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Speckle Noise Reduction in SAR Images
using Wavelet Transform

Dong Hoon Lim*

O of
I N

_}H

SAR 942 2482 9 S8 (multiplicative) BHOE Qaled i BEAstet B oz go] gtk
2 =8dMEe dolEdl ¥eS A3l SAR d49] A¥E AL AASTAL ) olE 8 B2
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Abstract

It is difficult to analyse images because of multiplicative characteristics of speckle noises in
SAR images. In this paper, wavelet transform is proposed for restoring SAR images corrupted
by speckle noise. The multiplicative noise is transformed into a form of additive noise and then
the additive noise is denoised using wavelet thresholding selections such as VisuShrink,
SureShrink, BayesShrink and modified BayesShrink. Experimental results on several test images
show that the modified BayesShrink yields significantly superior image quality and better Peak
Signal to Noise Ratio(PSNR)

» Keyword : SAR image, speckle noise, wavelet transform, VisuShrink, SureShrink,
BayesShrink, Modified BayesShrink
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SAR (Synthetic Aperture Radar)34-& 94 ==
F12RE B de A AR7IFH(microwave) &
PApele] 1 BRo2HE PAlE AZE olfsled dE o
dor ikl FEMee €] Folgtoly ok
ARl AHFE GAFHEE 5T F g SFAA
(active sensor)ol &3] Gojz gojr] JA4L 3IH(1).

SAR 9L HAF HHoE ofFE yho|H, o] 7
A, AR 7t edEl® 2} B3o] JlsdlnE FA B

ol BE 5%, 71, 87 F Ui Boll g851: ¢
. a4 SAR 942 2#8F e (speckle noise) 2

A3 B EMshetl B ozgel gk A%E g
el & A4EE(Negative exponential distribution)
32 HY2] X (Rayleigh distribution)e] ¥eiE ztn
or 59 (multiplicative) 2& E4< 21 9ok
£ =2dAMe SAR I &3 EAEks 292 B2
< dolEd WS A3l AASKe W tEl =98t
A Bt GAol|A o)) (edge) B BESAA BS-Z AA
e 42 A 4TH21(31(4). £ =EoNE 4N &
W A2 /M(additive) o= Wgsly) 98 28
FHITHE dolB Raldkl. e 2 WA ¥oiE @ O
AZE AR el (soft thresholding) 2 YA A3k}
AARKE 71&9] VisuShrink, SureShrink, BayesShrink 4
-"} BayesShn'nk o 2RE] $48 A2¢ BayesShrink W
< APk AR AA F ASEE Sl 9ge B2
i‘f}.
A 11 Felxds gaolr dubael olab dojgal Wels) ¢
Algk A9 Wl 7129 VisuShrink # SureShrink "
ot =2stn Al M1 FolAE BayesShrinkdl] 7133t
%€ BayesShrink #el i3] =2jgitt. A v Folde

FoAA PHE {H %A 71129l v wst PSNR J=
3lollA A 352 Hlwstn 4 V Aox] 2B
% ul ‘—1;].

Il. #lol=3! Weks ol S5 ESHA

2.1 o2t fjo[EEl Hizl

dolgd Wee Falo) Wz ol A (basis
function) &9 Aoz ANz Z Basle] Bk shi9
Wpelth. dlojEel Wgke At Fugo ule) e =

719l 9E$E AREFo R AL A7F ¢k WAk FST
2e aFH4E A2 & A5).  ¥(t)L mother

wavelet?} &9 dlojgal ¥, , (t)e v 2ol v(t)
= (e FL)APIL o)FARLEA dol7] F4E
o]t
(27t —k),
JEolx ke At &
F()e Tt 2] 9]
59 A¥EFe B

@, . (t)
AN jE 2ALE 2HekE 4
2 olgske 4Rolch. Yele] Ale
olgdl W, (¢) 7 slolga A ¢

e}
)= 3¢, (t)
j’k

o] B2E: o183} TadE A (multi-resolution analysis) (6)E
ohem} 2ol A% ¢, (j— 1) o A 52} el (lowpass filter)
¢ 319} %5} Yelhighpass filte S 22t A3 ) Al
(approximetion signal) &k 4] A15(detail signal) 2 S,

7)= Y h(n—2k)
=Y 9(n—2k)

c,(i—1)

¢, (G—1).

714 k(- ), ( )L 22t A3} Yeis} 3o Sod
8ol ¢, (4), AN 2zt 2Ab AEe A
ASE \AEMD}

A37} e A=A A o HER} e (inverse
lowpass filter)} & 19 S (inverse high-pass

filter) & A &3}e] YA ol A5} Aojzle,
¢, (j—1)= Zh n—2k)c, (j +Zg n—2k)d, (5)
74 h(e),g(+ )& 22 o A5t Yelgt o 1
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28 12 239 9730 sl 1 @A slolEl Eall(wavelet
decomposition) & BAAFz k. el IR U
(rows) dlofelell tia] A B2t Feiet 19 B} FHE 4
4% & Axel gl slelely] 1/2¢ ke the MEH
(down sampling)#8& AX & th] A2 W8 columns)
o sl Azte] HWEE HEsld vhE AFFL s 4l
Fol qY(LL, LH, HL, HH)°l dojdu} 71A LL*‘
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ek, HL2 $29%, 22]n HHS oz 43 1?—
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wHo g By

7k e gHEin)
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Fig 1. 1-level Wavelet decomposition
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1-level Wavelet reconstruction
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Fig 3. (a) Lena image (b) 1-level Wavelet decomposition

(c) 2-level Wavelet decomposition
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8 4. sl AKX
Fig 4. Hard thresholding
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Fig 4. Soft thresholding
a9 504 B Addiglo] AR ¢ Bk 2 folE A
TEL F2G6hrink) F3 58 ¢ + Uk
VisuShrink{7]-& YAAE AAF3R=vl Universal YAl
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Q7K g, _ 1, HolE WA Az e
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Denoised image
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Fig 6. Block diagram of proposed procedure for noise
denoising
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Zro] GGD(Generalized Gaussian Distribution) ¥E%
Zrevke SR,
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Fig 7. Horse track image (a) origianl image
{(b) noisy image corrupted by o =0.05
(©) noisy image corrupted by o~ = 0.10
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T3 9. YAl MEf g T8l 7
(b)oll Hst0d B2 Zin} A4 (a) VisuShrink (b) SureShrink
(¢) BayesShrink (d) =8 BayesShrink

Fig 9. Resuit image obtained by applying thresholding
methods to Fig 7(b)
(a) VisuShrink (b) SureShrink
(¢) BayesShrink (d) Modified BayesShrink

Fu2, A WIS 2T 700 AeRe o Az
@ (b) £ 38 T(b)el Hle) AHoR Beo] ok o T
N AL Addelns E P ABE AL 5 Uk

T4 108 T8 89 VisuShrink, SureShrink, BayesShrink,
49 PeyesSrink Ik A1) "S- 583le] Qle ZspdiEolt

(c)

21 8. D& 9 (a) o YA (b) o =0.0591 TS A
(©) ¢ =0.109] S Zal

Fig 8. GoHung image (a) origianl image (8) (b)
(b) noisy image corrupted by o =0.05
(c) noisy image corrupted by ¢?=10.10
I3 9= 18 7)ol VisuShrink, SureShrink, BayesShrink,
F8¢ BayesShrink ARE A1e wiie 283je] gel AAE 2
HePSoct

(c) (d)

T8l 10, AR ME kg T3 8(c)oll HEsio] 2 ZTh Wit
(a) VisuShrink (b) SureShrink
(c) BayesShrink (d) &% BayesShrink

Fig 10.-Result image obtained by applying thresholding
methods to Fig 8(c)
(a) VisuShrink (b) SureShrink
(c) BayesShrink (d) Modified BayesShrink
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SureShrink WHET} skdo] 7hdd Fd& .

dlol &l Az e WEE 7he] FaAel vue v
7} o] AoHe A3 o) FLU(PSNR: Peak Signal to
Noise Ratio)& 7HA1 233k},

2552

PSNR= 10log,, === ST

]dB

714 MSE® H#AF 24 (mean square error)©]th.
a8 73 89l v SAR 9G] el dlojEaA AAk
A WS gk PSNREHS & 13 Rt}

E 1. o 7K AF MAE dalsol it PSNR 24
PSNR values of different denoised test images

Table 1.

::’;E 0.05 |21.099 | 21.069 | 24.222 | 24.422
0.10 |20.776 | 20.812 | 21.968 | 22.418
GoHung | 0.05 | 26.043 | 25.971 | 27.168 | 27.403
010 | 25216 | 25.201{ 25646 | 26.611

9 E=H¥E VisuShrink WE# SureShrink W
H]Z:3F PSNR 32 2w 9lem 439 BayesShrink W
He OE HA EERY B4 0.059 0109 el 7}

B =FANE SAR 93 EAghs 298
Astedl &R dolgdl WS ARsshe Uy
oIStk ol S8 8 FeE M FAee
& 218 #ghE dolEgyl Rald ¥ AZE
(soft thresholding)= AM83ld VisuShrink, SureShnnk,
BayesShrink, 538 BayesShrink HPHo® dAgS Ad
ol g8 AR
3P 4 237 939 aglm oy AR ZeEE
TR AAARE Bl ol dAZ Ad HHE 7o)

FLAA A5 vimaintt. 93 7AEd deHln

£ VisuShrink %83} SureShrink o] Hl%:3 2748
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