method
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Abstracs— Noise suppression is one of the most essential
processes to enhance the quality of reconstructed image. The
goal of noise suppression is to remove the noise while kecping the
important image features as much as possible. In this paper, we
present an adaptive block-based singular valee decomposition
metbod for noise suppression. Instead of applying block-based
singular value decomposition (BSVD) directly to noisy images,
we propose to apply BSVD on the noisy edge image obtained
from the difference of the original noisy image and its blur image.
The reconstructed vesult is obtained from the cowmbimation
between noisy edge image filtered by au adaptive BSVD filtering
and its original blur image. From the experiments, the objective
and subjective evaluations show that our proposed approach
compared with conventional methods can effectively suppress
noise, preserve the important image features and also smooth in
the homogenecous area.

L INTRODUCTION

The image is often corrupted by noise during its acquisition
and transmission. Noise suppression is the main process for
this issue, The goal of noise suppression is to remove the
noise while keeping the important image features as much as
possible. Traditionally, linear filtering techniques, such as
Moving Average filtering and Gaussain filtering are the
simplest methods to suppress image noise [L]. But linear
filters will result in some problems, such as blurring sharp
edges, destroying flines and other fine image details. This
leads to search for nonlinear filtering alternates.

Since the past decades, wavelet transform has been
considerably interested as the powerful de-noising tool. This
method is commonly referred to wavelet shrinkage techniques.
In 1995, a soft thresholding method for denoising in 1-D
signal was proposed [2]. Chang er al. [3] introduced an
adaptive wavelet thresholding for image denoising and
compression, They proposed a new shringkage method,
BacyShrink, which outperforms Donoho and Johnstone's
Sureshrink, However, the key problem in this scheme is how
to determine a proper optitnal threshold well matched “the
specific distributions of signal and noise at different scales {4).
In addition, Singular Value Decomposition (SVD) is a
technique that can be used for noise suppression. In 1997,
noise estimation and filtering technique using block-based
singular value decomposition filtering (BSVD) was
introduced (5,6]. For BSVD filteting, the image matrix is
divided into each 8x8 block size in order to consume quite

less computation time. This method is proven that it
outperforms soft thresholding method. However, this method
can perform well to preserve image detail (edge) but fail to
smooth in the smooth region [7].

In this paper, we focys on a noise suppression technique
based on BSVD filtering algorithm. The purpose of this
research study is to propose an adaptive BSVD filtering for
noise suppression. In our proposed approach, in stead of
applying BSVD filter on the noisy image directly [5], we
propose to apply BSVD filtering on the noisy edge image
obtained from the difference of the original noisy image and
its blur image. The Guassian filter is used to apply to original
noisy image to get its blur image version. Finally, the
reconsttucted image is obtained from the combination
between noisy edge image filtered by an adaptive BSVD
filtering and its original blur image version.

The rest of this paper is organized as follows. [n section I,
our proposed method for noise suppression using an adaptive
of BSVD is introduced. We describe the implementation
issues of our proposed approach in section 1. In section [V,
we demonstrate some experimental results to express the
effectiveness of our proposed method for noise suppression
compared with other conventionally methods. Finally, the
conclusion is given in section V.

II.  PROPOSEDMETHOD

BSVD filtering is a good method for noise suppression that
can preserve information of image (edge). However, un-
smooth result on the homogencous region of the original
image is the weakness point of this method. To overcome of
this problem, we present an adaptive BSVD filtering method
to suppress noise. The proposed technique produces the
reconsiructed image result, which can preserve the important
features (edge) as well as smooth in homogencous area. The
flow chart of our proposed approach is shown in Fig. 1.
Firstly, the noisy image is filtered by Gaussian filter in order
to get its blur image version. Next, the edge, which is fully of
nolse, is generated by subtracting blur image version from the
original noisy image. Consequently, we apply BSVD on noisy
edge image to recover noise-free edge image. Finally, the
restored image is reconstructed by adding noise-free edge
image with its blur image version. -
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Fig. L. Flow chart of proposed approach for noise suppression

Ili. IMPLEMENTATION STRATEGIES

A.  Gaussian filtering

Gaussian filter is a class of low-pass filter based on the
Gaussian probability distribution firnction [],
eyt
20,2

e z
2n0 )}

4

f(x’y):" (l)

In general, we can decomposc an original image ) by
Gaussian filter into two parts,

I=1+1, @

{d) {e) ti]

Fig. 2. Images and the results after Giltering by Gaussian filtee
(2} Original image (b) Original image blur version (c) Original edge
image version (d) Noisy image (¢) Noisy image blur version
and (f) Noisy image edge version

Where [| and I, are the blur and edge image versions,
respectively.
The model of noisy image with additive noise can be written
as,

N=I+E 3)
Where N is an noisy image, [ is an original image and E
is Gaussian noise with zero mean and standard deviation .
When we apply Gaussian filter to the noisy image, it can be
written approximately equivaleat to,

N=()+({, + E) ®

The blur and edge image versions of the original image and
noisy image are shown in Fig. 2. Figure 2(a) is an original
Cameraman image. Figure 2(d) is an original image, which is
contaminated by additive Guassian noise. Figure 2(b} and 2(e),
are the blured images of the original and noisy images
obtained from applying Guassian filtering with o =] ,
espectively. Figure 2(c) and 2(f) are the edge images of
original and noisy image obtained from the difference
between figure 2(a) and 2(d) and figure 2(b) and 2(e),
severally. As can been scen, figure 2(f) is the edge image
version of noisy image, which is fully contaminated with
noise. While figure 2(e) is the blur image version of noisy
image, the image is slightly corrupted by noise. Therefore we
propose to suppress noise on the noisy edge image.

B.  Singudar Value Decomposition

Every matrix A of mxn sizz (m>n) can be
decomposed into the product of three matrices,

n )
A=USVT = st

i=l

Wherte U and V are orthogonal matrices with column vectors
U, and ¥, respectively, and S = diag(s,,s, ,...,s, ), which

is a diagonal matrix. The diagonal elements of S can be
arranged in a descending order called the singular values of A
and {5],

52852.28, (6)

C.  Adaptive BSVD Thresholding

BSVD filtering was proposed and proved that it can
cifectively suppress noise while preserving edge details [5].
However, the selection of the threshold value is directly
influenced to how much of noise is to be removed. Therefore,
we propose to solve and define the optimum theeshold value
for our scheme.

From equation (5), we can spread into
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) - o, v
A = sV + 5,0,V + ...+ 5,il, V] M

Where [ is the rank of matrix A4 .

,Alz = ii%’ = isiz

i=1 jml =1
So, if A is the additive zeros mean Gaussian noise of image
with @, , we can derive this equation into

bl L] 2
ZZ(“&"J“A)
P B
" mxn
-l L3 2
ZZ“@'
o 2 = inl fu=i

(8

®

(10)

at g, =0

! (1)
mxnxo,?=) 5’

mxn

i=l

From equation {11), we can conclude that
5, <Jffl. 12)

In cquation (11) and (12) show that for every 5; of noise is
less than Jmna‘n. So, we propose to remain all of s, that

higher than \/mua_ and cut off all of 5, that lower

than Jmna’n .

(HBSVD), which is shown in equation (13), to cut off 5; of

noise.

We use the hard-thresholding function

3

0 Js|<7° (3
s ,]s]>T

T = Jmng, 14)

To estimate Ty, the median of absolute difference (MAD) is
used, [3).

HBSVD(s) =

Where

MAD  Median (Ix - Median(x)[) 19)
0.6745 0.6745

o=

In our method, we propose to suppress noise on the noisy
edge image. The noise variance on the noisy edge image can
be expressed as,

129

o, =kxo, (16)

Where

(17

ii“l—Mask(i, A

A AW

Pxq
Where Mask (i, j) is the coefficient of Fourier Transform
of Gaussian mask obtained from equation (1) at i* column
and j"’ row.

In this case, we use & in terms of 0, . We can estimate

o, as,

18
o k&= MAka (18}

b 0.6745

Finally, the optimal threshold value can be defined as,

kex MAD (19)
T = (A4,
Y TRALL

IV. EXPERIMENTAL RESULTS

To evaluate the performance of our proposed method Peak
Signal to Noise Ratio (PSNR) is adopted.

2 (20)
PSNR=10-log < dB
MSE

Where the Mean Square Error (MSE) is given by

A m (1))
MSE=——33" (16; )= RGi, )

ix} f=

Where [ and R are the original image and the reconstructed
image at 8-bpp resolution, respectively and mxn is the
image size. The higher of PSNR means the better of image
quality.

However, PSNR can not corelate well with the human
perception. Therefore, we also use Structural Similarity [ndex
(SSIM), proven to be more correlated well with MOS (Mean
Opinion Scote), to further evaluate the performance of our
proposed approach [§].

In Fig. 3, we evaluate the performance of various standard
deviations of Guassian filtering (O’s) on Cameraman image

with size 256x256, 8-bpp, contaminated with a few noise
variances at 25,100 and 255. As can be seen, the suitable
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We can see that the optimal block size among the

) ] computation time and SSIM is 8x8.

equivalent to 1 to provide the best performance. To test the effectiveness of our proposed approach
Next, we move to consider the optimal block size of BSVD. Barbara image with size 512x512, 8-bpp is used to aarl);

In this experiment, we foct.xs ononlya fcw. block sizes, which evaluate our scheme. The noisy image was formed by adding

are 4x4, 8x8 and 16x16. Since the block size may take effect the zcroes-mean Gaussian noise. We also compare our

to the complicated calculation and the quality of the proposed approach with other conventional approaches,

recopsucted image. We cvaluate the performance of each ik’ zre Gaussian filer, BSVD, DWT denoising (soft

block size on computation time in term of the complicated thresholding).

calculation and SSIM value in term of the quality of

reconstructed image. The result is tabulated in table L.

O in terms of SSIM for all noise variances is approximately
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The noise variances are varied from 25 to 169. The
experimental result is shown in Fig. 4. We can see that our
proposed approach outperform all traditional methods.

Furthermore, we show the simulation results obtained from
three images of size 256x256, 8-bpp (Woman, Cameraman
and Peppers) and four images of size 512x512, 8-bpp (Lenna,
Barbara, Flower and Plane). The original images are shown in
Fig. 5. Each image is cortupted with additive Gaussian noise
of zero mean at 0 =5 and 10.

In addition, Gaussian filter, Wavelet denoising level | (dbd4
Soft thresholding function Ge M:l;g:l;il), T = Zloga(mxa) »
BSVD algorithm (block size §x8) are used to compared with
our proposed approach. The threshold of BSVD was
determined by using equation 19, In our experiments, we use

Gaussian filter with &7, = L size 7x7, so

k for this experiment is equal to 0.8725. The block size of
BSVD is 8x8. The results are tabulated in table IL I, IV, and
V.

From the experimental results, the proposed method
performs the best in terms of both PSNR and SSIM. In Fig. 6,
we also zoom-up the Barbarz image result in the region
containing texture and smooth background. As can be seen,
our proposed approach can effectively suppress noise,
preserve edge and smooth in the smooth region, especially
noticeable on the textile pattem and the background area.

TABLE [
SSIM VALUES AND COMPUTATION TIME AT SEVERAL BLoCK sizes

Mobe Block Canseraresn Camcraman (512x812)
variance size SSiM Computation SSIM i
Tw-(SE) Teme
13 x4 | 0.94284 a0 054720 1NI5
fut Q92185 035938 096017 13250
Wale | G.90002 (5T 095770 LIETS
) 44 | 0B6ITS 043730 031361 2.0000
£ 0.85900 a)5038 0.50%0 1531}
116 | GE37S1 038125 050771 [FIF3
TaBLE IT
PSNR VALUES OF RECONSTRUCTION [MAGES AT o=5
Us | Moving | Gaussn | BSVD S Propased
Ina Average | Fiter | Filicring | i micthod
Camersman Man 25.89 25904 J5.199 31,133 Mm
M 1M 29515 30412 15875 331,567 J6.063
Girl 34,135 32527 33107 36176 34976 I
| alptwne | yatu [ 31318 LTS 3658 15017 32187
Barbars Muin 25124 5.1 35.604 30.728 35.006
Flowers AN | 3an 3347 | 15063 15.344 s
Lenng 3433 | 3v0s3 N4 15.843 34.809 3485
TaBLE [T
PSNR VALUES OF RECONSTRUCTION [MAGES AT ao=10
Una- Maonng Gapipn BSVD Saoft- Proposed
| tmige | leving | Average | i Fihering | Thresholding | tmothod |
__Cu-:r_-u;_ 2 45 ] 25.5% 25.119 30.41 2138 30491
_".EEL P 851 nin 29313 3109 30429 3Lim
Girl 215 | dusse 30.0M | 11394 L6 | 3iges
Ajrplane 20128 30.62 3ism | 31784 N7 nsn
Babara 314 24943 2501 30,708 nn AL3s57
Flowas LN 32.385 3L 31.014 32185 31613
Leans 20117 32047 1245 31.442 30.769 331413
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TABLE IV
SSIM VALUES OF RECONSTRUCTION IMAGES AT =5 i
Un-" | Moving | Gaumsian | BSVD Sobt- g =
image fitering | Average | Fibr | Fillering | Theesboldi wothed
Ca 0.84491 0.23139 0.33475 09213t 988206 [X7:00)
_ﬁcﬂ 031462 Q92685 0.92719 0.92803 093052 55204
Girl 10912 | 09183 | osisma | 0948 092492 | asdzis
Aiptine | o.0004s | a92852 | 09208 | osiorr 91593 | esdny
Bubam [ a0 075577 07574 052752 Q.BET32 033641
Flowers 08712 094548 0.94583 092872 0.94084 295115
Leana 0.34157 0.59889 0.£5945 0.5963 089837 047

TaBLe V

SSIM VALUES OF RECONSTRUCTION IMAGES AT o =10
Uz Moving | Gaussian | BSVD Safl- Propased
bmagze fitering | A Filer Filieah Thresholding method
Comcranun_| 043165 | 072619 | anens | or9ss 077033 | asom
feppens O68107 | C888% | 083895 | 0330 084643 | et
Gint 063512 | 087974 | 03w | osniss 083833 | asomg
Alrplane 05779 | o0x741 | 03743 | 078412 450372 | oames
Barbara 069932 | 0.72143 orn? | osise 0.78038 | 0.4435
Flowers 067463 | 090719 69074 | 031441 085308 | esisy
Lemaa 060808 | 085218 | 03522 | o 0297 | esmver

V. CONCLUSIONS

This paper presents an effective method for noise
suppression using an adaptive block based Singular value
decomposition (BSVD), which can preserve edge (dctail
information) as well as effectively smooth in the
homegeneous region. The effectiveness of our proposed
approach depends on the accuracy of the threshold value,
which need to be carefully chosen. If a small threshold value
is used, the sharp edge is retained but the image is still noisy.
On the other hand, if the threshold is too large, the image
information of the reconstructed image will be lost. Therefore,
the optimal threshold value of our proposed approach is
derived and defined. In addition, we also compared our
proposed approach with other traditional methods. The
comparison suggests that the proposed method is compelitive
and outperform with other methods in terms of both
quantitative and visual quality measurement. Therefore, our
method Ieads to an effective method that can be used for aoise
suppression.

REFERENCES

(1) A.Mcandrew, An Introduction to Digital image Processing with
Matlab, Thomsen, 2004. ’

[2] D. L. Doncho, “De-noising by soR-thresholding,” 1EEE
Transaction on Information Theory, Vol, 41(3), pp. 613-
627.May 1995,

{3] S. G. Chang and Y. Bin, and M. Vetterli, “Adaptive wavelet
thresholding for image denoising and compression,” [EEE
Transactions on Image Processing Vol. (9), pp. 1532-1546. Sep
2000.

(4] 1. Scharcanski, C. R. Jung and R. T. Clarke, “Adaptive image
denoising denoising using scale and space consistency,” [EEE
Transactions on Image Processing Vol. 6(9), pp.1092-1101, Sep
2002.

- 153 -



{31

[6]

7

{8

TR TS sdess v ot U SAUBAUA (DD U DALERUK, ) wovemoer 1- 4, 200/
L

K. Konstantinides, B. Natarajan, and G. S. Yovanof, "Noise
estimation and filtering using block-based singular value
decomposition,” [EEE Transactions on Image Processing Vol.
6(3), pp- 479483, Mar [997.

K. Konstantinides and K. Yao, “Statistical analysis of effective
singular values in matrix rank determination,” {IEEE Transaction
on Acoustics, Speech, and Signal Processing Vol. 36(5), pp.
757-763, May 1988,

Z. Hou, “Adaptive singular value decomposition in wavelet

domain for image denoising,” Pattern Recognition, Vol. (36), pp.

1747-1763, 2003.

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

(d
Fig. 6. Zoom-in noise suppression results for Barbara image at various methods
(a) Original of Barbara image (b} Noisy image with ¢ = § {¢) BSVD denaising

(d)Gaussian filter denoising () Wavelet denoising and (f) Proposed method
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(©)
Fig. 5. Original image using in this experimeat
(a), (b) ,and (¢} are Woman, Cameraman ,
and Peppers Images, size 256X256 Jrespectively
and (d), (¢), (f} ,and (g) are Lenna, Barbara, Flowers,
and Afrplane images, size 512X512
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ABSTRACT

Speckle noise reduction is an important technique to enhance the quality of ultrasonic image. In this paper, a
despeckling algorithm based on an adaptive block-based singular value decomposition filtering (BSVD) applied on
ultrasonic images is presented. Instead of applying BSVD directly to ultrasonic image, we propose to apply BSVD on
the noisy edge image version obtained from the difference between the logarithmic transformations of the original image
and blur image version of its. The recovered image is performed by combining the speckle noise-free edge image with
blur image version of its. Finally, exponential transformation is applied in order to get the reconstructed image. To
evaluate our algorithm compared with well-know algorithms such as Lee filter, Kuan filter, Homomorphic Wiener filter,
median filter and wavelet soft thresholding, four image quality measurements, which are Mean Square Error (MSE),

Signal to MSE (S/MSE), Edge preservation ( £ ), and Correlation measurement ( £ ), are used. From the results, it
clearly shows that the proposed algorithm outperforms other methods in terms of quantitative and subjective
assessments.

Keywords: Ultrasonic image, SVD, Despeckling, singular value thresholding, speckle noise, speckle denoising

1. INTRODUCTION

Ultrasonic image was considered as the most powerful technique for imaging organ and soft tissue structures in
human body for more than two decades because of its noninvasive nature, non-ionizing radiations, low-cost, and
portability. However, the poor quality of ultrasonic image caused by the kind of noise called “Speckle” is the main
weakness of its[1]. Since the corrupting speckle noise is the multiplicative noise, most beginning process for de-speckle
filtering is converting a multiplicative noise into an additive noise using logarithmic transformation and then
thresholding on pixel value of lower scales in wavelet domain. Soft-thresholding method for noise reduction was
presented in 1995 by Donoho[2]. However, wavelet denoising method has two main drawbacks, which are the choice of
the threshold and the specific distributions of the signal and noise may not be well matched at different scales [10].
Moreover, the unbalancing between the speckle suppression and detail preservation is occurred. [3] While the others
used non-linear filtering to suppress its, such as Median filter, Wiener filter etc. But these methods often fail to preserve
both weak and diffuse edge of the image [3]. Chronologically, Singular Value Decomposition (SVD) is a technique that
can be used for noise suppression. In 1997, noise estimation and filtering technique using block-based singular value
decomposition filtering (BSVD) was introduced [9,10].

In this work, the novel de-speckle filtering which is well to reconstruct image with lower noise and higher detail
is introduced. First, the logarithmic transformation is applied on ultrasonic image. Next, we split noisy edge of image
obtained from the difference between noisy image and its blur version into sub-block. A fter that, thresholding on
singular value of sub-block noisy edge image is used for speckle noise suppression on edge map. Then, log-compress
noise-free image is produced by adding its blur version with recovered edge image. Finally, the inverse logarithmic
transformation is processed to reconstruct the speckle noise-free image.

In this paper, we organize as following. Our paradigm for de-speckle method is explained by using block
diagram in section 2. More information of each step from block diagram is detailed in section 3. In section 4,
experimental results are illustrated on both synthetic and realistic ultrasound image to study the performance of our
purposed method compared with traditional existing methods. Finally, the conclusion remarks are provided in section 5.
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2. DESPECKLING SCHEME

Speckiencise [ ograrithmic Adaptive Singular Exponential | recovered
Transform value thresholding Transform

Fig 1. Block diagram of the proposed scheme to suppressed speckle noise.

The model of our proposed method is described by Fig 1. Firstly, we use logarithmic transformation to convert
speckle noise into additive noise. Since speckle noise is a kind of multiplicative noise which is defined as,

I=1+1-N,
(n
where [ : Original ultrasonic image
N : Zeros-mean uniformly distributed random noise

I: Ultrasonic image corrupted by speckle noise

From (1), we can see that if we applied logarithmic transform on ultrasonic image, we can change speckle noise
into additive noise following by

log(7) = log(I +1) +log(N) . @

Then, we introduce an additive noise reduction on ultrasonic image by using adaptive singular value
thresholding. Finally, invert logarithmic or exponential transformation is applied to produce noise-free ultrasonic image.

Adaptive singular value thresholding is described by Fig 2. In the beginning process, Gaussian filter is used to
separate noisy image into two parts which are blur and noisy edge image versions. Then, noisy edge image is splitted
into sub-block images in order to reduce computation time in singular value decomposition process. Accordingly, noise
is eliminated by thresholding on singular value of sub-block images, so noise-free edge image is recovered. Finally, blur
version is combined with noise-free edge image to retrieve noise-free log-compress ultrasonic image.

noisy image Ga Uss ian @ re:;:;:ed
Filter
‘@ 'y, o Singular Value ‘
} > S !
Thresholding

Fig 2. Block diagram of the method of Adaptive Singular value thresholding.
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3. IMPLEMENTAL STRATEGIES

3.1 Gaussian filter

Gaussian filter is a class of low-pass filter based on the Gaussian probability distribution function [8],
x* 4-),'2

g 20,} (3)

5
2fro*g

f(x,y)=

In general, we can decompose an original image (1) by Gaussian filter into two parts,

I=1+1,,
(4)
where /| and /, are the blur image and edge image versions, respectively.
The model of noisy image with additive noise can be written as,
N=I+E, (5)

where N is a noisy image, / is an original image and £ is Gaussian noise with zero mean and
standard deviation O .

When we apply Gaussian filter to the noisy image, it can be written approximately equivalent to,

N=(1)+(, +E). (6)

3.2 Singular Value Decomposition

Every matrix 4 of mX n size (m > n) can be decomposed into the product of three matrices,

()

n
A=USVT =) suv,
i=1
where U and V are orthogonal matrices with column vectors #, and V, and

S =diag(s,,s,,...,,) , which is a diagonal matrix.

The diagonal elements of S can be arranged in a descending order called the singular values of A and [9],

B s, .28 . (8)

n

3.3 Singular value Thresholding

BSVD filtering is proposed and proved that it can effectively suppress noise while preserving edge details [4,9).
However, the selection of the threshold value is directly influenced to how much of noise is to be removed. Therefore,
we propose to solve and define the optimum threshold value for our scheme.

From equation (7), we can spread into
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I | = =1 - = 9
A=50V, +5,id,v, +...+ 5,u,V, ®)

Where [ is the rank of matrix A

M =330 =3 s
i=l

1=l j=1

(10)

So, if A is the additive zeros mean uniformly distributed noise of image with 0, , we can derive this equation into

m 2 (1)
ZZ(HU'_*UA)
o, e B
mxn
B it (12)
1 %

ol =" gty =0

(¥

L (13)

To estimate @, of noisy image, the median of absolute difference (MAD) is used, [3].

MAD  Median(|x— Median(x)|) (14)
0.6745 0.6745

&=
And after substituting equation (14) in equation (13), we can express as,

MAD Y& L1P)
X 3 L
[0.6745) Z.:S

Thus, if we can accumulate all of singular value of noise which is equal to equation (18), we can conclude that the rest of
singular value is signal or particular of noise-free image. The thresholding function for this scheme can be written as

MAD Y} o (19)
0 ,mxnx( J -—ZS,2>;
HBSVD(s,) = 0.6745) 4 2

s, ,otherwise

/

4. EXPERIMENTAL RESULTS

To evaluate the performance of our proposed approach to eliminate speckle noise, several aspects, such as noise
remaining and sharpen edge of image, must be considered. Many image quality assessments have been developed for
ultrasonic image evaluation. In our experiments, we choose following four traditional measurements to compare our
method with other algorithms.
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a) Mean square error (MSE):

n m 2 (20)
1 i e
MSE =— "% (s(i, j) - s(i, ))) .
mn i=l j=1
where sand § are original image and noisy image ,respectively.
The larger the MSE, the better the performance in reducing noise of despeckling algorithm.
b) Signal to MSE (S/MSE) [1]:
n m 3 (21)
PIE))
SIMSE=10-log| 22| 4B.
nise
The larger the S/SME , the less the contained noise.
c) Edge preservation ( /) [5]:
(22)

r(m-E.AE—Aé)

Jr(m-&m-&).r(a&-f&,a&ﬁ) ‘

where Asand As are high pass filtered version of s and § respectively, obtained from 3 3 pixel
standard approximation of Laplacian operator.
The larger the /7, the better the performance of edge preservation of despeckling algorithm.

d) Correlation measurement ( 2 ) [5]:

A A 23
F(S*s,s—s) ¥ |

Jr(s=5.5-5)r(5-55-3)

where 5 and 5 are mean value of original and denoised image, consequently, and

(24)

k
F(SI,SZ) . ZS,,J‘L .
il

The larger the o, the better the correlation between an input and an output of despeckling algorithm.

To compare the performance of our proposed method, at O 5 1.2 and block size is 8x8, with other traditional

methods which are Lee filter, Kuan filter, Visushrink (soft thresholding), Bayesshrink (soft thresholding), Median filter
(5x5), and Homomorphic Wiener (5x5), the synthetic ultrasonic image (Fig 3.(a)) corrupted with noise at variance 0.02
and 0.07 was filtered and evaluated by using four measurements. The results are tabulated in table I, As can be seen from
the experimental results, our proposed outperforms in terms of MSE, S/MSE, f.and p. We also further evaluate the
subjective performance of each algorithm by using the realistic ultrasonic image, Thyroid (Fig 4.). To visual compare
with all other methods on the realistic ultrasonic image, it efficiently de-speckle noise with smooth and preserve image
features well.
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5. CONCLUSION

In this paper, we present an outperforming algorithm to suppress speckle noise corrupted on ultrasonic image
using an adaptive block based Singular Value Decomposition. Since the realistic ultrasonic images are naturally
corrupted by speckle noise and most measurements require original noise free image to test, we choose the synthetic
ultrasonic image to empirical test by four measurements above. The results present an effectiveness of our scheme
compared with others. Then we test all algorithm on realistic ultrasonic image. By inspection, our proposed approach is
also given best reconstruction image in terms of smoothness and sharpness. We can conclude that our method is

competitive with other de-speckle algorithms. In addition, we can adjust some parameters, such as g, or block size, of

our algorithm to receive the desirable output of each user.
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Table 1. MSE, S/MSE (dB), # and P obtain from various de-speckle techniques tested on 150x150 artificial

at two different noise levels (0.02 and 0.07) image (img (a) on figure 3). The results of the proposed approach is taken at
windows size at 8x8

Method MSE S/MSE B P

Without filtering (o =0.02) 143.79 17.329 0.77501 0.975

Lee filter 92.675 19.196 0.76591 0.98355
Kuan filter 101.99 18.78 0.64019 0.98209
Visushrink (sofi thresholding) 80.828 19.79 0.78497 0.98574
Bayesshrink (soft thresholding) 109.16 18.485 0.80874 0.98076
Median filter (5x5) 253.56 14.825 0.63233 0.95495
Homomorphic Wiener (5x5) 257.44 14.759 0.48692 0.95547
Proposed approach 42.921 22.539 0.91332 0.99252
Without filtering (o =0.07) 506.73 12.022 0.52382 0.91785
Lee filter 233.93 15.175 0.48158 0.95806
Kuan filter 194.39 15.979 0.37969 0.96498
Visushrink (soft thresholding) 22735 15.299 0.52193 0.95996
Bayesshrink (soft thresholding) 319.57 13.82 0.57979 0.94464
Median filter (5x5) 343.47 13.507 0.36382 0.93802
Homomorphic Wiener (5x5) 308.96 13.967 0.43363 0.94935
Proposed approach 146.76 17.2 0.74209 0.97562
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(a) ; (b) (c)

(d) (e)

(g) (h)

Fig 3.Recontructed synthetic image of diverse methods
(a) artificial image (b) noisy image with noise variance 0.03
(c) Lee filter (d) Kuan filter () Visushrink (f) Bayesshrink

(g) Median filter (h) Homomorphic Wiener filter and (i) Proposed approach
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(b)

(c) (d)

Figure 4.Recontructed realistic ultrasound image of diverse methods
(a) Realistic US image (Thyroid) (b) Lee filter

(c) Homomorphic Wiener filter and (d) Proposed approach

Proc. of SPIE Vol. 6833 68330J-9



143

Use 3061 ve

Ye-umana UNTIUM U]
Tuideuiide  Suit 6 Bouunsiay wa 2526
flog 501/8 auuihgaiiog uvnnaeamIyIg
watlowysudngwe Yandanganmuniunsg
Ussamsanm
2538 Uszoudnuiilit 6 sadoutaudiadnem
2544 disendnuiilii 6 TsaSonwgausings
2548 Ienssumansiudin MIIIns s Insauung
ﬁmﬁ'umﬂiuTnﬁw:znamné’uhﬂmnmmmnszﬂ'a
Hegiiu MasfnuszalSygnn HANGATIMINSSUMaRsUIIS A
MVIMINIIUMI AU ﬂmﬁ'umﬂ'[uIn‘r’mszwmné’nﬁmmnms
a1An3za
Yszaumsai
WOAINIGY 2549 — Hlagiiy A¥wemsdnninanssumany
ﬂmﬁ‘umﬂTuTa‘i‘:ws:ﬂamnﬁu%f]mnms

ANy





