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ABSTRACT

This thesis proposes a SAR segmentation using anisotropic diffusion. Speckle effects are
commonly observed in synthetic aperture radar (SAR) images. The human eyes are capable of
deriving meaningful information from SAR images. However, an automatic or semi-automatic
processing algorithm is quite difficult. In distinguishing objects are in the images because of the
presented noise in those images. This thesis presents a segmentation method for SAR images,
which employs an anisotropic diffusion algorithm. In the proposed scheme, a SAR image is
transformed into a logarithmic domain where the diffusion process is used to grow homogeneous
regions in the noise environment until the regions reach some criteria for homogeneity;
consequently, the segmented image in the logarithm domain is converted to the intensity domain
by an exponential function. To grow homogeneous regions the adaptive diffusion method is
introduced with a tensor technique in which tensor data are varied with the neighboring pixels.
The diffusion algorithm will stop itself by a standard deviation divided by the mean, which is
provided according to the homogeneity criteria. Results are shown on both synthetic and satellite
SAR images. The evaluation of the proposed method employs the theoretical gain of equivalent

numbers of looks (ENL).
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o a d .
(Shortest spanning tree) @wsathun1dlumsTinsizvingu (Cluster analysis) lunsmldroms
I¥euALBAR1 (Vertices) 1$1@0fi  ManuuanAszningaseaszgminnfmuaiiy
¥ ¥y oo ' ¥
HandumsIimin (Weighting) Wuiidesh 14 vinmsusndiulunmdengugns [33) 1
INARINMIITENYALDARIE 1A
=
2.2.4.1 nqunal
v »
TumsiszgnalFaumquinsddmsumsuondlumwiu - deududesah
anudhlaivesndszneulunslidunou dndudafladduvesnsleq aunsadoulieglu
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G=(WE) (2.4)

' v A 4 4
Taonsezseneudasgaven v, A9 wazdudou (Link) £, FaezidouTo

3 L
N3UYDINT NI NN (Weighted graph) wld v, duiminves

b

J

IELN97ARA v, LAY

0y

v w4
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suiludeaudonToarunnyasealuns dre619v0ansuaas1ddazUi 2.13 Fanslil
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v, = f(x,) (2.5)
2.5)
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Y o 9 A
”lﬂmﬁumﬂmmm

S,,=0M,,) (2.9)

d  w i ' { Y aa
wlszasAnanvesmausndiulunmae msswnguiamwiadiondsiuluguauia
-:i:ty s 9 -2 g - & ﬂ 1 ' o o 1 o
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3
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|66.1 66.1 | 66.11|1 62

52,71 |} 66.1 | 66.1 {|{ 62

52.7 | 52.731166.1 §1 72

66.1 | 66.1 | 66.1 | 66.1
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msusnaunaaslugin 2.16() Tasganmusudazizgnunudioauniovemszaudm
v k4 y ¥
MNYANIHAIY Nognelunuiii
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m3vszgnadismauendulunmdrengugnsmdunmaisaraiisusaznmaen 13

v 1dnadwiasuansluzlii 2.17(n) oz 2.17(v) mudiy

(M) MmawAIieY () mwaen'ld
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31 2.17 veuavesiuni ldndamsusndiudionguiinsl edmualiuaaznind
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149U 1,500 Wungoy
aa Y, - Y v
2.2.5 35M39anguuuUBF[34]uasnsuuadeyan NIy Fuzzy c-Means [20]
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mitanguuesdeya(Clustering) iudundwydmsumsuusavesdoyalieglu
U -:' =1 s ar o 9 2 r:f & 9 :: 1 U F o =
nquimiloudu  Taverdumsiannuadiendeiu  dunedoyaneyglunguiduiiuaeziiniy
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msiamsieude niennuduveadoya Tasmsidenitnmssziiuegiudnyuzuoimssangy
Tuszvumsdanquitliduilsd  veuwavesmsuisnguitudnuazvosniatlCrisp) 1ufo

v Y 3 ] 1 " A 1 5 o g s 1 ai ]
szydeyativezeglungulanguuiianniu lunmassdudw szuunssanguinduiladez
finnwannsolumsiamsiudeyaniinnunguinievesmsuiengu ldunniszuumsiangu
i ] 4 J 4 e i lel = d' 1 1 é
Ahiduilad TaveiinsuaasmidusenidoymiuiiTomanszeglungulaths duilu
annuilumninvesdoyaudazngy

v 1y H Sy < 48 24 v o o
Tumsdanqudeyavesisszuuh lidluilad uazdhuilyiniu ewiludimusdnyue

o I A ad o ) S w 4 Yored @ 1 9 w L4
msdanguAe Imsiaanuadwadeiy  FazldismsTasseznmesznideyanuyagudnais
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Euclidean distance) Tauaisninszuzniagadifeu ladeaums (2.10)
2
2
d; =|x,-v| (2.10)

=1 ] & ' H 5
Tau d, iluszezmagadidouszniedoya X, uaz 7, Failugaguinarvesndudeyaii
v oo [ U . A'i A o 9 &' U . o= L] 1
Taw i1 i UA1BYIENIN 1<i< N e v Aedauvesdeyananuanazm j fimegszning
1<j<C ile C fin $aunguitAeanisuu
2.2.5.1 manvsnguveyan nilulad

o 4 v ot "
vsagadeya X = {x,x,,..,x, } Suiluwadiia ¥ N duswoudeya

v 1
o =4 o

Nanuaneziulangy (Cluster) Asaaaluglh 2.18

x]

7ol

X laq

gﬂﬁ 2.18 ﬂ’:im’fﬂiga [(X]danFn X = § X Kyssces i}

~ ° 9 A y_. g A a
1ngUi 2.18 Amua x, Wudeyalagiieglungudeyaves X nSemwavemnduisn
Tux

o v 1 a oA o & - u’
fdmuald 4, dusavesdoyaiioglunquinvidudessiinuauindsil

=4
1. MIgeUYD 4,

(B d=X (2.11)
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H
=4 U

] v ¥
diohdeyaiieglundas 4 Mamuamgiiiounuvzmnudeyaimuadaaums (2.11)

a 7
2. MIDUIADILFNVDI 4,
ANA,=0; 1<i#j<C (2.12)

s a dd o a o 3 = '
VINAUAVTAVOINTOUINDIITNTU AT, (2.12) vziiu IdhauFnves 4,9z
Wudndnves 4,
Y o B A o " Ay " W ; v 9 3 ﬂ '
timuald ¢ Aednaunquildesmsezutsdniumsuisdeyanmuaiiu ¢ nqu

wiodowldiy {4, 4,,.., 4.} Fwaaalugii 2.19
" /
| Ac
"

1 2.19 mswiadeya [x] Wunqu 4,;i=1,2,..,C

[X]

' 1 g = ' = = ¢ w = (')
nmsuangudeyait hiduiladausadouilsddunnuduandnvesnsuisdoya
TRdsaums 2.13) Tas u, Aemanuiluaunvesngudoya

Lx €4 @.19)
u. = .
Y |0x, 2 4,

NNV (2.13) 0 U, Wy 1 ueae X, Lﬂuﬂmiﬂmmﬂdu A, AN u, iy o
uaaah x, lil&dumndnvesndu 4, uaziru, Tguaniaie

i Na'i:lu‘umfhﬂ31mﬂuﬁm%m€wummi’fay’ax,. e X Tunnnqu sziiswiny
1.0 AQTTUT (2.14)

D ou, =1, dmiuyn i=12,..,N (2.14)

c
J=1

2. TuudazngueziimanudumnFauazuandniuluudazioa faums 2.15)
N ar
0< > u,<N,dmiuyn j=12,...,C (2.15)
i=1
o 9 9 ﬂ = ' ' & ' q’: ar 5‘: v v
uazaziuldd x, deulumndnvesngulangunilaniniu Aniuwawinluudazaedul

1 9/ " o ¥ T ¥ "
n3amelunguazAainy 1 eue uazHauINYeY u, Tuudazund nieluudaznguaziin

' M o1 a A ' ' Y - = 1 £ o ' 3/ '
NN Ollﬁhh.llﬂ'u N “]N‘Hll']Uﬂ'.]111'nnﬂﬂquﬂxﬂﬂquﬁu']“ﬁﬂﬂﬂ']ﬂuﬂﬂ 1 A7 uanoddaunNN
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b4 1 ]
Twudeyaimua aums 2.16) Wumsiangudeyai luiduuuuiled Taoiinmsuvuilu 2
' )
NN 3 Joxya
10

U=|01 (2.16)
10

o0 A ad o o
2.2.5.2 Manuanguveyalne 5y %

wadwsvoamsuiangu Tavdtilad aunsouaaseylugiues partition matrix U
AIANMNT (2.17)

o = I_u’f Jf:l...N,j:l..,C (2.17)

Taom u, Aesanuilumndnogsznie 0fa 1 wazuaassiidoya x, sweglundu itk
uaza u, iguauiAne

1. Nfﬁmmmfhﬂ’nnLi‘luﬂm%nvfwnmm%ga x, € X lunnnguaziinumiiu 1.0
AIANNT (2.18)

C
Dou, =L dmiumn i=12,..,N (2.18)

=

2. luudazaguaziimanuiluaundnuazuanaalundazian dsaums (2.19)
N o
0< Y u,< N, dwiuyn j=12,..,C (2.19)
i=l
dmfumsmisnguTaoiled annsodoud U 1dlminnaums 2200 wmulan
4 i ' 3 U A J ot ! é =
MYee U annsovziimeyluisaesnguld Fwanarduiives U Tuaums (2.16) Feziim
¥ 1 U & ' u‘;‘ Y o ] P - ~ A L] v P ]
st lungulanguuilwiniusaadimudiszuuiduiladeiinmidanguinnaiszoui lidy

ey

0.9 0.1
U=|0.3 0.7 (2.20)
0.2 0.8

9ane3 Ny FCM Fuzzy c-Means Algorithm
adw 1 & 3 3 24 ﬂ -] 1 aad
Fuzzy c-Means(FCM) iiuisianquiasvenlvideyaniiuiluvesngunioninnin 351
(@nAunuTay Dunn40] Tu 1973 uazfimunTny Bezdek[41] Tu 1981) gnldedianieunauas

° § ¢ S ; ae roTs
MHUUA nﬂuﬁujmﬁ"wﬂaﬂmu minimization of the following objective
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N C A
:ZZu;”x,.—cj" 1<m<ow (2.21)
i=1 j=1
A‘, L] = o
e m L‘ﬂummu’mﬂﬂmammu (]< m <00)

u, Wudnimsdlusindnves x, lunguues j

ﬁ o w A ) 4 o o & A 7o ' @ A
X, WUAIAUN 1 VBIVBYANNNNINIGIA U X, ﬂﬂNQﬂ%uﬂTllJﬂ’J'NNﬂWUul‘ﬂu

f(x,»)

¢, Wunnneinanavesngy

C dludmung

]
s o

' o ' o o 1
M Wusimesu (om) Wuaanmumdousznindeyaiimsialag fusnma

3

Uil 1: Amuadoungy € (2<C<N)  uagmmniined m Fafudinoy
iU (1<m <o) fmuarwasndsuay U wazm & FullumAamaaiivoniy
18 TaoSudumsiusounsadiu o

uit 2: Aumgaguinaevesdazngy {c,=[c,] | j=12,...C} Taverdor U®

& ' o ot
wazaums (2.22) Famnnquilumssumnuuyflad
g, Z“ Sat ey R T (2.22)

3 d. o 1 E= L] & 1 o
U 3: Aammanuiumndnvess U gauiludr u lumsiusevsa'lilae

ldaguinan {c,,, | £=1,2,..,C}uazaums (2.23)

u, = L j=12,..,C;i=12,.,N 2.23)

i 2

3 Jr =<}

k=1 []x —¢

o

Wi 4: inum A =[US? -U®| = max, , |ul* —uP| §14>e W k=k+1
w o o 'y v 0
uazndu lihum 2 uad A < ¢ Idugamsiuseumsiau
= A r ﬂ:q Al L -
VINAVNT (2.22) wo (2.23) il m Fuiumniinademnuduaui@nlu partition
1 - = L} Ll nl.f ar = ‘:’
matrix U vhidmanuiumngnves u, fidweglugie o 8 11ude m suiludulszdng
AU (fuzzyness coefficient) 92 $IUAANIUAQUINT DY I3 OURDYDINGY
J J o Q.J -y é “ e H
Joyaunnznguezgnimuavenwadleileanduaidn Feannsoudaangans suilad
) ¥ '
yosdaneshuil lunmsauiuldatuuedadimingay U Uszaoudioduavszning o uaz 1

&
Llﬁ"llﬁﬂﬂﬁﬂi‘U'ENﬂ’J'IiJLﬂ'LJﬁ‘!J'I‘Hﬂ‘i"H')'IHJﬂUﬁﬂ‘lJﬂﬂﬁuUﬂﬁN‘Uﬂsﬂﬂﬂlllm'ﬂﬂ‘]'mt'ﬁ']‘li]ﬁﬁﬂlu
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NITUIDGMANUAYT (mono-dimensional) TavldiwadoyanauyAuaanszsuuAy

A3l 2.20

> X
SO 0000 O O O O 00000 0 0 0

310 2.20 MInszawveuradeyaUUINUTIAMINAL?

nnglit 2.21 wdinsfmuamesnguiiirsandeoyaldimsuanguiudaou Taold
i ngu “A” uaz <" Wumdmuadeyaii1danngiit 220 Woldmdnns kmean udag
nqudeyaazgnimuagas LA centroid) voangu Aauanmiduilsrdunuiumning
IR0l 2.21

m (membership function)

> X
OO 000000 O O 9.0 00000 0 0 0 0

A xJ :xf +1 B

4 4o a 1 w a
314 2.21 amwiluilansumindnveangudeyasinms 198ane 3y k-mean

K-mean 9z1Aadmndoyanqu A uaz B usnuindudanu Taoiiduutingueg

' = v - @ a d
seninvesdoya x, uaz x,,v0931M 221 dniu FeM 1314 Fuanudiuaindniidiy

i+l
- F - ; ; S
1@uns Il smooth Ae317 2.22 Taedeyaniiadoyalanisingeglunaton nqunieunu w1
[ »
snnuiluandnvewdaznguuanaeiulyl edrasudeyaigaesdlugl 2.22 widluanin
' 4 1 - J é 4 ] 4
¥03nqu B Asuthannndwziiumndnvengu A Faldmnnuilumninvesnguiio m=0.2
manuilugundnvesdoyadinand 39 hinsvziluaudnvesnqu A uaasimandu
= ' -2 =1 o - a o v -
au1FnYeangy B unumsuaasdionsmialdimssmuannuiiuaundnwaing U dagili
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m (membership function)
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®0eeecce v e 0.0 0eeee 00 0 @
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3 222 aduilendumndnvesngudeyannmsld saneiu Fem

e ” =
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01 0.3 0.7
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() AN k-mean (%) WASHY FCM

" a d { a 1 y ' '
N 223 wnind U fuaasnnuiumndnvewdazdoyaiiomisesniluaesngu

(793102) 110 N Yoya

ﬂ' o o J o o 1 H ) H
1A 2.23 Snuueuasndanvuiuiaudeyauaznguizuns Taslugiln 2.23
o o A o 1 o
Wumssmuald ¢ = 2 mdn) uaz N @e) die ¢ Wuswaungu uay N ilusmaudoya
o & A aa a a d = = P
ManuA  dau, Aeddudveunning U, wuaasmnuduandn », gl 223n)
@ = ar a a &
{1999 k-mean uaz (v) Wuvea FCM aunsodunnlunsdiusn (n) dulszanunaidunila

4 ¥y a - " oa " & we A o
Fuilumsshluudazdeyaausadlumndn ldifivanguifoainiu guaniaoug uaasd

aumsde il
u, €[0,1] Vi, j
[
Dy =1 Vi (2.249)
J=1
N
0< Du<N VN
i=1
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drednda liinosanmsldnunmmefuives FeM Tasiideya 20 doyanazeziniuiiu
[ H ° u’r’ ° - o i 1 = ' 5
3 nqu Nexhldvuusnvesnmssmnaing U Tuglil 2.24 namsmaundnvesudazdoya

' ' &£ o o s 9 ' 1 @ a
uazuAaznqy Faduyanvaivesteyaluunazngy Awmaaslugilhn 2.24
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membership function
1
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Yuegiudmmisvesdazngy Tunsdin lifinszuaumsiusevnez hinnse¥nqulddanu
g ¥ v oa & o o A - a 1 ] = a a
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2.253 3?531‘5!11]'@1‘1'9136111?1?’!’32! Fuzzy c-Means [20]
55M3 Fuzzy c-Means #19uidoyanmdeyacenilu ¢ aara ludtiifmuald
C=5 éqﬁ'ﬁy'umamiuq &ait
L. ﬁmuﬂfhl%"uﬁ'u’lﬁﬁuﬁmﬂmﬂuﬂm%ﬂumﬂmmmuﬁﬁz(p,) Aand
voIManuAs (1) Aaavesthld(4) amavestmuiou(y,) uazamavesnuu(y) lauil
AUANTAAI fail
w(g)e[0.1],

0<i,u,(g)<L,

g=0

C
uny Y u(g)=10 (2.25)
i=l

NAwtivewaei i =1,2,..,C; AMMMIINUBINANM g = {IMin, IMin+1, IMin+2,.., L = IMax};
dosmunlimdgaiiu jin= o uazdsiivesmsanluudazsouilu & = min &
WumsSunnmszaudmeiga Taofis min uaz e Susseduimdiganazgagaves
NN
2. fmnusmavvesnmaveuniv (%) AURDLYOINAIAVOIMSINGAS (F,)
Amdvvesnmavonhld (5) Aundvvesnmavesuifou(z,) uazAunivvesnaaves

oUy
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é H o d‘,
(%) 4o h(g)AoANNDAZANYBININ LAz mua £ =15 lavi

_ X,.h(8)en(e)

X,

LY h(g)m(e)

(2.26)

v b ]
3. Amnuaudeauanasyvenmaveunii(c,) oz iboaunasgm
YOIAAAVDINIINYAS (o, ) Mudsannnasguvesnmravenh il (o, ) uazAusauumnasg

YOINMAVOIUITOU (0, ) HAZANDBAVUINIATIIUYINAIAYDIOUU (o) Tay

Yo h(e)(e-%) u(g)

g = (2.27)

' S () (g)

e

v
4, f'i'tmmmmmﬁfluﬂnwm}mum:ﬂmﬂnumu

d(g.%)= Chid (2.28)

#(g)= e (229)

1+(d(g,%)/d(g.%.,)

5. fi1IIU Objective function

C L
J=Y > h(g)u(g) d(g.5) (2.30)
i=1 g=I(Min
if (J < jMin)
{
JMin = J;
NW=X35,=X%5 Y =%

Yy = X453 Vs = X535

1
ar o s o A
6. k=k+1, 0 k< WndulUduiiumsvun2oe6
(] v » [
7. fnnununsalead  MPAURGY 5, ,i=1,2,..C; vosdunoun 5 Taoh

T 4 A — — L] | v
Aunsalaad ¢ seiuiuszoznn 3 uaz 3, sdnhllnisdeyanmesniluinaia

nn3msuriedeyanndas Fuzy e-Means rovuannsodouilsdsumndnnata
ﬂeﬁaquazﬂmmmﬁumw'lé'ﬁ'ap]i’i 2.27 Tﬂfjﬁfi‘lﬂ‘]'lulﬂuﬂll‘l‘l?ﬂﬂméﬂﬁ'lﬁ'l!'é)illljﬁ"l(p,)
ARAY0INMSINEAT (1) Aaventhll(y) aaavesthuGou(y,) uaznmavesouu (k)
m1&nnaums (2.29) Fsreandosfuaums 2.23) #20 daumsnigaguinanvsudazngy
srmlanaums (2.26) sz aoandesfuaums 2.22) dmIumMsHIs object function Ty

¥
AUMSI (2.30) VUILADAAABINVAUMS (2.21)
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lMin}’t V2 Y3 Vs Vs L

Gray level

v 3 v
U 2.27 Hadgumndnvesnmraveauniii () AaavesmsInuAs (1) Aaavesthlid(x,)

3/ A
ADAVILIUITOU (1, ) UATADTAVDINUU (1)

9INM3YszynAnann1sue FCM fummaioariiionsila SAR ¥4 ERS-1 314 2.28

(M v lanmnmisdunagii 2.28(v)

()] ANAWAULLY W) dano3Iny Fuzzy c-Means

31 2.28 wamsusduvesnmawAIRisuYiia SAR Y84 ERS-1 A20Manms FCM

2.2.6 I5MINUIVOYNINUBA Zaart [21]
9 o [ = [ Y ] 1 s "
Zaart IWrineruedaneifin Inidmiumsimiswnnmawaifion Adendnmsiszinus
o o ' °
msaTaaalaonmsld@alaunsy  msnszaedyanusuauugalunmawaaiiouzgniiaes
" ¥
aroflanFuunsuiin Aniudda TaunsuveanmoiuanifionazuaainssaAuYeININTENLM
' = o o - o
unsuair matianiiiu 'l 1dgaqa(maximum likelihood) gnlddmsumsiszinamsiines
= - :fs' =] Ve = °
vodd lasunsn  mALALABINIIMISouiI I Inuavesdalaunsy  $1U9U look B3
U - ¢ a v do  a
Ameeafion wazmsinesisuauvesdalasunsy  eyWuTouAUABIveIFd Taunsugn
] ° o o) o
lsznauiwaninug  Zaart ITdinaueaeddtlumsdszmusiiues look wisiines
A W P o w [ " d -~ a =
Gudugmlszinanmigegavesilanduunsuin  Aunsaleanszgnideni valleys vesded Taun

sulasmsaamranaiafiuanan lidosigasznins munaraveaganin
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o as o v aad da o aa
danesnudmiumsutadeyannvesdsil Taendunnvesdaneiiulsznoudonn
2 \ ] ] "
SAR ilan 181aNeRen M SAR fignuiisdeyanin FEmsuisdeyanm SAR awnsouis
4
oon1diilu 6 Yuaou

E v
1. M3YUszaUIINIUVD look (Estimation of number of looks :L) TagidanWunveann

4

e ﬁ S T e v ﬂ = 4 A . '
NUANUUUIUBIAUINU ﬂ1“uﬂ1" h(x) s X MOT u | uaﬁTﬂllﬂiuwuﬂu ﬂ‘lll'ﬂuﬂiﬁqﬁﬂlﬂ@

v 3 ¥
Falaunsy uazAuRdoveINuNmud ey 2iia L mldnnaums (2.31)

2 2
r2(L+0.5
L=l+("m-;) (2‘“ ) (2.31)
2 u I°(L)
" 2
Taun S (2.32)
" -
g =LL+03) (2.33)
J(DIT(L)
098 +
09 +
094 +
ovz +
20.9 +
q
oss 1
086 +
084 +
ox2 +
08 +
2 11 % % ®. 0 e e
N

4 @ o d o
31N 2.29 AanuduRUTYBY ¢* HAT$IMIUVDA look

N3N 229 naamves ¢ lugaesyndng 0.8 fe 0.98 Tasdmuamnalues g

1 b l& U r 4 o Y
i 0.89 e 14 lumsdszanus , dwmsumsdszanuaives L nlddail

2 (£ +05)

1% ‘u? W

- %+  k Huddunmsausey (2.34)

1 u?
we M=——F _ _ 11aY ¢4 =0.89 (2.35)
2(p* -g'x2)
Tunsdivesrves x, Wumindwdenslszunm (Fetharu moandygiude

dyusunIuvesdd launsuniianig)



31

2. madszanadnnwvesnua 0 a(x) WuBaTaunsuvesnm sar Taold
K(x)=(h®g)(x) uaz h'(x)=(h®g")(x) o g(x)=c""" WuRlamosuvudn lsunuidoa
s ] o -
oz o Wudulsana FaimouvesInuado M
3. madssinaiwnlasudu Taolt a(x)= 3% 59 0) £ (x40 3).L) fmuald
Hudwmi Tnua i dmsy i=1 @ Tao O (i) dusnsud i
Xy (DHAWMUIGIGAVRI INA § @MY i=1 03 M lau p® (i) iWuausuauves p(i)
uaz 4@ (i) Wumisuduves u(i)
(M) AURAY 4 (i) = gx,.(, V2L2L-1 dWY i=1 D3 M e
q=T(L+05)/(L)r (L)
@) Amniwzduuwy priod; 4O (1) dmiy =1 81 & Wudmovvesszuuaums
Tnodmuald 4p° (i)= 8 dio 4 Dumainduun MxM 100 a, = £ (% £”()L) ua
4 o
B Wunmmeiving M Fadmualdlav b = a(x,.,)
4. Uszanumdulsgane dimsuudas Tnua i vesda Taunsunm SAR Taoi
4 ¥ d. U 1
i=1 89 M Fennsodsanusudouazmnamninzdiuuy priori
Z::l h(x,) p(i/ x,, 6, X(gx, )?
PINRLCV VLAY

Z:i, h(x, )P(i/xn s 8:)
z:fnlh(xk)

0 o [ = aa - 1

5. msUszunmaunsd leaa nasnniiamuanavesdd Taunsy au1s0lssuiam

(M) AMRAY; L2(3)=

(2.36)

@) maniheduuuy prior;  pG) = (2.37)

myaledn 7 52VIN i uag i+l Ay i=1,., M -1

log(K,)
= (2.38)
\[ Ly ((1/;1’ (i) = (1/ e (i + 1)))
(o K, = p(i)/ pli+ 1t + 1)/ )™ (2.39)

6. minvadeyanim sar Tavldngdmsumsutsdoyaveanm 7(x,y) aunse

¥
nana ldasaunisae 11l

L, if f(xy)>T,.,

L ¥ B <f{xy)sSE,,

S(xy)={ " (2.40)

L if f(xy)<T.
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NMIUszYNANANNIDI Zaart AUAMEWANITONSITA SAR Y84 ERS-1 310 2.30 ()

v ldnmnuisdudsgit 2.30v)

(n) NMNOOAUILY (V) aNDINY Zaart UAZAMS

31 2.30 vamisiiadIuveIn A WA T UNSTIA SAR Y09 ERS-1 A20MANMT Zaart

2.3 agun

nma1w SAR Wunmawiifidse Temilumsdsreiuilasluilegiu aunsanmn
Uszgnalda ldazainludszmalnoiidninaianmaTuladooms  uazgiimsaums
h ¥
(@efMsunIwY) 30 GISDA drumquimautisdeyanmilitugmlumssznananmuanvae
aad ° = ad a = P o =t ad Ay Yo L 1
0 Idinawe Taeeds luinoinuitwimsnSouionismsh Idinauondnmsuiion

1 A o 4 1
Joyanm SAR Tav1438nsunsuun Anisotropic 39z Idrinausluuni 3 ae'l



unin 3
N3AATYYIUTUNIUMNABATUNSNT A SAR
TAgMISUNI VY Anisotropic

3.1 panin

‘luuwf:%zndnﬁqmsaﬂﬁ’ﬂgapmsumumwdwm')tﬁuwﬁﬂ SAR Tagnsunsuuy
Anisotropic Tunmiu vSnainsnldounlaenuduvesnmedisiuiinlasGenh
voun feiifudiimsueaiuveayuifuszerfrveunimide 1 lunrsiiemua
oduMIfinuazeasiing wyudannsofisriinuazeasringidudenuvuamiialay
osmsnaduniedoyaveuvaveunm mioudimsnsadauveunnnmasnoaiiels
hisdoyanmuazaanszurunsuazdunumsiany sisitannudiulvavesvouniwee
FMDIMNAANBULIAY (feature scale) Tavvov lusiwaziduarziiiumnanzidon (fine scale)
HAzYoLYBITBUADABILTNAUANA AU uANANEI (coarse scale) dmTUVBLVE
ﬂ'lWlfﬂlﬁﬂil'!ﬂfflﬂﬂHM‘u‘lﬂﬂi'lﬂf,ﬂu'lj?l’lﬂlﬁlﬂﬁﬁzlﬁﬂﬂ gufunismveulunn
Teduiudesdidanszimueaminzdnnugliumnavesnmmiendsulunmiale Tavdh
nsziinTrinudumivesveutasinnuielunsaeauinaveuitodein hlds
U3iana (scale space) dmiuIATesdovesiTmsunsuuuENefuNnMIetIATY
mzmumiﬂsaqri1u¢';111vu1§atﬁu1fu'lﬂm:mnﬁvz%’nmﬁumﬂwawan"lﬁmﬁ"luﬂ?gﬁ
ana 1@ uadm3uITMsunsuu Anisotropic 1?uﬁ1mmtlﬁﬁﬁ'lﬁmmnmvﬁ doulvdand
Sagnaanldswiuiimsasnveunmvesing

U3z ToMinanueanUNTUVY Anisotropic Fusomsinmvenlunszuumsliy
a1 M3uNsuVY Anisotropic a1130 14 luns S rdnunzIAuid Ry veInIN
U ANATAIMUA BINTNTUNITAIUINNITUNS UV Anisotropic @14135011 1114y
amilasnssunouiiamefuuuidonTosiu wumsi 1 lumsvuaumsdszanananin
wazi@oa 35 maundez 195lunuiraeanmizii (localize model) Taufiaaesnsosuvy'hi
soiifeasznaruifumunisiFeeyuites (PDEs) 159510989 PDE H19varm150nsaamey
AuaUAA1NY 15U ANUTEDeIIN Sumisfing Anuuinana causality) Anmiiluwils
(A8 (unique) VOIHAANT dmiuluumile Buusihdeasumsunsdmiumsdszuana
amTaosenudidg 1insUszgnd 1953 nsunsuuy Anisotropic Taviinisiden1dan
Fu1lsz@n5nsumsuay PDE 520890 10A 1M 198302 UIUMSUNIUDY  Anisotropic
Tuilagiiu 1unnf‘:ﬁandmﬁmﬁwqyﬁtﬁaaﬁmﬁmﬁ’nmsuws' Uigiimnanazmaunsuuy

i o
Anisotropic ﬁnﬂi:ﬁﬂﬁﬂﬂiﬂ'ﬁllﬂill‘lJTJil'lﬁf]\‘lﬂiyq;'lﬂﬁﬂﬂ'lull'UUQﬁ (Speckle model)
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Diffusion Tensor M3AATYYIUTUAIUNINGIY SAR Y0IA1UTONAIVAINTOIMTUNTUVY

Anisotropic

% e ‘
3.2 nguijilessueINumsuns (Diffusion)

3.2.1 Y3giimna (Scale Space) #azN1UNS (Diffusion)

]
L =

' =S 9 1 o b7 o
nounvznannamsdszuranan lasl¥msuns szl l¥saudumsmveunmw

wiimslimdnannuvesdydnvainouTas dAmuald 1 @y nm uaz 7(x) Wuarmudy

= o ] A o ' b o
Y9N MAA MU x ofmua PDE voamsuns I 1, Wumwiinal ¢ uaz 1 (x) Wy

b.

anuduvesganiidumiia x e « Wedumufiveseulunmlavyaiiduveuves
Jaglunmile e(x) Mdoulugilydu Ao e(x)<[01] Tavit 1 Aogaveunm o fe'liiiya
vouUN M duwavesd e uiag lunwunudie v
mnRrRniuEguanadaiiuialaesmsunsii 4 lumsssananm Yigiana
fomstasusmunmiiGududienmdumiv - FusiimnaazBuauasduiiude linmii
Ainaneunniy ‘Iumﬂ%’ﬂ?qﬁmnaﬁwﬁﬂ'nuﬁﬁq;qﬂumsﬂszmawamw dmiuns
Aumuuddudy msdhsianmnznsiifeyanmiilszangam1deis dmnenmh
1umsﬁ%’uﬂ?qﬁmﬂaﬁﬁamiff%'m?hnsmﬁ'a;apmﬁmummumﬂn (Scale Generating Filter)
mugﬂtmuﬁ"«ﬁuﬁﬁmﬂmﬁum fnsesdygnauuuiFudugnlflunsmnanmininaue

v ]
Tau Witkin [35) 111181902035 09uuvindiFoa (Gaussian Filter) Tnuf
I,=G,*I, G.1

1ifo » Aien13iineuTagHu(Convolution) uaz G, Ao IMdiFvainesiua(Gaussian kernel) fifi7

doasvmnasgudiu o Tao 7, =7 dunmisudu i
o=t (3.2)

L
@ ar w o

aiu wadnivesdInseauum@Foaniavt ldnnaszurumsunsuuusiiiunniirmie
(3.3)

4 P
e AL AvanluBvaves 1,[37, 351 lumsiszurananin vilsganmansant lAvinauns

PDE fi®

oI, (x) r
- Al (x), (3.4)
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70uUVYes Marr-Hildreth [36] 1d3gilananuumdiFoalumsasanivvounm
HUUYAWANA (multi scale) nu"h’s’amfﬁfﬁumﬁaﬁmaﬂ'hqa?uﬁ'nmwmwnwau-unumw
18TaumsulszyndlddansziuuuaniiBua (Lapacian operator) myadagué 354 1471
auiionlumsns9deuveunMEund1 Laplacian-of-Gaussian W30 LoG  @uiiludifign
el luanuszuuiminmmedaine (biological vision system) 881 15Aay M3Az19M
YOUNNAWITNMIUNTLUUIAUBAUNATIFANN Tsotropic (Gaussian Scale Space) v Wvounm
dome i Iddudnvuznamnnzfannufanaalumsnedumisvosveunm
(M3nsaaeudumisvesveunmiidoauu lnndumisesveunnese) MmAanaaves
dumiveunmimuiunnmnaR iy waolfidatlymlaoasadumsinnziuuumay

ana AIOHAANEN IA9INNISUNILUUY Anisotropic duiumal¥inddoum 145 miataue

fMTUMINTIVVOVVRITAY Tun

3.2.2 MIUNIHVY Anisotropic

MSUWSHUY  Anisotropic HIu3Emidanguyanmivlszaudmatalndifoeiuld
Wlunguinvariu wazuSnaimssdudmiamuandmeiunni IWssdudmmnfud i
AIARA N Wuwalfiiamsusnnguivediadanu Tﬂuuﬁnmsi":qnmmumﬁams
UszanaranmaiusnTav Perona s Malik [11] eldlumsandyyusunuvasioaiuey

¥ [N [
Yiuljaiunngndesvesveunm Tasaumsilddauanslu 3.5

Qf,(_’g;ml - dr‘v[c(x,y,.f)-vf (x, ] =

i conyn Ao dunlszAnFmsuws (Diffusion coefficient)

feuy,n D MIZAVTMIVOIANIN U AWNUS ¢, ) adaft r vosmTums
(F M3V ¢~ 0, AemmAunty: 7(x,».0) = f(x,¥))

div fin Ansziilanesiaud (Divergence operator)

V f(x,y) A0 unsiAuuueInIn (Gradient of image) ™ A ¢x, »>

4 1 L
Perona 1Az Malik [11] fmualddudszanimsunseglugduvuunsiBouveanm
n’:' 4 o 4 L x . .« » .
Asan ¢ uansdsoums  (3.6) lavieulvvesilandumsuns  (Diffusivity function)
g(V/ (.0 fedlumsyivljaveuvesiaglunmdrsmsiunnuGouvesgdunuyly

cld ' L A
vaizhilnnuaing lideiiios

e(x, y,0) = g(|V/ (. »,0)]) (3.6)
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° o o [ @
Perona WA Malik [11] AMUARINFUMTUNTUAAIAITUNT (3.7) TAUHAVDINS
o J 1 o =S
sulganmeziuegiuvuaveaunsifou|vs(x, 0| Tnodwuavesunsitiou v (x, 0| i
yinalng msunsszarhldusingueunim uddwunavewnsidou [vr(x,y,0| Tvuaidn

1 oA EY - P
ﬂ'l‘.illWiﬂ:ﬁllilu'JTulﬁ'TlJﬁU‘lJ'n'l]ﬂ f(x,y)

x 0l
(e ) =+ 22 e y.of . (3.7)
i K UNUANIMINIVANAIIITNVDINTUNT
ﬁ'aﬁ'uﬂﬂmﬂﬁ'wmmmzﬁlumiﬂ%’nﬂiqmuﬂums(m)
r
f(xpt41)= |:f (x,2,0)+(AT) Y ¢, (x,3,0) VS, (x,y,r)] (3.8)
d=l

4 J a .

Wo T Ao Saunamalunmsuns

Vi, (x0,0)  Aofirmannuuananlufiemiwes @ Ndwmus o, luudazms
MU0V ¢

a &

AT 719 TuaINsszuiana

Taona 1 dudlumsAaunsi@oudif@eantnmsunsuuy $10-v21 (30 2 Hirne) 9z
Amuald AT<ls daunsdi 2 §A imsunsuuudfimmeezimualyl AT <Yy dymnu
ANVUANAN VF, (x,,¢) ADNANI F10-421-DU-8 1 'umqﬁmwnﬁu'h uaEHaUMINITUNT

fmualay

—f(x Y1) = [c(x ».1)- —f(x y:)]%[c(x »t): 5f(x yr)}

(Ax)2 I:c(x-l' ,y,t)-(f(x+Ax,y,t)—f(x,y1))—c(x—%,y,t)-(f(x,y,t)—f(x—Ax,y,t))]

[c(x y+— t) (f(x y+A}’J) f(x y't)) (x,y—%sf)'U(X,y,‘)—f(ny"AJ’J)):I

=cbm,+(b +O

wes! north

(A)

+O@ e Ax = Ay =1 (3.9

southt

¥ "
antuaumsvesmsivljuaazganmlunmdrsimumsnsgaeinhiiunn

wamidinlndiungade

fxyt+AD) = f(x,y,0)+ At (D, + Dy + P + Pinr) (3.10)
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fle-Ax,y-apt)  fly-apt)  flx+axy-ay)

f(x=Ax,y+Ap,t)  f(xy+An1)  f(x+Ax,y+Ap,t)

3N 3.1 Airmamsunsluszneganmnsdl 2 3a

WMNIN0T Ax taz Ay Amuannyerinlumslsanunnuuandvesiem dmsy
TunsdiapaiAnm1aveInsuns s mdd uULIAZA A1 éqvfmnﬁﬁtﬂumiﬁmuﬂﬁ?ujm
TumsilszurananmTaverdomsuns uazez1dvh ¥ lumsiszgnamveuninde'l)

UBNIINITUDY Perona Az Malik [11] ud2 Catté uazame [12] Tdhmsunsuuy
Anisotropicin ¥ lumstszanananmIasimuailadsumdi¥e (Gaussian function:

g(G, *Vf(x,».0])) unuilsfdumsuns (g(VfGx0))) Fal¥nadnivesveuiinnuanda
uazfunani13344 Perona taz Malik dm3uilymififadufu35uea Perona uaz Malik 147
Weicker 1102 Benhamouda [13] finmndeswazidealumsaiadefaniavounlnmesdniuud

(regularization factor)

3.3 aulszansveamsuns

35M3UWIUDY Anisotropic 92ABINTINBIVBVAIY Vo Taguer Admusun lily
o ° ° o - 9/t ﬂ A o ar o q’:' o a o
veuvesiagezimevmnimsliuidoy Wianuiluilefeiiuge dniudulszdnives
msunsdainnudngnzdeudenimmnzauiuudazuinu
4 ' 1 ' a U { o ] o o
welddrwdenisdals szszymdudsz@nsmsuns liidwmis (x,y) daoiladdu

1 4 T = L 4 a ar q‘ 1
ADIIDY c(x,y,¢) daulunsdivesTawunuylideios Handudulsz@nimsunsszunu
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A ¢, (x,21) Ty d fmuafirmanag (xy) Smuadums Taeialduds co(x,,0) W
o o v A -3 P . . - ' '
Handuuvy Tumuau (non increasing function) YBIVUIAVDINTIAYY |Vf(x,y,t)] DUNTY

b

4

dudlsza@nimsunsiilu (V7 (xp.0)) Smivantess voa [v7(x, 1) WU c(x,p,r) axdim
P PO | '
W Indniia v [v7 (x,p,0)| TAUNNTY o(x,y,7) zfiAranaudigaigud  Teboul wazame
[ 1 4 1 ar o d
138] ldaradeu lvinoarududseansmsuns lumsaaauvesn 13 3 dedaudiu dadl

(1) lim c(x,y,t)=M Taoh 0<M <

[9f (x.p.0) -0

(2) _lim  e(x,p,0)=0

IV](:_y,rx—lm

(3) c(x,x.1) WuanFunsaalaous (strictly decreasing function) Y89 IVf (x,3.1)|

wa d'l S 4 n’: A' 9 1 1 [ | s =)

Auautidamieu lviiniiai e ldinilvhmsiSuSsunuuauedunniinniaves

d¥ o Yy o wa A ~ A o ey A =

WHNANUIVUIRYINY i‘lﬂ!ﬁﬂﬂﬂﬂ'lnlﬂﬂu'l‘lmﬂﬂﬁmﬂﬁﬂ‘H'l‘llﬂ‘UflTW ﬂmﬁunﬂmmmﬂw

A4 a4 = o
mumﬂwanmmmwmmnusmw‘lumsmmm
a = Ve o '
1‘1‘[ Perona Wa¥ Malik [11] 1ﬁu1lﬁuﬂﬁllﬂizﬂ‘ﬂﬁilﬂ\‘lﬂﬁ'lw\ﬁ AINTENINTITUNIA
d'd o 9 =1 o "9 s

auN1T (3.11) uaw (3.12) 1‘11]ﬂ']'lil'ﬂ'lll'liﬂ'l"lﬂﬁ‘ilﬂ'l]ﬂ'lﬂllﬂ’nljﬂﬁﬂfﬂ (Msuwsgaunay) uag
(L] & Yt @ o 1 L] ar 9/
mstszuranaligeon Feldlimsuaawadni[39] vesnnuuandrsededanunnmsly

AUN15(3.11) N (3.12)

c(x,y,f)=exp{—[m’:#")] } @3.11)
1
clapt)=————— (3.12)
1+[Vf(1;.y.t)]

3.4 HVUINDITYIMITUNIUIVLYA (Speckle model)

aumsanudunmawnuionsiia SAR (F,(x,y)) e (x,y) auydagmldnn

ANUNAYVBINAWYDI L (Average of L look) LAAIAIANNTS (3.13)

F(x,y)=1(x, )R, (x,y) (3.13)

4 w =

e R, A9 Ay USUNIUILLYATIILBI L
L fe mnsivesmsadedygiusuniuuyuge

= U o
I A9 MNDEINITVULIA3[3]

Tyanusumuuuuga Iaen luyuinesszeglugduuuvesninudy uazvuia
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o a o o o
AaEuMs (3.13) aﬂyf,u:ﬂumaumnﬂumiﬂmﬁwmﬁmﬂqnw annsolsulgauuiians

#om3ulas Logarithmic [5] tio ¥ I naroidunisuan w14

F(x,y)=1(x,y)+ R, (x,y) (3.14)

lfl"il F(x,y)=In(F,(x,y)) , I(x,y)=In(I(x,y)) uag ﬁL (x,y)=In(R, (x,y)) ¢
WU R, (x,y) sxnmoiludygiasuniudviani uazuuudiassvesaumsezduns
VINAIAUMS F, (x, y) [4,5]
lumsiasvdvvesdyanasuniulunm SAR szlddmaugaauya (Equivalent
: y

Number of Look) M58 ENL [10] #1 lduninsasdiuvesdunasdomnnuuysisiulunui

] 4
amnduitederiu Wuamdnsslumsiadmuald ENL uaasdeauns (3.15)

0 2
NL = .

) (3.15)

We E(F)Aenunae uaz V(F) Asmanuudsdsiuldnnmsydszuaa lunun

] b4 L d
amiihuiloidvafundannmaadaaasuniu Taoluinorinusatuiivie Eve

L d
nlfiluiisiaszavvesmsaadyanusuniu nanfewinm ENL Simgauaasidye

TIUNMUUVUYAYNDA 290619110

3.5 Diffusion Tensor

Diffusion tensor ({135MmsfiU§ul3901n35909 Perona waz Malik [11] Taumsld
Taseadumasvndammed 391s52gn@191n35 M3 Coherence Enhancing Diffusion (CED)
viuaueTay 1. Weicker il 1997 [6] #l&nandsqumnianaie edavesmsunsuuyl
(Wudu (Nonlinear diffusion) mulw’fﬁujmﬁx’r“;mi’fmﬁumwﬁuﬂﬂ HAEZMIMUUATD UV
Diffusion tensor D fign1dmudunlsz@nimsuns ccx,y,r> Taugasues CED uansiaauns
(3.16)

TELD — 4 DS (x,y.0) (3.16)
Diffusivity tensor: 1uilsnduveaunsdounm Taodmuald b Wuwasndldau
uaasnsaumsnae il
dll dl2
ik (3.17)
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a o y o n’al
wasng D Had199nnsUFuiSsunuiunu@anin (Smoothing perpendicular) V94
UNSIAUUNIN LAY Integration scale PO Tﬂﬂﬂl%ﬂﬂui‘quuﬂ'lw f(x,y,0) 11 Gaussian kernel
G, wldianduiignliuBoy nanfe £ (x0)=G,*f(xy1) e * Aednszineu

Tag%u iy Diffusivity tensor @ m13aM1 Id9NMsABUTIQHU VF, (x, 1, VS, (x,,0) AU

Gaussian G, ﬁ"uﬁﬂ
S, (Vf, (x,3,0) =G, *[Vf, (x, »,)XVf, (x,5,0))"] (3.18)

4 = o
e T ununsnsa Inaveunaing lnssad1unuies(Stuctre tensor); S, iilu

- o _ & *
mﬂsnmuaztﬂu Positive semi-definite

S, = [a b} (3.19)

v
oA lemnu 1daadl

s =%(a+ci\f(a—c)z+4bz), 2 (3.20)

A - ' Yy o o
e u uae u, A9 m'lammmﬂmmﬂamuwﬂs

1u CED [6] Moy Integration scale p l¥AwanAunszUIUMIUNIAI0TATIaSe
& ¥ —— 44 aa v
Coherent uaziluiugmmsadn Diffusion tensor NaNeM Ve loinumreandoaivlomny

o o 4 A voA 1 " A [ d"
namesvedlnsaadamuires Tasniinuaona1loinuves Diffusion tensor Aat)

k=a, ac(0,1), a<<l
a, if =
k, = [ -

] (3.21)
a+(1-a) ) c>0

NNAUMST (3.21) Tsaimua Insaad19ve Diffusion tensor 1riiu
0
p=|% Ol |% 4 (3.22)
0 k| |d, d,

4 : o "
e k uaz k, Ao mlanuveslnssadaiuwesigniden Tao ¢ uaz o Wudunls

l o s
MuAuzliveueny Inuwiua

ax " i vy g ¢ yd 1 a 4
215M13 CED Enﬂ'ﬂ“us'luﬂﬂ#iﬂiﬂﬁ‘i'lilﬂNl“ﬁﬂ?ll'ﬁﬂﬂiﬂlﬂN'J'lllﬂ'l'ﬂ?'lﬂ‘uu'}ﬂ'llﬂq

s s -& 9 = o o ar ]
mmasﬂmmlmm%ﬂuumﬁuwmasuu'zuum [15] %Qi‘]iinlﬂNﬁﬂﬂ'ﬂﬂ'l‘iﬂiﬂﬂ?\!ﬂ'lﬂﬂ\‘lﬁiu
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¥V .
A o

] [
HIWDNA

n’ (y W a,
amawia  visidwidoavesndm [16] Tuinotinusfiez)snlgadtmsuns

ﬁ'ﬂgtymmmmmuqﬂ TavezsnYITWALIDUAYDIVOVUDININ

3.6 MIVATYAYIUTUNIUNINGY SAR YOIAIANGNAILAINTDIM IUNIUVY

Anisotropic

o act " = > a - d’civ
MIAATYYIUIUNIULDY Speckle AWIBMSUNT UV Anisotropic Tuantinusi
L1dmsulasaeniiy e lidyapusunuieglugiuvumsqu waswiumsuan Tay
= 8 = o 4'| 9 d‘l =t d'. i
aaMm3ny s35uAswiunsideudeyanimeenly 1 iwendniduailyninives log(o)
4§ o & ~ w ad ! . = o/ ci
uaziNen WAz luMsi N FeligluuumneauiuITMIUNTILY  Anisotropic  HAI9INY
dygrugniiadlonszuiumsunsudrfeyanmezgrudasnduilugdununimdude

o o
Wanvuend Twu¥ea

i o o w A

aums (3.16) egminn e Wadyausuniu iiie Diffusivity tensor D gnlSuilga

=)

THaadyausunIuuY Speckle Noglugduuuasnisin msdsuljedulssdninisuns
° Y dy - :; ﬂ g = o o
wgnimualvegluveuivaveanun niluitieReriu (Homogeneous area) lavoIfitiLn
P i 4 = o &
sinvuveInuNR Iz lunImNgnUSuiSoy (Smoothed image) £, (x,y,r) ¥31u Diffusivity

tensor D ﬂsznauﬁ'w

D=|:d“ dn]zyr['{n O]V (3.23)
dy dy 0 4

4 o ' o L a o
ey 4 uaz 4,79 7121111 (Conductivity value) AL ¥ UNUNATNTNITHIU

b
o 1 o ' o o o é oy
(Rotation matrix) [14] Aalsmariiszsnnama lddvepiussusunilaluuinulndifos

a o

] td
ANNAYANN (x,) , 4 UAz A unudieAInInivewnsiAouasaumsae 1

h=ek IVl = O fo 7,0 4V, (00 (3.24)

A 'q o o o
we V. f, uaz V 1, ADMIUNSIABUNNANMA x 1AL y AWAIAY Auls K unums
(] =) o P o 1 a o
AMUAUANUITLVBIMIUNT IURLINUaNMS (3.7) Fezgnldlumsdmua 4, daumaing v

- J -]
zunuszUURHaFdmua ldiiy

1 l:vxf; _Vyfa:I (325)

T AR
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ludanednuMinaueilszIfnszuiumsunifugaasdiomsmmuasunun
& o ' 14 l=l 1 1 4 1 H 1 4
(inertia) Fuiusasrdmaiivannasyudenunde  TaoAudioamnsnasg 6 unzAundy
i dil' = ° b4 = i o ' o
g gmbsznauluveuwanudwileer dmuald ¢, =5,/ gadnunewhnszuums
] td '
uwsuaz ¢, =4,/4 dumildnamsfuszninnssuiumsiudveansunsioun
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1e8nI1EIU C,/C, MINNTIAT R NHMUANTZUIUMIINGIIZNYADT
nnMsnageudaneIiuiunwawaufioy ERS-/AMI Tuglil 32 uaz JERS-
I/SAR Tuzi 3.3 Taelugih 3.2(n) uansnmaisvesaraiion ERS NA1MAZIB0A 12.5 A5
¥ " ] ]
asouAquRUNILNd Vet dIanmyenys Usamalne @wdleui 22 woaSmou w.a2534)
uazgU 3.3(0) UAAINNAIWYDMAAININAIWYDIAT NN JERS NAWAZIBUA 12.5 1A
A 4 ) v W o R T
AsouARuULNLNdINYeITsnIangIuys Yszmalne (GodeTun 22 Aueiou w.#.2535)

HaNINATOUNAARIZIN 3.2 uay 3.3(v) B9 Q) Awmsldvumlasnunun &

¥ '
[ 1 A

2 ﬂ ar v ' Vo Voo = -~ A’ = o o g
434 uﬂﬂsmm's:11'mmmuamumm731u¢mﬂ1mauﬁmmmuwumumﬂmﬂu ﬂ‘]J‘Yial‘lf.l‘N

3 9 ’
=t o

mamAufisauunaspuse Ry ﬁmuﬂiﬁﬂg"luﬁuﬁﬁmauumtmﬂqﬁﬁ'ﬂ [(142, 84),
(154, 100)] dmFugii 3.2 uag (27, 170), (57, 193)] dmfuglii 33 Tavdmuamiladsu
imdiFouvesdoyanmiiiimng o =00 mmIauguATUIdLYEINITUNT K - 0.009 1Az
Fuvoamsuns (Step-size) N1 0.2
wamsnageunudledimsndnulas R i innuadwesnszuums
_y

v 4 & - o ' LA -
UNTIWNUINUU mﬁtﬁmmmzﬁmmmsmumsuwsimn's::mﬂmwmuangﬂunmsumuu’ﬁ

v a Ay = o
ﬁ‘lﬂﬂlm 137U l“ﬂ HIUBIAYINU
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(MR=12 (WR=22
31U 3.3 wansaAdYYIUTUNIUVDINTHAIWATUTALUFHUA SAR UDI JERS N1 R #1399

HAITIAAAVIINATAATYYINTUNIUIINAINEIUATATNONBIA SAR U9 ERS 1Az

JERS UAAIRINT19N 3.1 uag 3.2 audiay Tashvuauuiaves R 9104 84 22 wWuNI5ns

UWSHUUD Anisotropic 1 lamuvesasniny  dwisamiadygiusuniuuuuya ldedied
v b

a a @ 9 1 o A ag a o adde ﬂ o ﬂ -: =
ﬂﬁgﬁ‘ﬂﬁﬂ'lw ﬁﬂlﬂ(”lvlﬁﬂ']ﬂﬂ']m‘nlwn‘ﬂu DAMNIT UL uﬂ?iﬂiﬂﬂiﬂ“ﬂﬂﬂﬁlﬂﬂ?’]ﬂi HIHDIAYD

n' at J A ot
LAZIWNUUIUIUIAVDIVDULIUA klﬁﬁ’)&ﬂ]iﬂ‘iilﬂ'l K ‘]I\‘N‘ﬂuﬁl?uﬂ'iﬂ'l‘iﬂTUﬂllﬂTﬂJl‘?fN‘Uﬂ\?ﬂ'ﬁ

uns Wduiusfuswaziduavesdoyanm
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R $UIUTOU Aundy Annuulsdsou ENL
- - 39.39 33.90 45.77
4 195 21.85 2.61 182.97
6 292 21.80 1.10 433.45
8 389 21.83 0.69 692.03
12 625 21.84 0.30 1586.36
20 1409 22.00 0.10 5071.30
22 1639 22.03 0.06 7713.72
M31af 3.2 HaFaiiavYeIn e Ao YiA SAR Y84 JERS-1
R $IUIUTOY Aundv mnuulslsou ENL
- - 62.37 72.04 53.99
4 416 33.52 6.28 178.90
6 575 32.59 2.79 380.67
8 725 32.38 1.46 716.65
12 1136 32,23 0.86 1210.25
20 1811 31.60 0.33 3000.51
22 1899 31.53 0,27 3746.68
3.7 agtun

b

TuunihiuauemsaadyusunIunuy Speckle AIUITMIUNIUVY  Anisotropic
vunmmasmsuasaomiiy e I dygnaisuniuieglugduuumsgualdouiiumsuon
Tavaemaniu s35umATWAUMsIdoudeyanmesnly 1 wenandesilyniA1ves log(o)

ar Ai o _ o " 3 o
winnhdyanugnmiadionszuaumsumsudideyanmezgninlasnduiugduuai
@ é o 4 ’ ' .I

Wudoandu wnd ImuuFoa Fwannmssmuateuly ¢, /c, winndim R Aidmua
YUIAUBY R 910 4 D4 22 NUIITTMIUNIUUY Anisotropic 11 IAIUYDIABMINN  A1WITD
o o o L) - e J d‘ n' 3
fdadyanusunuuuuyaldedniilszdninm dunaldninar ENL fwudu wazluum

ao llagnandaimsiisdoyanmeawaifiouriia SAR nasmsidadygasuniudiomsuns

1111 Anisotropic
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MISHUTORAMNAATINSNFHA SAR HAININIDIVD

MSUNT Anisotropic

4.1 panh

b " I
uniinaninvarunsudsdeyanmaoaaiiousia SAR ldndimsnsesnisuns
Vv ] U

LUV Anisotropic nuﬁugmmswwmmvmm 11433 Region growing ﬁ"mmsmnﬂgmm

3 a q’: =1 o 1 ~ = a
Whudledndu nazuaasiuasumsisnuadeyanimaieariiiousin SAR Tasnaaosiv
¥ = o A 9 od = a
MNEWATUTONYIIA SAR ¥94 ERS-1 Uayved JERS-1 todumsnansldiiiuialsedng

amlumsudsdoyanmaoarauiionsiia SAR Aae3Tmindue

42 35 Region growing

$anoaNuvD9IT Region growing IHWUIIUNITVIIVVOLIYAAIIMTIIVOULYA
L | = 2 o EYJ a4 'oA ﬂ J = a & 1 g
HaRsaniinsanddnsazanudunIoiionm Nilanuihuilo@eanunie lu minliney
2 ax . = acd a o o [
vewvouwaoon 1 #9335 Region growing [17,18] iHuaAdwnazlouun lumsiudsnmua
AeManMINIITINGUVBIToYanIN
Tumsinmudzdesiinmsfmuaveniun (Region) HApenisuas R Tasiudaz
‘uamﬂmmmumsﬁmuﬂmmmwu‘umqﬂmmsmm (Seed Pixel) s, iile i=.,N ions
v a a o q’: <& y =] A 3 Y o o o
dadulavenoiivesvouua (gowth) dniudsdesiinguielfifiudersdulumsveudives
E 3
YoUIA HazsWNIngueamsaseaeuanuiluiiodiiuvesveuvalunnszozveams
VUWA? ﬂa'nﬁﬂmamﬂmn'cjn“lm Rf’”,i-—l LN wiimsasavgeuhiiganmusnalndifivs
(rfluigﬂmwm 8 mﬂmumaam‘uqnmwn‘ummmamﬁmnqu) il“’ﬁ‘llﬂ‘.iﬂll‘ll.‘lﬂl!‘]i?ilﬂ'c}ﬂﬂ?ﬂ
Tansely n1u°l¢u<1ﬂu"lilm1mi'lumammﬂu nsdadulesddieiud weguuiingu
2
‘ummmmnmnmasxmwmqﬂmwwnnwumzqusm
= =Y flﬂy 9 o o d Aa = 9/ asy
'Jﬂﬂ'luwu’ﬁu‘ﬂu’llﬁuﬂﬂ'ﬁl‘ﬁﬂlnuﬂ ﬂﬂﬂ’li“ﬂ’]')’ﬂl’]ﬁﬂﬂﬁ]ﬁﬂﬂQ‘UﬂHﬁﬂ‘lWﬁ')UTﬁ
o ° 1 a = 1 o
Region growing 1avhisuiludesdmuamniuduvesganimisudu (Seed Pixel) 8g1elsn
add o ::’ [~ o & o wa a ﬂ d:’ = w "
MuITMinaueiannsasnmuanuunn Inia aunmsmungaiuihuiloelnu 1Inm
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43 TupeuMSIFANUAM N IO ANENA A INTOINITUNIUVY Anisotropic

= > o ey ' o a A g

31U 4.1 uaasduneumsFnuAtoyanmawaIiionyiia SAR Tauisududions

¥ a4 v Y aa &
wlasdeyanmineglugduvuvesnnudy egluTamuvesasniinu simiudinua

-4 o a av o { o ' 's

vouwanuihuiieRnnuvesdoyadunaluinadmaoy uazsmuadunus R vonaw

»y ¥ "
dhuilerduaiu nasmiihimsmuiammsandnanasgiudesuindsyesnmauativ
v 4 .
Wufe ¢, AMIURIMUARTUANYDINITUNT LY Anisotropic (Anisotropic  diffusion)

1 9 2 a' 9/ U [ ; = o
Usznoudim o,k war D udPusuAUNITUIUMIUNT nazmsYannuiduiio@eadiu
¥ .

YBIVOUIYA (Homogeneity region) AZNIZUIUMIFINUNILNIOATIAIU C,/C, BAWINND
" ciu = 9 9 & " Y- 9 1
A R NMmuasInganszuIums udaulasdeyanwneglulamwuvesaeminulveglu

1 A o o o =
zllllllil'ﬂﬂiﬂ'ﬂm‘{l’ﬂ wmﬂuﬁ"mﬁaﬂwmnﬂwm HIBOQ

(1) Initial Value .

Read image data to keep in
buffer f{x,y,7) with size MxN

v

)=ln ,+H1);
SCHIn(Rn OH); - Get rectangular coordinate
to calculate standard to mean
Get rectangular ratio;
coordinate; - Get R value.
C,=6,/i;
o = 0o/ Fo Initialize parameter values
Get R=7; t: index of iteration numbers
i / x,y: coordinate of image buffer
= K: step-size of diffusing
0, 0=0.9; D: diffusivity

| (3) Calculate C, | K=0.009, D=0.25;

\ C:JC.<>R mrans&r to intensity form
Calculate mean, g, standard deviation, o

on the rectangular coordinate and C=ofu Jep 0= ; (0, 0);

x=y=0

t=t+l

(2) Diffusion ( Stop )

Determine eigenvalues in Eq. (3.24)
and Calculate local coordinate system V
in Eq. (3.25)

lCalcula(e diffusion matrix D in Eq. (3.23) !

[Formulate directed diffusion in Eq. (3.18) |

y=y+1

3 o ol o ¢ ) . '
j‘ljﬁ 4.1 Tﬂmﬁﬂ‘s'nmiwnmummwn'um‘mﬁuuﬁ"wmnimmmmtmu Anisotropic
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10 Tladninuaasdegylii 4.1 aunsaefuwnvazidoavidendie 18 aii
1. MatmuamisudunsEIMNTS
1.1 emdeyavesniuduyeenIn uazmimviiavesdeyanin (Mxn)
1.2 wasdeyanmiegluTanvesaeniiuiidimsdeudoyadas 1
13 fmuanfadindouvesdoyanimduna uazAunaivesniuile
ALY Rw%’ﬂu‘ﬁaﬁwmmmﬁﬁm1fhusﬁlmmummgmﬁammﬁu'ummwsé’funﬁn -
14 Amuasiduduveanszumumsins Taodmualiinaundavesmsaud
Guduningud (r=0) audosumnasgiin 09 mmsnuguardivesmsuns K vty
0.009 aza Diffusivity D 1A 0.25

14 b
2. NTLLIUMIUNTIZNINAUYAN NN TAgnIziing s0egan MAIunIzUIuMs

o

2
atl
Vv
2.1 MurmmIa leinu (Bigen value: & uazk,) A20auMs (3.22) 1INUUMIAY
szuuRnammIzi n3ea1 ¥ awaums (3.23)
2.2 AMUIURUNATAEMSUNT D Awaums (3.21)
23 unu D uaz g(x,y.7) luaunsi (3.16) oa319 Directed diffusion
» " ¥ v
3. iensziinszuaumsunsudnade Avziuasiuauasavesn g,  udam
AURAY x UAZANDOAVUIATTIU o NOMIAIDATIAIUIETHINANDBRUUIATTIUAUAIRGY
v b4 [
Tundazaiswes « ¢, minviimsasasueulvidasdsenin ¢ /c, nwnnn
' A ' 9 - o : " 3 a = n’: & " ¥
A1 R wiohi mndeondinezoulldnszuaumsuns luden 2 Bnasamils uamnunand
AaginszuIumsn 4
4. Wunsulaa g(x,,¢) g uTamuasnsinuIieglugiuuuvesnnuduui@y

dromsldilanduend Tnmdoa £(x,y.0) = Bxp(g(x 1))
4.4 Han1Inaaag

a a [ a a8 4:2 o 4: = ad A =4 = = Y

Uszantnimvesdanesnuminaueiigniszdiu 2 35 Asmsnlioumeu¥alinu

@ a b =1 & =S = = o = = ar adg o
waznIsARduAloNsVeunY Fnmsalsoumsmdalsuaesiimalsoumeudaneinum
o o o _— A o = us =
WiauenUdaneINuDUDN 2 dana3 Ny ABdane3I Ny Fuzzy c-Mean U84 Jawaha LazANE [20]
Uazdane3 Ny SAR segmentation Y94 Zaart HazANY [21] Awmsdiassnudoyanminaiig
4 dae 9 o r 4 9 2 w P I
Jundlanvue Inssaiauazmsnldounlaanuainanadiondanunineia  anndanu
Q)9 105UNIULVUYA (Speckle noise) 141 1 lunmAdimsnaaey wesulsziuanu

v

gnABIvBIBANDI NN NTUD
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o o o o o a a o =1 o
Fmsunmisaadudlonmsusunuziianesnun laduaus T 1 Enuudnimaiv
A1UNVUYIA SAR YDIA1UNYY ERS-1 1A JERS-1
H o w a o a
IMARANIEAND3NY Fuzzy c-Mean UAZDANDINY YDA Zaart HazAME W1151UMNS

= v add e A
llﬁUUl'nUUﬂU'JﬁﬂuﬂllﬂuﬂluﬂQ%'m

o a S d’.' o o o o °
® Fuzzy c-Mean iiludanediufiugmdmiumsiudnmud uazmsimumlszian
(Classification)
o = A8 o af o "y " 1) & o
® §ane3Nuvey Zaart uavauz WudaneTnun hidesquamsizildya inflection
@ o 4 @ o o 1
91IN9A Extreme voIoYUTOUAUNTIwedalasunsunm  dmsudmuasoungunie

Aa1d (Class)

4.4.1 wamanfSeumeuidalsinu
a a o o 4 a o
minfSvumovdszaninmveamadnmude: 1415 eaile 2 ¥iia Aedaiinuiiy
‘; = W by . = = ¥ w  ddn ¥
11191AYIAY (Homogeneity index) uaynsIouiiivuniiugndesveswadnsnldesin
ar - [~ o -
aanaiﬁuwnmuﬂﬂm’fagaé’nm (Relative Ultimate Measurement Accuracy: RUMA) [22, 23]
2 o' s 3 o a [ H
Fnmsililgaszaedlddyiinnuidhuilodoivesnm U, dmiuzluvumsianld
' a 5/ Y = R =1 d @ Ay - a
st BuyRYeIn AR W anes umsdnua Aviinomilwilo@oaveanm (Homogeneity
. Yy s 2 a o s a °
index) Tdummasmoluvesiunming jUuuudnvazyeuwaiiiuansafiuInuy
-4 Ll o A e L] A 1 3 1
HugmmnMulslsmveinmsmguanyaginng Ansaludaumiavesiummiy. aduves
¥ ] - ]
AMsEAUAM £ (x,y,0) W R, dlumsnistunmeduin i |, 4, duiuiives R, uag

¥ ¥
v, Wuiunmiadnoluiinane M

= ] Zi‘ilZ(x,y)iRI (f(x’y’t)_ Jud, )2

Uu, 3

4.1)

1
Hy = ZZ“-”"" fx,,0)

A AN w o o J 9 1

e E Aeadlsznovulumsueivealad m E Tdninainnuulsdsiuvesnnu
|Wunm daumonves x, AOAIMANII (expected value) YBILTNIUVOLIYAT i* YDIITMS
=] o 4’ 3 ﬂ 4’ = o o : 4 o ' ' -
EFamuanm Siummiuaihuiio@ernu aniuendmamaniguazainauulsdsoun

v Hd
a0AndnIves U, wzdwdemsany Tasianuiuiisdoaduvesnin v, hlnd 1
3 - d’ =) o

moluamaniug wilanudhuiledudiuun

RUMA dlumsiannugndesminravesnsidnuud 1iisasidiuvesnuiAanaian

/fd I A o o A’

nlesiruagalimsfuInaal

RUMA = Mxloo (4.2)
Rf
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o R, fodeyadndindeduilunmiisnuudldgndes dau s, Wudeyanm

@ It ] 7 v < Y v o 4

HAANENHIUMIFNUANIMETY A1 RUMA 93UaAI09AINYNADIVOIHAANEINMIIFNINUA

MIn RUMA iimdwaasiinmi ldnnmsidnmuiiqguama  uazdanesiumsanaml
Uszansnma

3 o ) o = = = .;' “ﬂ 9 = 9/
‘UBIJUI’].EH‘WY]'LJ'Ilﬂ'ﬂﬂﬁﬂ‘uﬁ'l‘r'i‘i'JJﬂ'I‘j‘iJi::mLINﬁL‘JN'IJiMWmN1 wagamwwgnmn

E

4 4 4 v 4 2 y_ v a y_ el
Juu iisanindeyanminadevuivawnsoadndeyadieds R, ldedwauyseininiga

L
: y - ' N - a 4 c: 3
natiedsziiumadnsvessaneIiuiianugndes Taogili 4.2n) Wunmiadeiulay
o & 3 ¥y o d’q - =
Uswndyausunuie lfidunmdidslumsnageuil Juua 256x256 Ainwa 018
findeiinra daunminihwmiudnmudszdesfiquanialnddunmaaaiion nd1afe
' - a o a ' o { o o o
amaoaifionssiidyanusuniuriiagusiwegdie aniunmmbmumihmssnwuides
TR IMTUNIULDUYA (Speckle  noise) Rand T funmTasdyyrasuniuuuuga
[ L4
(Speckle noise) M Tliignadrsuuudgy 0150521010101 (Gamma  distribution) iV
¥ d‘ 1 o A 1 1 z L o
Aundomiduniia dausinnuudsydsmeziuegiuiuauvesuues (Number of Look) L
bt ] ' " 14 e | L4 1
daiunmmimmsiudyanasunundiuaasdagilii 4.2(v) dui Adwile@eaduldien
" o [ ' a I aw =] o 9 ar as
AndivauunInsgIuAsAuRRuegNNNg [(1, 1), (68, 78)] HAYBINMTIFNINUAAIBEANBINNT

uaue, 9ane3Nu Fuzzy c-Mean UAYOANDINUYDI Zaart AZAME UAAIAIZUN 4.2(R), ()

wag (3) MUAIAY

(M) IEMinauo (3) Fuzzy c-Means () Zaart HAZAMY

a - F P i 2
1 4.2 mansnSouisumssnuuaniwignaieiu
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:; a o — g/ o 4
M13190 4.1 HaFadaui ldnnmsisnuaglnm

SNR(dB) ENL 1TV RUMA
g Before After Before After ﬂ'l’:'ﬁ'l"]?’l % (%)
4 1.25 4.61 3.92 28.68 185114 0.86 18.10
6 2.82 6.72 5.93 42.74 128563 0.92 18.06
8 3.70 6.79 7.87 46.60 30790 0.94 17.69
10 4.61 71.13 9.92 71.87 16917 0.95 0.91
12 5.30 8.35 11.46 105.30 13297 0.97 0.52
14 591 8.65 13.76 145.95 7732 0.97 0.40
16 6.38 8.96 16.09 247.57 1660 0.98 0.31

v 4
m3eh 4.1 ueasmsnlSouion)SunavesdsiinnuiuiioRfuiiu U, (Homogeneity
index) N wan 1&nInaumsh 4.1 71 M = 5 uaz RUMA fisan ldnnaumsi 4.2 Tavdoya

Tum15199 4.1 ndnusnfon L veadyaasunIuuUDYa (Speckle noise) Nogludia 4 64 16

=

NFdmsueaiia Speckle noise R, (x,y) lwaumsi 3.13 et lsfimumsdunsieinm S4R
b ]

WU F,(x,y) @30990M50 R, (x,y) W lddsnmimlsemindgygnasunin 1(x,y) uaasns
o ) v a Vv o ar & 9 [
s 42(n) deyalumsrimani 2 wasslimuvnevesdyyasumusalsznoudisaineu
wazndanndnmug Anaaslugiuuy Signal to Noise Ratio ¥38 SNR wandewuuilums

' o A 44 4 a4 o dae i e e WP ° i
uaaIi1 ENL  Nfnasnfiuidmasuduiniidumiasudunyuaisuuganasaumi
P 1 1 a o o @ 1 o
qﬂﬁw*nqumaﬂmqmi‘lu [(1, 1), (68, 78)] NOU LATHAININIEFNINUA NANADUILTAINIUIU

v ] [
soumaswesdanesnui Idiuaue dmuald R = 4 innq A1 L mesnauguanuduves
MIUNT K =0013 UDE Stepsize=0.2 ManFumdiBouniuguami o =09
< P v o d Y adda v aa
UM 43 uamamInfSounouradnsvemanuAf0TT NI AU AUIT fuzzy c-
Mean [20] 18235909 Zaart uazauy [21] TaslumsniSouioudoyanmeziidiulszney
yoadgyanmsunIuldsunlatnmaunes L 9110 4 i3 16 iedszidiunnugndesuazaii
§ a W 1 { & "o = { o o
Whuifle@erdulundazveviva 391 43 (1) uaasldmiudidaneiiuiminaueiidns
; 1 ot as c‘ Y o 2
misclassification #1N73171 fuzzy c-Mean LDZITUDI Zaart LIATANUL g'ﬂ‘n 4.3(%) uaalviduDa
AnuamTavesdaneshiulumsidnmuddiamrsalunsdszuna radar cross section[3)

A a A o o s & @ ﬂ | ﬂ 4” =
HIDAURAUVDINWNVIN T NN UA TIPNIAUVUMATUANNILUIUBIAYD U,




—x— Fuzzy c-Means
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—#— Proposed method

—x— Fuzzy c-Means
— -+ -  Zaarl's method
—sx— Proposed method
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4.42 HAMSITNINUAMN WA UNENTHA SAR
o o ar a a 3 o o 1
Tumsnaasugnuatunmawafisuyia SAR s5aiuzhnudeyaniwaiy
AMMEY ERS-1/AMI uaz JERS-1/SAR #osuinuniaaziuanvealszmalnonimia
3 v ] ¥ ¥ 1]
mgauys (ina 99°5" £; 14%" N Taslugituiiszilszneudivduiidluiui iswqui
¥ b 4 [l v '
ihdanTonungui Th 8 uazgiun uaasgyl Ground cover [23] Tugili 4.4
4 . = gl L9
JUN 4.5(n) uaAAINIMAILVBIATUNLY ERS-1 NUADZIANINATOLAQUNUN 15 AT

¥ ¥
ar

INUNNINUA 256x256 Wniwa YuIA 8 Tarenniya (D1uloIun 22 werniou 2534) 5U9
4.

U
' ¥ 1 ¥ 1
6 (N) HAAININAIBVBIATUNGY JERS-1 NUABZyANMATOUAQUANN 12.5 a5 HNun

bl
o

= = I = 1 A ar d'. o
TIHUA 256x 256 WALYA YUIA 16 UAADNNLED (DI0MDIUN 22 NUYIGU 2535)

- Ty, Vg, '
0 35 7 1.4 2.3 2.8
Kilometers
Scale 1: 50000

311 4.4 Ground cover vo3dyANIMAWATITBNIITMsEPLIUA

wamsnanesiinansluzilii 45 @) 81 () uaz 4.6 @) §1 @) Sunszurumsdnmud
Arudane3fiuiinaue #4101 Homogeneous criteria R A149) Taofmuaitui Homogeneous
dmsudsanammuniissuanasgudesmioveslit 4.5 Witica (142, 84), (54,
100)] uasgﬂﬁ 4.6 13iiine [27, 120), (57, 193)] HadWEATEUUMSIENUAGIUS ANES T
vievedien/asumlasm R uaasl3lumsed 4.2 uay 43

A3A 4.2 1Az 4.3 HARIHAITIRIAYNISIENUANING WA IO ¥iIA SAR VB4
a1y ERS-1 1ag JERS-1 mud1au laoa R Lfluﬁqﬁmuﬂ1ﬁni:mumﬂu=§mcgﬂamﬂ
fmualZec1anug eglugaa s &3 40 nszurumsunsssiamsunszisdasdudy e

= 1 8.0 o Af = o
mmuumqqn’nmmiuen'tlmmmﬁ']mummnﬂu
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H o ow 4 o L4 U Y
MINN 4.2 HATIR AN 1AINMIFNUUANINEIWATUNONFTA SAR Y9IA1INUY ERS-1

R Iterations Mean Variance ENL No. of Classes
: ’ 39.39 33.90 45.77 -
5 244 22.48 121 416.38 10
10 459 22.43 0.79 637.28 10
15 952 22.32 0.65 770.47 9
20 1409 22.31 0.51 975.95 9
25 2314 22.28 0.33 1495.50 8
30 3602 22.24 0.28 1728.60 8
35 9561 22.01 0.02 21322.00 6
40 29600 22.01 0.02 21347.96 6

51990 4.3 WalTadan 1A InMSIENIUAN NG WA INUNYTIA SAR YBIATIBY JERS-1

R Iterations Mean Variance ENL No. of Classes
- - 62.37 72.04 53.99 -
5 508 33.49 3.53 317.73 12
10 926 32.85 0.41 2632.01 10
15 1518 32.56 0.37 2865.28 10
20 1811 31.60 0.33 3000.51 9
25 2477 31.37 0.31 3174.44 9
30 9446 31.17 0.17 5715.11 8
35 24011 31.09 0.09 10739.87 7
40 38235 31.03 0.03 32095.36 6

4 o L4 l =1 a
U0 47 uaz 4.8 UAAIWAVBINMTIFNIMUANINEIWATARONTIA SAR UYDIAANYY
] »
ESR-1 uaz JESR-1 sy Taomsidnmuanimalsdisminaueszl4m R=40 $1munss
: Voo [ =1
YOINIIIUTIVDIAUNEY ESR-1 (MY 29,600 1o ¥94 JESR-1 IMAY 38,235 1INNANITIFN
o v oo =1 : - o " o ar c’a’ = =1
WUANDNINA R=40 A1ANOUNT 2 A9 U wauaaamiIny 6 aniulumsalSoumoue
HMMUATINIUAAIAVDITT fuzzy c-Means AZIDVDI Zaart UAZANY VLUTIMIUAMIAMINY
v adcal Vo ' g ° ac ° “
AuATh Idiuaue 0619 15NN WIUAMIAYDITT Zaart HAZANL YAMMUANINUNITIALUYDI

galasunsunmdunm FuegiumsiSuSouuuuiuddeiinseaisegm [21] dmiy
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k4
MINUANTMIUADIAVDIID Zaart uazamz Wuszl¥dnsealseguuma 3x3 nszih

v v
UTOU 5 ASITMTUAIUNOY ESR-1 1AL 8 ASIAIMTU JESR-1
. v ' b4
51l 4.7(n) uaaanmmsidnmuddroisiminave emasiianudluilo@doaiy

[}
=)

U, (Homogeneity index) ¥8anmiif1 0.965 dau3il 4.7 () naaan i niuuan 033 fuzzy
S - A o o a =
c-Means U, 11 0.912 uaz3Ui 4.7(n) naaanWnIsnIuUAAIUITVY09 Zaart uazaMz U, i
7110.869 U L =3.040 NAmaouiiiinogszndng [(142, 84), (154, 100)]
= o o acd o A 1w oa J - s
31091 4.8 (n) uansnmmsgnmuadieisinaue Weadyiianuihuilofoaiu
' = ' - o d o a
U, (Homogeneity index) Y930 Miif1 0.964 a9u31N 4.8(%) HAAINNNFNUUAAITT fuzzy

1 ‘!: Ei o ad
c-Means U, Ufi10.912 uaz3ii 4.7(n) HARIMWAIFNINUARILITYOI Zaart AZAUET U,

171 0.883 N L =2.032 NAMALNANNABYIZHIN [(27, 120), (57, 193)]

- PR

o = o [ = o = A
(n) daneInuNlAinaue (V) 9and3NY Fuzzy c-Means  (R) Dand3N% Zaart AYANEY

4 < 04 ' a
3U7 4.8 nfSououransIFNIUAYEIN NG 1WA UAYFIEA SAR YBIATUNUN JERS-1

9 v o H Yo o & {a & o
MInWaNInAaean Iminausumanuaiits hinseunguilyvmanuaniiaduiums

o o 1 = =Y ' a L v o =1 -
LEALUUANTWDIUANIUNVUTUA SAR llﬂfluﬂ'l'i'}ilﬂ‘i'lzﬂﬂilﬁﬂ@1ﬂl'ﬂuﬂ1‘ilﬂ50'ﬂl'ﬂﬂﬂ
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a a a a ad - o ] dy o : “
UszAninmidalSuaveadimsmivaue lumsutsuonnIn SAR Aoiugiusmauiui
d d 43 o ¢y 9 ¢ o e
@nq v mnInnunMsEnmud aremsldnasianuduilemerdiuveanin
o =) H (-] =Y 4 o ey U H’ 1 1] L]
danesnuminaueiuisnsnewe luiaawisodsznasundsvenaznietoy
4 ] ] v
Tavdesdmuaiinavesiundmasuudi uaza R duna 180ngii 4.5 uag 4.6 muipnawes
=1 o 4 " Qr @ o oo Y 3 ]
R winavesmsdnuuAnuana A uduRus UM 42 uaz 43 Taoisaosmsraluses
voenundy wazmnnuulslsivanauiiosning R dunaldvinuausniluaiin ldeinnin
o A L] 4 L o ﬂ’
AUy WeAMHIUNTZLIUMINM R = 5§ IMIMFINTTUIUMS Anisotropic diffusion 244
¥ ¥
751 dmsuaiion ESR-1 ez 508 ASIEMSUAMINLY JESR-1 WAYDINISIENINUATNYDS
Aoy ERS-1 UAundominy 22.48, aAmnuusdsuminy 1.21 uazgal ENL = 416.38
AIUHAVDIMSIFNUUMNYDIATUTAOY JERS-1 UANRdomfy 3349  aiawudsdsiu
L ar 1 o I’l L ﬂ. 3 1 4 @
Wiy 3.53 wagal ENL = 317.73 aadunmine R mivdudusaldmanuduilodeadu
PSS 3 ' of &l ' o - '
molunszurumsmvaudunaldonnar ENL fmudu eoalsAaumsiiuar R o'l
[ ¥ [} v [ 4
asounquyniteu lymndeniuidmasui himusaddanudhuiloforiuld  Soilis
- ] o a n,: - o d’.'d - g ad ﬂ = : A a o
YoM InuaRanaa aaiulumimaassmivaveiivudeniunniuusnanitnenanae
] } 4
v3un luduiemernu uazdlosiunsa awisousnaaid
v Y
wamsinaaelugii 4.7 uaz 4.8 431 R = 40 M31)52310A1 Radar cross section Y94
' - o w ar o ar s 4 . = 4 -4 [ 4
uAazuSnuRdmiuifuninonsinmaseuaquuinaiiduiieduifuvesnniignidn
a J a U P v o do e o a o = 4
MUANTUAIIMSANA R Fandsvzduiusduinuvesinglunmduna saneiium
o =l, o -: Y s df =3 Y
dnaueiigwisolsznuswaunaralunmiuegiuinusvesanuiuiidedvaiu R
& . = = ° b4 4 P - v ° - .'
(Homogeneity criteria) wgnmnuﬂmuﬁ"lmm lunsainf R UMTINUIUVDIAATIZUAIN
o P [ -1 o J or
dunaldaingd 4.5 uaz 4.6 sdnlsnauswinvesnardiuasanusoaziduaveInIn
suyaTeunouInnwueInIioy ESR-1 1 8 indennsa uay JESR-1 1 16 DaAonniaa

dluraliiounaraves JESR-1 w001 ESR-1 uanadagzilil 4.7(n) uag 4.8(n)

4.5 agdun

> o ¢ ' = A 9
ueraatuABUMIIFNIUATDYan WA ITiouiia SAR Tausududionsula

) s 3 ¥ aa 25 o
Joyanmneg lusluvvvesniudy MMegluTamuvesasminy amiudmuaveuiva
ﬂ 4’!’ -t o 9 - = oo 1 a ° 1 o ﬂ :
anutluiisRuiiuvesteyadunaluiinafmaon uazdimuaaunaa R vesnnuiluiie

| 4 v "
RUINU NAIMIIIMSAIUMIAIBATIEININATTIUABAIRAUVRIN MAURTUIURAD C,
o A ' . ) Y ' <
NNUUAMUARNTUAUVDINITUNTUVUY Anisotropic UTTNOUAIWAT o,k UL L UAIN
' »
FUAUNTZUIUMSIUNS tazmsianmuihuiieRoauueaveua (Homogeneity region) 1Az
o .’ I':l ar 1 U J 1 i o =

ASTUIUMIIIFIIUNTZNBATIAIU C,/C, BANINNNIAT R AMUUATINYANTLUIUNS

udanlasdoyanmiegluTamuvesasnsiu ey lugluuvvesnmundusudy
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5.1 aq

=] ' = a ' o
mMaFnmuAnMaIwaIionriia SAR innudidg lunisdszmnud uazduun
4{ P U Vv 1 LY = [ a4 o o
wuimsinuas 118 uazanuuandnduvesgilszima dmivdanesiumsdnmua
Anisotropic diffusion T4 Tauasmi3nugmir ) 1sevoouinui lideslimsdimua Seed
pixel 1Aun15U5V1/39n52091n15 Diffusion  AIUM3TA1WAIVDA Diffusion tensor (The
decomposition of the diffusion tensor) YTV UNMAT InTaT19v0eRNIYA LAZVeBRIAN
vinu i ldvenwaiimunzay Usz@ninmiimiloniiues3Fms Diffusion N5ud2 18701y
MIveeyIARITNYeve e Tuvazidswmindygiasuniu uazud lvuSnuany
¥ ]
Wuilevaiudunaldnina ENL Tuasnei 4.1 G943
danosnud Idinaueamisolddeyanmaoaruiionyia SAR USufulives
. i . . 4 < 1o o ;
Anisotropic  diffusion L'ﬁamiwnmuﬁwummwmmsmm UATNIZTUIUNIT Growing
- o a &v = (Y % : = & o o acd =
region ﬁ"mmsn‘mumﬂmwm:nmﬂmumﬂmnu (Homogeneity criteria) FIHAANTYDIITNIIN
b4
Thinaueiinaasliiiuldnnmnanss uazmalsziiudomoansuifeudusanei i

Fuzzy c-Mean UQg Zaart’s ILIAZAMN

5.2 YatauenuzuaznIManiym

] ¥

NNMNTNN 4.2 1T 4.3 WNUNAT R NI SHAAUADTIMINARAURININAINS

segment INON190U 1AYTT Region growing laumwideaiu 1R wlaouldmausaan
4 P ' 4 A § ° o aw | ad i
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SAR Segmentation using Anisotropic Diffusion

Sathit Intajag’

Non-member

Vittaya Tipsuwanporn® Non-member

Fusak Cheevasuwit”

Non-member

MMMWMMMWW(S&)W The human eye is capable

of deriving meaningful information from SAR images; however, an automatic or semi-automatic processing
algorithm has difficulty in distinguishing objects in the images because of noise effects present in those im-
ages. This paper presents a segmentation method for SAR images, which employs an anisotropic diffusion
algorithm. In the proposed scheme, a SAR image is transformed into a logarithmic domain where the dif-
fusion process is used to grow homogeneous regions in the noise environment until the regions reach some
- criteria for homogeneity; consequently, the segmented image in the logarithm domain is converted to the
i ion. To grow homogeneous regions the adaptive diffusion method is
introduced with a tensor technique in which tensor data are varied with the neighboring pixels. The diffusion
algorithm will stop itself by a standard deviation divided by the mean, which is provided according to the
homogeneity criteria. Results are shown on both synthetic and satellite SAR images. The evaluation of the
pmpoudmethndemphysthe:hmﬂicdgdnofequ&wlaﬂmmhenoflwhmm)

intensity domain by an exponential funct

Keywords: SAR segmentation, speckle noise, anisotropic diffusion, ENL

1. Introduction

Many land applications of SAR images® @, such as
agriculture or forestry, use information from intensity
data. The accuracy of these applications requires meth-
ods for identifying changes between images gathered at
different times or with a single set of images at a single
time, in which preprocessing to reduce speckle is an es-
sential step. Due to the image noise by coherent effects,
the overlapping of signatures of various land categories,
and the strong effect of the local topography, even forest
mapping turns out to be very difficult.

Typically, when it comes to filtering speckle noise,
a spatial domain and many spatial filters are pro-
vided as described by Oliver and Quegan™. How-
ever, the anisotropic diffusion method has been de-

m"’ﬁorﬂlteﬂngthespedhminbym;thm—
dard deviation divided by mean criteria to stop the it-
eration process.
Thapmposedad:mehareghn—baudugmmlon
algorithm. Region-based segmentation methods postu-
late that neighboring pixels within the same region have
similar intensity values, of which the split-and-merge
= King Monglut's o Teckiod Ladkrabang, Depart-
ment of Instr ing, Faculty of Engineering,
MMMTHAMNDIGBN

of Electrical E

© 2008 The I of Japan.

technique is probably the most well known. The gen-
eral procedure is to compare a pixel with its immediate
surrounding neighbors. If a criterion of homogeneity is
satisfied, the pixel can be classified into the same class
as one or more of its neighbors. In order to achieve suc-
cess in the segmentation method choosing the criteria
for homogeneity is of the utmost importance.

Using anisotropic diffusion to segment an image is
usually embedded with another mechanism such as wa-
tershed transformation ® and thresholding technique .
In this paper, anisotropic diffusion is employed to seg-
ment SAR images in the logarithm domain. The dif-
fusivity value of the diffusion process uses a structure
tensor in order to discritiinate textures. When the im-
age regions have the same textures, they are grown and
bounded by a diffusion mechanism. This segmentation
method is the same as region growing but without a
marker set or seeds. On the other hand, our diffusion
algorithm can stop the iteration process within a stan-
duddmaﬁoudividadhymncntah,whmhmpro—

Smﬂnn3duu'ibﬂthemethodofmhmng
the SAR images in & Jogarithm domain. The experimen-
tal results of the despeckled images are given in section
4. The implications of these results are discussed in sec-
tion 5 and the final section is our conclusion.

2. Related Works

2.1 Speckle Modeling  Generally, speckle noise
is modeled with intensity and amplitude formats. The

B e o TR TS

N B e

b e e N T AR s b A A O I Bt k]

Do L

o ot
i

A



69

SAR Segmentation

proposed method works on intensity data, which is
transformed to a logarithm domain. The intensity of a
SAR image Fi(z,y) at a pixel coordinate (z,y), where
thaSARimageinmmeduthenvengeobeoh,cm
be expressed by

Fr(z,0) = Nz, p)RL(&, ) -+ v0vevinnnansis (1)

where Ry, is the speckle noise with L looks and I repre-
sents the radar cross section of the imaged surface ®,

The multiplicative model of speckle noise suggests per-
?;mingnbgnrlthmktnmﬁrmﬁmmthéeqmtbn
1), giving

where Fy, = In(FL), I = In(I) and Ry, = In(Ry). From
the transformation, Ry, becomes stati white noise,
we get the additive noise model, Fy, @ @,

An equivalent number of looks or ENL ™ is often used
to estimate the speckle noise level in a SAR image, which
is formulated by the ratio of mean to variation in the ho-
mogenous image area as given by:

BN & B(FPIVFY > voissiomimiiitnatsony 3

where E(F) and V(F) denote the mean and variance
that are estimated from the homogenous area, respec-
tively. In.our scheme, ENL is employed to measure
the degree of speckle reduction, by the meaning of: the
higher the ENL value, the stronger the speckle noise re-
duction.

2.2 Anisotropic Diffusion  Anisotropic diffu-
sion is derived for nonlinear diffusion. It was first pro-
posed and has attracted much deserved attention in the
field of image processing by Perona and Malik®». In
their work, nonlinear diffusion was used to reduce noise
while enhancing the true location of edge images. This
diffusion is introduced with a space- and time-variant
diffusion coefficient, c{z,y, t), as formulated by

AV _ gio (ela, 1) - V(1) - )

where f(z,y,t) is an image pixel value at discrete time
steps (t*" iterations, for ¢ = 0 the representation is the
original data: f(z,y,0) = f(z,y)). div is the divergence
operator and V f(z,y) denotes the gradient of images.

To allow the diffusion process to run smoothly from
intra-region to inter-region and thus preserve edges, the
region boundaries need to be identified. Obviously, the
boundaries are not available a priori, and the best way to
estimate the boundary locations is by using an edge de-
tector. Perona and Malik ®V claimed that the simplest
gradient of images at time t (V f(z,y,t)) works excel-
lently; consequently, the diffusion coefficient, e(z,y,t),
is given by:

4:1;' y,t) =guvf(3' v, t)n ................... (5)

The diffusivity function ¢(|V f(z,y,t)]) is provided to
mhmtheod;eoafobjocbinmimagebymothing
the original image while preserving brightness disconti-
nuities. Perona and Malik ** defines the function as

WFWC, 128428, 2008 ¢
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where K denotes a parameter controlling the diffusion
. The process is obtained by gradient

magnitude |V f(z,y,t)|: where if [V f(z,y,1)| is large,
then the diffusion will be low to preserve the edges.
If |V f(z,y, ) is small, then the diffusion will tend to
smooth the pixel f(z,y).

Catté et al.®® used a Gaussian function (G,) with
a small variance for convolution with the gradient mag-
nitude term by replacing g(|Vf(z,y,t)]) with g(|G, »
*V f(z,y,t)[). The regulation of Catté et al. ** provides
edge sharpening and is more stable than the Perona and
Malik method. From the Perona and Malik method, We-
ickert and Benhamouda ** studied in more detail about
the discrete implementations, a regularization factor.

2.3 Diffusion Tensor  Diffusion tensor is a tech-
nique used to develop a directed diffusion by employing
local geometric structures. It is adapted from coherence
enhancing diffusion (CED) proposed by J. Weickert in
1999, He suggested many useful properties of non-
linear diffusion under some general assumptions, which
concern the input images and some conditions imposed
on the diffusion tensor, D, which was used to replace
the diffusion coefficient, c(z,y,t). A formulation of the
CED equation is expressed by:

49!(:;-‘%3) =div (D - V(z,y)) coeeeveeeeenes n

The diffusivity tensor is a function of the image gradient,
where D is defined in a matrix framework as follows.

djl d'z ----------------------- ces e
N dy dm] @)

This matrix is constructed by the smoothing perpen-
dicular 4! of the image gradient and an integration scale
p by using the convolution of an image f(z,y) with a
Gaussian kernel G, to obtaint a smoothed version of the
image with standard deviation o, f,(z,y) = Go=f(z,v),
where * represents the convolution operator.  Accord-
ingly, the diffusivity tensor can be attained by a com-
ponentwise convolution of terms V f, (2, ¥)(V o (z,1))7,
which are partial derivatives, and a Gaussian G, that is
given as:

...................... (9)

where T denotes a transposition of matrix. The struc-
ture tensor, S, is symmetric and positive semi-definite.

11 Sz

o [m P

In the CED ', an integration scale p takes positive

values. The diffusion process along coherent structures

is based on the construction of a diffusion tensor whose

eigen-directions coincide with the eigenvectors of the

structure tensor and provide the different eigenvalues;
namely,
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where py and p, are the eigenvalues of the structure
tensor and C, m, and & are parameters controlling the
shape of the exponential form.

The CED method based on the structure tensor pro-
vides a local description for boosting up the ridges and
valleys **., which is effective for enhancing images such
as a fingerprint or a blood vessel ®. In our paper, this
diffusion method is modified to remove the speckle noise
by preserving the information detail.

2.4 Region Growing  The region growing algo-
rithm is based on the growth of a region whenever its in-
terior is homogeneous according to certain features such
as intensity, or texture. The implemented algorithm fol-
lows the strategy of typical region growing: it is based
on the growth of a region by adding similar neighbors.
Region growing '™ ® is one of the simplest and most
popular algorithms for region-based segmentation. The
most traditional implementation starts by choosing a
starting point called a seed pixel. Then, the region grows
by adding similar neighboring pixels according to a cer-
tain homogeneity criterion, by increasing gradually the
size of the region. Thus, the homogeneity criterion has
a function of deciding whether a pixel belongs to the
growing region or not. The decision of merging is gen-
erally decided based only on the contrast between the
evaluated pixel and the region.

262

However, it is not easy to decide in the region growing
when the difference is small (or large) enough to make a
decision. The edge map provides an additional criterion
in this situation, such as the condition of contour pixels,
when deciding to aggregate it. The encounter of a con-
tour signifies that the process of growing has reached
the boundary of the region, so the pixel must not be
aggregated and the growth of the region is finished.

We propose a region-based segmentation method sim-
ilar to region growing, except that seed pixels are not
necessary. Therefore, the proposed method can achieve
semi-automatic segmentation along with the addition of
the homogeneity criterion of the standard deviation di-
vided by mean.

3. Segmentation by Anisotropic Diffusion

To reduce the speckle noise by anisotropic diffusion,
the proposed method uses logarithmic transformation
to convert the multiplicative noise to additive noise. In
practice, we employ a natural logarithm by adding the
image data with 1 for convenience in calculation. The
SAR image in an additive model as seen in Eq. (2) is an
optimal model to process with the anisotropic diffusion
methods. After the noise is smoothed out by the diffu-
sion process, the image data is converted to the intensity
domain by an exponential function.

The anisotropic diffusion, which is used to smooth
out the noise, is modeled by Eq. (7) when the diffu-
sivity tensor D is modified to reduce speckle noise in
the logarithm domain and to discriminate textures in
each region. In modification, the diffusion coefficient is
constructed along boundaries of the homogeneous areas
by using a local gradient of the smoothed image 7, (z, y).
Generally, the Gaussian smoothing used for the struc-
ture tensor dislocates the edges in feature space lead-
ing to inaccurate segmentation results . However, a
nonlinear structure tensor based on a nonlinear matrix-
valued diffusion method can tackle these dislocations.

The diffusion tensor D is decomposed as

D_[:;: ::]=VT[)\°1 J&]V .......... (12)

where the parameters: Ay and ), are conductivity val-
ues and V' denotes the rotation matrix“®, These pa-
rameters are calculated by a first-order derivative in the
neighborhood of a coordinate pixel (z,y). In the pro-
posed scheme, A; and Ay represent conductivity of the
gradient, expressed as

Az = e l!é‘.li ¥
NVl = Ve fe 2. 0)P + Vyfolz. W)
p T S B R O A S v (13)

where V. f; and V,f, are the gradients with respect
to = and y directions, respectively. The parameter K,
which is used to define Ay, represents the controlling
of the diffusion strength as the same in Eq. (6). The
matrix V' represents a local coordinate system, which is
defined as
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In the SAR segmentation algorithm, the diffusion pro-
cess is completed by a standard deviation to mean eri-
teria. The mean, j, and standard deviation, &, are
estimated in a region, where Cp = 6/j
is calculated before taking the diffusion process and
Ce = oo/ is formulated between the running of the
diffusion process at the t** iteration. ‘When the ratio
Co/Cy is more than the defined value R, the iteration
processes stop.

Figure 1 illustrates our SAR segmentation algorithm.
The algorithm will get a SAR input and transfer the
input data by taking logarithm. A user identifies a ho-
mogeneous region of the input data in rectangular co-
ordinates and defines a homogeneity criterion K. The
n!gm'ithmwﬂ]calmﬁmthentandardtommnruiq, Co,
andgobothestepofiniﬂalimﬁonofanbotmpicdif-
fusion parameters. Consequently, the diffusion process
and measuring the homogeneity region will be started
and operated until the ratio Cp/C, is greater than the
defined value R, and then the iteration processes are
finished.

4. Experiments and Results

The performance of the proposed algorithm is assessed
with both quantitative comparison and visual judgment.
The major purpose of the algorithm is to segment SAR
images; however, tests on simulated data are also in-
structive to guarantee that the image being tested meets
the conditions assumed by the algorithms, In the simu-
lation process, a synthetic image is provided with struc-
malfmtm-mundbﬂghtmvuintiomassimﬂuupm—
sible to a real image. To evaluate the accuracy of the
algorithm, the synthetic image with speckle noise is cre-
ated and tested by quantitative comparison using the
second algorithm fuzzy c-Means of Jawahar et al. ™
and SAR segmentation of Zaart et al. ™. For visual
judgment, ERS-1 and JERS-1 images are employed to
test the proposed algorithm.

The reasons that use the fuzzy c-Means and the al-
gorithm of Zaart et al. for comparing with our method
are:

* Fuzzy c-Means is a standard algorithm for segmen-

tation and i

* The algorithm of Zaart et al. is unsupervised that

uses inflection points from extreme points of first
derivative of image histogram for declaration the
number of classes,

4.1 Quantitative Comparison = For the quan-
titative assessment, both homogeneity indexes, U/, and
Relative Ultimate Measurement Accuracy (RUMA) ™
3. are useful tools in comparing the performance of seg-
mentation methods. This comparison concentrates on
the problem of partitioning each region. The proposed
method uses the homogeneity index, U, to measure the
former by dividing an input image with the segmen-
tation algorithm. The homogeneity index is given by
integrating the normalized intra-region uniformity val-

RPMC 128828, 2008 F
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(») Nolse-free synthetic image (b) Speckle noise with L = 8

(<) Our results

Fig.2. Comparison results of synthetic image with
simulated speckle noise

d) Fuzsy c-Msans (e) Zaart ot al.

ues ™. The uniformity of a feature over a region can
be computed on the basis of the variance of that feature
evaluated at every pixel belonging to that region. In
particular, for a grey-level image f(z,y), let R; be the
i** segmented region, A; be the area of R, and [ be the
normalized intra-region uniformity of the M classes,

U =1 2 Epen, (f,9) - )
s ;

1
Hag= o > Sz,
(=.w)ERy

where C denotes the normalization factor. In the pro-
posed scheme, factor C is obtained from the variance of
the intensity. The term u,, is an expected value of the
i*A region of segmentation methods. If all the regions are
homogeneous, then the expected values and correspond-
ing variances of U, are easily interpreted. The nearer I/
is to 1, the better the homogeneity is within classes.
RUMA is used to assess misclassification and object
area error rate of a segmentation algorithm, obtained
from the segmented image in comparison with the ref-

where Ry denotes the feature values of the reference im-
age and Sy denotes the feature values measured from
the segmented image. RU/M A index represents the pro-
cessing accuracy. The lower index value indicates both
a better quality of segmented images and a better per-
formance of the algorithms.

In verification of the misclassification rate, ground
truth or reference data can be used for assessing the al-
gorithm to evaluate the accuracy results. The synthetic
image results of our proposed algorithm, the fuzzy c-
Means ) and the algorithm of Zaart et al. ® are com-
pared and shown in Fig. 2. The fuzzy c-Means algo-
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Table 1. The numerical results from synthetic
image
L SNR{dB) ENL Herations | U | RUMA(%)
Before | After | Before | After
4| 125 | 461 | 302 | 28.68 | 185114 |0.86| 1B.10
6| 282 | 672 | 593 | 42.74 | 128563 |0.92| 18.06
8| 370 679 | 787 | 4660 | 30790 |0.94| 17.69
0] 461 | 773 | 092 | 87 | 16017 |0.95 0.81
12| 530 | 8.35 | 11.46 | 105.30| 13297 |0.97 052
14| 501 | 865 | 13.78 [14505| 7732 |097 0.40
16| 6.38 | 8.96 | 16.00 | 24757} 1660 |098| o3

o A g

=% — Fuzzy c-Means
=-+--Zaart’s method

(b) Homogeneity index

ma Accuracy comparisons of the proposed al-
gorithm with Fuzzy c-Means and Zaart’s method

rithm is a global thresholding technique based on his-
togram analysis. Zaart’s algorithm is designed for seg-
menting the SAR images, which requires an approxima-
tion of the look numbers, L. Fig. 2(a) shows a noise-free
image of size, 256 x 256 pixels with 8 bits per pixel. To
deal with the speckle noise contaminations, a random
value generated according to Gamma distribution with
the mean value of 1 and variance depending on the num-
ber of looks, L, is multiplied with each noise-free pixel of
Fig. 2(a) as illustrated in Fig. 2(b). The homogenecus
areas, which are employed to estimate the standard de-
viation to mean values, are defined on the rectangular
coardinates [(1, 1), (68, 78)]. Fig. 2(c)~(e) illustrate the
segmented results of the synthetic speckle noise image in
Fig. 2(b), which consist of the proposed algorithm, fuzzy
c-Means, and algorithm of Zaart et al., respectively.
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Table 2.. The numerical results from ERS-1 image

RII i Mean | Variance | ENL | No. of Classes
- - 30.30 | 33.90 45.77 .

5 244 22.48 L. 416.38 10

10 450 22.43 0.79 637.28 10

15 952 22.32 0.85 T70.47 9

20 1400 231 0.51 975.95 9

25 2214 2228 0.83 1405.50 L]

30 3602 22.24 0.28 1728.60 L]

35 9561 2.0 0.02 21322.00 6

40| 20600 | 22.00 0.02 21347.96 6
Table 3. The numerical results from JERS-1
image

R | Iterations | Mean | Variance | ENL | No. of Classes
- - 62.37 | T2.04 53.99 -

5 508 13.49 353 317.73 12

10 928 32.85 041 2633.01 10

15 1518 32.50 0.37 2865.28 10

20 1811 31.60 0.33 3000.51 L]

a um 31.37 0.31 ANT44 9

30| o446 |3ar| o0ar | 57511 8

85| 24011 |[31.09| 0.09 |10730.87 7

40| 38235 31.03 0.03 320056.36 6

Table 1 shows quantitative comparisons of the homo-
geneity index, U, by Eq. (15) with M = 5 and the
RUMA of Eq. (16) to our proposed algorithm. The
L values of speckle noise ranging from 4 to 16 appear
in the first column of Table 1. These values are used
to generate the speckle noise Ry in-Eq. (1); therefore,
synthesis SAR image F is constructed by Ry multiply-
ing with noise free image I in Fig. 2(a). The second
column illustrates the noise magnitude, which consists
of before and after segmentation in the form of signal to
noise ratio (SNR). ENL is calculated at the rectangular
position [(1, 1), (68, 78)] as shown with before and after

segmentation, The column of iterations is the number of
repeﬁﬁomnf the proposed algorithm after assigning the
criteria R = 4 [or all L-values. The controlling of dif-
fusion K and the step-size of diffusion are set
to 0.013 and 0.2, respectively. The Gaussian function
regulates the image data with a scale o = 0.9.

Fig. 3 shows comparison results of the proposed al-
gorithm with the fuzzy c-Means ™ and Zaart’s method
@1, In this comparison, the synthetic image (Fig. 2(a))
is contaminated with the speckle noise by varying the
look numbers from 4 to 16 to assert the accuracy and ho-
mogeneity in each region. Fig. 3(a) illustrates RUMA
values, in which our algorithm has a misclassification
rate, lower than the fuzzy c-Means and Zaart’s method.
Fig. 3(b) depicts the ability of the segmentation algo-
rithms that can estimate the radar cross sections™ or
mean values of the segmented image, which are mea-
sured on the homogeneity index U.

4.2 Segmentation Results  Severalillustrations
and evaluations have been done on ERS-1/AMI and
JERS-1/SAR satellite data ®. These test data are se-
lected from West-Thailand in Kanchanaburi province
(coordinates 99°5' E; 14°0° N). The area consists of
sparse forest, river, urban, and agricultural lands as
shown the ground-cover®™ in Fig. 8. Figure 4(a) ik
lustrates the ERS-1 image, which has a pixel spacing of

IEEJ Trans. EIS, Vol.128, No.2, 2008
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? E (c) R=20 (d) R=30
] Fig.4. Despeckled results of ERS-1 image for dif-
ferent ratio R

(a) Original Image (b) R=10

(c) R=20 (d) R=30

Fig.5. Despeckled results of JERS-1 image for dif-
ferent ratio R

15 m and the image size, 256 x 256 pixels with 8 bits per
pixel (taken on 22 November 1991). Figure 5(a) shows
the JERS-1 image with a pixel spacing of 12.5 m and
the image size, 256 x 256 pixels with 16 bits per pixel
(taken on 22 September 1992).

The experimentation results, which are depicted in
Fig. 4(b-d) and 5(b-d), were processed by our algo-
rithm at a difference ratio of the homogeneous criteria,
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(<)
Fig.6. Segmented results of ERS-1 by:
(a) proposed 3l;w'it.hm (b) fuzzy o-ans‘”‘ (c)

Zaart et al. @

processed

R. The homogeneous areas that are employed to esti-
mate the standard deviation to mean values, are defined
on the rectangular coordinates (142, 84), (154, 100)] for
Fig. 4 and [(27,170), (57, 193)] for Fig. 5. These results
correspond with Table 2 and 3 that show the algorithm's



1o !
Segmented results of JERS-1 processed by
(a) pwpmd slgorithm, (b) fuzzy &-Moons ] (c)

Fig.7.

parameters depending on the given value R.

Table 2 and 3 illustrate the numerical results of the
SAR segmentation from the ERS-1 and JERS-1, respec-
tively. In the Tables, R is defined in the rough scale
from 5 to 40. The R criterion provides the iteration
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B : River/Water
BER: Agriculture

Fig.8. Ground-cover

processes with a halting mechanism, when the diffusion
process propagates until the noise ratio is greater than
the homogeneous criteria.

Figure 6 and 7 illustrate the segmented results of ERS-
1 and JERS-1, respectively. The segmented images of
the proposed algorithm use R = 40, the iteration num-
bers equal 29,600 for ERS-1 and 38,235 for JERS-1.
From R = 40, the segmented results have 6 classes for
ERS-1 and JERS-1. In the comparison, we set the num-
ber of classes of fuzzy c-Means and Zaart et al. equal
to our algorithm. However, the number of classes of
Zaart et al. are defined by the gradient of the histogram
of the input image, which depends on iterated smooth-
ing with a median filter ®. For controlling the num-
ber of classes of Zaart et al., median filter with 3 x 3
size of mask was operated 5 and 8 times for ERS-1 and
JERS-1, respectively. Fig. 6(a) shows the segmented
image by our method, where the homogeneity index, U,
of the segmented image is 0.965. Fig. 6(b) illustrates
the segmented image of fuzzy c-Means (U = 0.912) and
Fig. 6(c) is processed by Zaart’s algorithm (U/ = 0.896),
with L = 3.040 at the rectangular coordinates [(142, 84),
(154, 100)]. ‘Fig. 7(a) shows the segmented result by our
method, which has the homogeneity index of U = 0.964.
Fig. 7(b) illustrates the segmented results by the fuzzy
c-Means (U = 0.912) and Fig. 7(c) is segmented with
algorithm of Zaart et al. (U = 0.883), with L = 2.032
at the rectangular coordinates [(27,170); (67, 193)}:

5. Discussion

The results presented above must not be thought of
as a comprehensive assessment of what is possible using
SAR over segmentation methods. Rather, the analysis
has illustrated a method for quantitatively comparing
the performance of a number of approaches to segment
the SAR based on a small number of images from a par-
ticular area using only the homogeneous criteria.

The proposed algorithm is a semi-automatic method
that can estimate the mean of each region when a user
provides the rectangular coordinate and R valve. As
seen from Fig. 4 and 5, the difference of R values
provides the different segmentation results, which cor-
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respond to Table 2 and 3. Both tables illustrate the
columns of mean and variance that descend from the R
value. As seen from the first rows, they are the original
images. When the images are processed with R = 5, the
Mpmdﬁuhnwnmlmhm
1 and 508 iterations for JERS-1. Theu@mmtudmlta
have mean, variance, and ENL at the given rectangu-
lar region equal to 22.48, 1.21, mdtllﬂ&ﬁ:rERS-I
and equal to 33.49, 3.53, and 317.73 for JERS-1, respec-
ﬂvdymnvduss,mamdngthchomgmeﬂginthe
process region, will be increased as seen from the ENL
value that conditioned from the iteration numbers of the
diffusion process. However, increasing the R value does
not cover all conditions. If the selected rectangular re-
glon is incapable of becoming homogeneous; then, the
segmented results become to wrong classes. Thus our
experimentation the water regions are selected to avoid
the non-homogeneous regions and to prevent the case of
misclassify.

The experimentation results in Fig. 6 and 7 were set
R = 40 to estimate the radar cross section values of each
region corresponding with resources that the images cov-
ered. Homogenous regions of the segmented image are
grown by increasing R value, which should be declared
corresponding with a number of objects in input image.
The proposed algorithm can estimate the class numbers
in an image depending on the homogeneity criterion R,
which is defined by the user underlying a hemogeneous
region of the input data in rectangular coordinates. The
higher the value of R is, the lower the number of classes
as seen from Fig. 4 and 5. However, the number of
classes depends directly on the detail of an input im-
age as seen from the images ERS-1 and JERS-1where
the bits per pixel are 8 and 16, respectively. JERS-1
humomclannnmbmthmtbeERS—lushownmP‘ig
6(a) and 7(a).

6. Conclusions

The segmentation of SAR images is important in the
estimation and classification of agricultural land, forests
and a range of different terrain types. For the segmenta-
tion algorithm, anisotropic diffusion in a logarithm do-
main is adapted for growing the regions without defin-
sion process by the decomposition of the diffusion tensor
to improve the criterions of contour pixels and to grow
the regions in optimum boundary. The superior perfor-
mance of the adaptive diffusion method is in booting
up the boundary magnitude meanwhile smoothing out
the speckle noise and maintaining the homogeneous re-
gions as seen from the ENL values in Table 1-3. The
proposed algorithm can use the information in SAR im-
ages to adapt the parameters of anisotropic diffusion for
segmentation, such as the numbers of iteration and the
mwhsrepoupmcugiwnby&behmuneiwmw
ria. The effectiveness of the proposed method has been
demonstrated through empirical and visual assessments,
which are compared with fuzzy c-Means and Zaart’s al-
gorithm.
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SAR Segmentation using Anisotropic Diffusion
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Abstract: Speckle effects are commonly observed in a synthetic aperture radar (SAR) image, which
applies in many land applications, such as agriculture or forestry. However, although the human eye
is able to derive the meaningful information from the SAR image, automatic processing is very
difficult to distinguish the objects in the images because of the noise effect present in the image. This
paper presents a segmentation method of the SAR images, which uses an anisotropic diffusion
algorithm with an inherence region-growing algorithm. Anisotropic diffusion is modified in

domain to remove the speckle noise and to identify the homogeneous regions in ERS and
JERS satellite data.

The modified diffusion method is formulated with a tensor technique, varying with both the location
of a pixel in the image and the orientation of the local image geometry vicinity the pixels. In our
algorithm, SAR images are transformed into logarithmic domain and using the modified anisotropic
diffusion to grow the homogeneous regions in the noise environment; consequently, the segmented
image in the logarithm domain is converted to the intensity domain by an exponential function. On
the other hand, our diffusion algorithm can stop itself by a standard deviation to mean criteria.
Simulation results on the satellite images are provided to indicate the effectiveness of the proposed
method when used to remove the effects of speckle noise almost as well as that of the additive noise.
The evaluation of the proposed method employs the theoretical gain in equivalent numbers of looks

(ENL).

Keywords: anisotropic diffusion, SAR, Segmentation, ENL, region-growing.

1. Introduction

Many land applications of SAR images [1, 2], such as
agriculture or forestry, attain from intensity data. The
accuracy of these applications requires methods for
identifying changes between images gathered at different
times, in which preprocessing to reduce speckle is an
essential step. Due to the image noise by coherent effects,
overlapping of the signatures of the various land categories,
and the strong effect of the local topography, even forest-
mapping turns out 1o be very difficult.

An usual method for filtering the speckle noise is in a
available in [3]. In our technique, the anisotropic diffusion
method has been developed to be able to achieve a good
trade-off between noise removal and boundary region
preservation. Anisotropic diffusion model is formulated to
climinate the additive noise. Speckle is multiplicative in
nature; however, the multiplicative noise may be
transformed to additive noise by a logarithmic function [4,
5). Furthermore, the diffusion process [9] is modified for
filtering the speckle noise in logarithm domain and using
the standard deviation to mean criteria in stopping the
iteration process

mmmedmahoduain;mjswnpiodlﬂhimhn

igorithm.  Region-based
segmentation algorithms postulate that neighboring pixels
within the same region have similar intensity values, of
which the split-and-merge [16] technique is probably the
most well known. The general procedure is to compare a
pixel with its immediate surrounding neighbors. If a
criterion of homogeneity is satisfied, the pixel can be

classified into the same class as one or more of its
neighbors. The choice of homogeneity criterion is therefore
critical to the success of the segmentation.

Using anisotropic diffusion to segment an image usually
is embedded another mechanism as watershed
transformation [17] and thresholding technique [18]. In this
paper, the anisotropic diffusion is employed to segment
SAR images directly. The diffusivity value uses a structure
tensor in order to discriminate textures, when regions have
the same textures, they are grown and bounded by a
diffusion mechanism, which this segmentation method is
the same as region growing with devoid from marker set or
seed. On the other hand, our diffusion algorithm can stop
the iteration process by a standard deviation fo mean
criteria, which is provided according to the homogeneity
criterion.

Section 2 presents backgrounds of the proposed method
that consists of speckle noise modeling, anisotropic
diffusion, diffusion tensor, and region growing. Section 3
describes the method of enhancing the SAR images in a
logarithm domain. The results of the despeckled images are
given in Section 4 and final Section is conclusion.

2. Related Works

2.1 Speckle modeling

Generally, speckle noise is modeled with intensity and
amplitude formats. The proposed method studies in the
intensity data, which is operated in a logarithm domain.

-2434 -
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The intensity of SAR image Fy(x, ¥) in pixel coordinate
(xy), which the SAR image is assumed an average of L
looks, may be expressed by

Fi(x,y)=I(x,y)R, (x,3) (1)
where Ry is the speckle noise with L looks and 7 represents
the radar cross section of the imaged surface [3].

The multiplicative model of speckle suggests performing
a logarithmic transformation on (1), giving

F=i+k, @
where F, =In(F,), I =In(1), and R, =In(R,). From the
formation, R, b stationary white noise, we get

the additive noise model, 7, , [4, 5].

Equivalent number of looks or ENL [14] is often used 1o
estimate the speckle noise level in a SAR image, which is
formulated with the ratio of mean to varistion in the
homogenous image area as given by:

ENL=E(F) [V(F), ®

wmﬁ)mﬁjdemhmmmdnﬂmﬁm
are estimated from a homogenous area in the despeckled
image, respectively. In our scheme, ENL is employed to
measure the degree of speckle reduction, by the meaning of:
the higher the ENL value, the stronger the speckle noise
reduction.
2.2 Anisotropic Diffusion

Anisotropic diffusion is derived for nonlinear diffusion,
which was first proposed and has deservedly attracted
much attention in the field of image processing by Perona
and Malik [6]. In their work, nonlinear diffusion was used
to reduce noise while enhancing the true location of edge
images, which this diffusion is introduced with a space- and
time-variant diffusion coefficient, e(x, y, ), as formulated
by:

L&"’)— =div[e(x, 2.0V (x,3)] )

where f(x,y,1) is an image pixel at discrete time steps (©*
iterations, for + = 0 the representation is the original
data: f(x,y,0)= j(x,y) ). div is the divergence operator
and Vf(x, y) denotes the gradient of images.

To make the diffusion process prefer intra-region to
inter-region smoothing and thus preserve edges, the region
boundaries need to identify. Obviously, this information is
not available a priori, the best way 1o estimate the boundary
locations by edge detector. Perona and Malik claimed that
the simplest gradient of images at time 1 (Vf(x, 1)) works
excellently; consequently, the diffusion coefficient, o(x, y,
1), is given by:

e(xy.0 =g (|V/(xp.0))- %)

The diffusivity function g(]Vf(;,y,g)l) is provided to
enhance the edges of objects in an image by smoothing the

original images while preserving brightness discontinuities,
In this function, Perona and Malik defines by:

#(%/uyn) = 1+ Rzt ), ®

where K denotes a parameter controlling the diffusion
strength. The enhancing process is obtained by gradient
magnitude |97 (x,y,0)|: if |Vf(x,p,0) is large, then the
diffusion will be low to preserve the edges. If |V(x, y.1) is
small, then the diffusion will tend to smooth the pixel f{x.y).

Catté et al. [7] used a Gaussian function (G,) with a
small variance for convolution with the gradient magnitude
term by replacing g (|V/(x, yu1)) With g(IG, « V/(x,y.1))-
The regulation of Catté et al. provides edge sharpening and
is more stable than the Perona and Malik method. For »
theoretical problem of Perona and Malik, Weickert and
Benhamouda [8] studied in more detail about the discrete
implementations, a regularization factor,

2.3 Diffusion tensor

A technique to develop a directed diffusion by using the
local geometric structures is adapted from coherence
enhancing diffusion (CED), which was proposed by J.
Weickert in 1997 [9). He suggested many useful properties
of the nonlinear diffusion under some general assumptions
about the input images and some conditions imposed on the
diffusion tensor, D, which was used to replace the diffusion
coefficient, ¢(x, y, ). Therefore, a formulation of CED
equation is expressed by:

@ =div[D-Vf(x, )] ™

The diffusivity tensor is a function of image gradient,
which D is defined in a matrix framework as following:

- du dll g 8
of% 2] “

This matrix is constructed the smoothing perpendicular
of image gradient and a integration scale p by using the
convolution of an image Ax, ») with a Gaussian kemnel G,
to obtain a smoothed version of the image with standard
deviation &, f (x))=G,*f(x.y) - Accordingly, the
diffusivity tensor can be aftained by a componentwise
convolution of terms Wy (x,3)(V/,(x,)) » Which are
partial derivatives, and a Gaussian G, that is given as:

S5, (Ve)=G, (Ve NVt ) O
The structure tensor, S, is symmetric and positive semi-
definite.
S’_[-’n ’u] (10)
I Sn

In the CED, an integration scale o takes on positive values;
diffusion along coherent structures based on the
construction of a diffusion tensor whose eigen-directions
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coincide with the eigenvectors of structure tensor whereas
have different eigenvalues; namely,

A=a

(1

A mas(-ape)
where 4, and i, are the eigenvalues of the structure tensor
and C, m, and a are parameters controlling the exponential
shape.

The CED method based on the structure tensor provides
lhdhaiﬂwbrbooﬂin;@ﬂnndpuﬂulby[lﬂ].
which is good to enhance the images as a fingerprint or a
bloodvmdlll].lnﬂuspaper the diffusion is modified to
remove the speckle noise by preserving the information
detail.

2.4 Region Growing

Region growing algorithms are based on the growth of a
region whenever its interior is homogeneous according to
certain features as intensity, or texture, The implemented
algorithm follows the strategy of a typical Region Growing:
it is based on the growth of a region by adding similar
neighbors. Region Growing [19,20] is one of the simplest
and most popular algorithms for region based segmentation,
The most traditional implementation starts by choosing a
starting point called seed pixel. Thm.ﬂ:eresionymuhy
adding similar neighboring pixels according to a certain
homogeneity criterion, increasing step by step the size of
the region. Thus, the homogeneity criterion has the function
of deciding whether a pixel belongs to the growing region
or not. The decision of merging is generally taken based
only on the contrast between the evaluated pixel and the
region.

However, it is not easy to decide when this difference is
small (or large) enough to take a decision. The edge map
provides an additional criterion on that, such as the
condition of contour pixel when deciding to aggregate it.
The encounter of a contour signifies that the process of
growing has reached the boundary of the region, so the
pixel must not be aggregated and the growth of the region
has finished.

We propose a region-based segmentation method similar
to region growing, except that seed pixels do not necessary.
Therefore, the proposed method can achieve fully
automatic segmentation with an added of homogeneity
criterion of the standard deviation to mean.

3. SAR Segmentation by Anisotropic
Diffusion

To reduce the speckle noise by anisotropic diffusion, the
proposed method uses bmtlnmc transformation 10
convert the multiplicative noise to additive noise. In
_practice, we employ a natural logarithm by shifting the
-image data with 1 for convenience in calculation. The
image data in the logarithm domain provide additive model
-umhaq.(z),whld:isopﬂmmdalmmwith
the anisotropic diffusion methods. After the noise is
smoothed out by the diffusion process, the image data is

converted to the intensity domain by an exponential
function.

The anisotropic diffusion, which uses to smooth out the
noise, is a model as Eq. (7) whereas the diffusivity tensor D
is modified to reduce a speckle noise in logarithm domain
and to discriminate textures. In modification, the diffusion
coefficient is constructed along boundaries of the
homogeneous areas by using a local gradient of the
smoothed image [ (%, )) . Generally, the Gaussian

mmihlumadbrthemmmordiﬂoumﬂwedw
in feature space leading to inaccurate segmentation results
[12). However, a nonlinear structure tensor based on
nonlinear matrix-valued diffusion can tackle the
dislocations.

B SCa

and Calculate
Vin kg (14)

3
[Calculate diffusion marrx D i Eq, (12)
Formulate directed di Eq.(7)
r.“"""

=yl
Fig. 1. SAR Segmentation algorithm.
The diffusion tensor D is decomposed as
d, d, |4 0 12)
g 2 4] "[o A" :
where the parameters: 4, 4, are conductivity values and ¥
denotes the rotation matrix [13). These parameters are
calculated by first-order derivative in the neighborhood of

coordinate pixel (x, y). In the proposed scheme, 4, and 4,
represent conductivity of gradient as expressed by
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(c) R=12

(@ k=22

Fig. 2. Despeckled results of ERS at difference of the ratio R.

gni ¥
4,=024,

where V_f, and V 1 are the gradient with respect x

and y directions, respectively. The parameter K, which uses
to define A, represents the controlling of diffusion strength
as the same Eq. (6). The matrix ¥ represents a local
coordinate system, which is defined as

A
”'m[v,f, v.1, ]- o

In the SAR segmentation algorithm, the diffusion process
is finished by a standard deviation to mean criteria. The
mean, /I, and standard deviation, &, are estimated in the
homogeneous region, by given Cy= [/, calculating
before taking the diffusion process and C= &,/

2
’ 'Vf,l - J(V,fa.(x. -”)2 % (vyfu(-"- F)) 13

formulating between running the diffusion process in I
iteration. When the matio C,/C, more than the defined
value R, the iteration processes stop.

Figure | illustrates our SAR segmentation algorithm. The
algorithm will get an SAR input and transfer the input data
by logarithm function. The user identifies a homogeneous
region of the input data in rectangular coordinate and
defines a homogeneity criterion R. The algorithm will
calculate the standard to mean ratio and go to block of
initialization of anisotropic  diffusion parameters.
Consequently, the diffusion process and measuring the
homogeneity region will be started and operated until the
ration C, /C, more than the defined value R the iteration

processes are finished.
4. Experiments and Results

Several illustrations and evaluations have been done on
ERS-1/AMI and JERS-1/SAR satellite data [15). Figure 2(a)
illustrates the ERS image, which has a resolution of 12.5 m

-2437 -



(a) Original Image

(€) R=12

(d) R=22

Fig. 3. Despeckled results of JERS at difference of the ratio R.

and covered some parts of Kanchanaburi province,
Thailand (taken on 22 November 1991). Figure 3(a) shows
the JERS image with a resolution of 12.5 m and covered
some parts of Kanchanaburi province, Thailand (taken on
22 Seplember 1992),

The experimentation results, which are depicted in Fig. 2
and 3 (b-d), process by our algorithm at difference ratio of
the standard deviation to mean criteria, R. The
homogeneous areas that employ to estimate the dard

Table 1. The numerical results from ERS-1 image.

deviation to mean values, define on the rectangular
coordinate [(142, 84), (154, 100)] for Fig. 2 and [(27,170),
(57, 193)] for fig. 3. Gaussian function provides to regulate
the image data with scale o = 0.9 and the controlling of
diffusion strength K and the step-size of the diffusion are
set to 0.009 and 0.2, respectively.

Table 1 and 2 illustrate numerical results of the SAR
segmentation from the ERS-1 and JERS-1, respectively. In

the Tables, R is defined in the rough scale from 4-22. The
effects of R helping to stop the iteration process when the
diffusion process propagates until the noise gain to the
homogenous criteria.

-2438 -

R Iterations Mean Variance ENL

- = 39.39 33.90 45.77
4 195 21.85 2.61 182.97
6 292 21.80 1.10 433.45
8 389 21.83 0.69 692.03
12 625 21.84 030 1586.36
20 1409 22.00 0.10 5071.30
22 1639 22.03 0.06 7713.72
Table 2. The numerical results from JERS-1 image.
R Iterations Mean Variance ENL

- - 62.37 72.04 53.99
4 416 33.52 6.28 178.90
6 575 32.59 75 380.67
8 725 32.38 146 716.65
12 1136 3223 0.86 1210.25
20 1811 31.60 033 300051
22 1899 31.53 027 3746.68
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5. Conclusions

The effectiveness of the proposed method has been
demonstrated through empirical and visual assessments.
For the SAR segmentation algorithm, the anisotropic
diffusion method in the logarithm domain can grow the
regions as well as smooth out the speckle as seen from ENL
values, The i

strength
information detail of the image data.
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Abstract
rnﬁrmk);rw.:;ﬂmﬂnh Mb:ndumm
many as
agriculture or forestry. However, although the human eye is able 1o

are transformed logarithmic domain and using the modified
anisotropic diffusion to smooth out the noise; consequently, the

vhed image is converied by an exponential funci
images are provided 1o indicate the

Keywords: Speckle; Synihetic aperture radar; Equivalent number
of looks; Anisotropic diffusion.

1 Introduction

Many land applications of SAR images [1, 2], such as
agriculture or forestry, attain from intensity data. The accuracy
of these applications requires methods for identifying changes
between images gathered at different times, in which
preprocessing to reduce speckle is an essential step. Due to the
image noise by coherent effects, overlapping of the signatures
of the various land categories, and the strong effect of the local
topography, even forest-mapping turns out to be very difficult.

An usual method for filtering the speckle noise is in a spatial
domain and many spatial filters are described available in [3).
In our technique, the anisotropic diffusion method has been
developed to be able to achieve a good trade-off between noise
removal and boundary region preservation.  Anisotropic
diffusion model is formulated to eliminate the additive noise.
Speckle is multiplicative in nature; however, the multiplicative
noise may be transformed to additive noise by a logarithmic
function [4, 5]. Furthermore, the diffusion process [9] is
modified for filtering the speckle noise in logarithm domain
and using the standard deviation to mean criterin in stopping
the iteration process.
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Section 2 presents background of the proposed method that
consists of speckle noise modeling, anisotropic diffusion, and
diffusion tensor. Section 3 describes the method of enhancing
the SAR images in a logarithm domain. The results of the
despeckled images are given in Section 4 and final Section is
conclusion.

2 Background
2.1 Speckle modeling

Generally, speckle noise is modeled with intensity and
amplitude formats. The method studies in the
intensity data, which is operated in a logarithm domain.

The intensity of SAR image Fi(x, y) in pixel coordinate
(x), which the SAR image is assumed an average of L looks,
may be expressed by

Fu(x,»)=1(x, )R, (x.y) n
where R, is the speckle noise with L looks and / represents the
radar cross section of the imaged surface [3].

The multiplicative model of speckle suggests performing a
logarithmic transformation on (1), giving

B =l+k, @
where F, =In(F,), T=Mn(/)and R, =In(R,). From the
transformation, R, becomes stationary white noise, we get the

additive noise model, 7, , [4, 5].

Equivalent number of looks or ENL [13] is often used to
estimate the speckle noise level in a SAR image, which is
formulated with the ratio of mean to variation in the
homogenous image area as given by:

ENL=E(F) [7(F). 0)

estimated from a homogenous area in the despeckled image,
respectively. In our scheme, ENL is employed to measure the
degree of speckle reduction, by the meaning of: the higher the
ENL value, the stronger the speckle noise reduction.

R e R A A i Aot Y YR
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2.2 Anisotropic Diffusion

Anisotropic diffusion is derived for nonlinear diffusion,
which was first proposed and has deservedly attracted much
attention in the field of image processing by Perona and Malik
[6]. In their work, nonlinear diffusion was used to reduce noise
while enhancing the true location of edge images, which this
diffusion is introduced with a space- and time-variant diffusion
coefficient, o(x, y, 1), as formulated by:

)

where f(x,,/) is an image pixel at discrete time steps (/*
iterations, for 1 = 0 the representation is the original
data: f(x,,0)= f(x,5) ). div is the divergence operator and
V/(x,y) denotes the gradient of images.

To make the diffusion process prefer intra-region 1o inter-
region smoothing and thus preserve edges, the region
boundaries need to identify. Obviously, this information is not
available a prior, the best way to estimate the
locations by edge detector. Perona and Malik claimed that the
simplest gradient of images at time ¢ (V/(x,y,1)) works
excellently; consequently, the diffusion coefficient, e{x, y, 1), is
given by:

z(xa.'y.l) _mld”_.).w{x.y)l-

e(x 0 =g(Vf (=00 )
The diffusivity function g(|Vy(x, ,r)]) is provided to enhance
the edges of objects in an image by smoothing the original
images while preserving brightness discontinuities. In this
function, Perona and Malik defines by:

g(V/ (x.y.r))=(1+l'"—';."-'f-]".

where K denotes a parameter controlling the diffusion strength.
The enhancing process is obtained by gradient magnitude
[V/(x,0): ¥ |Vf(x, y,0)| is large, then the diffusion will be
low to preserve the edges. If [Vf(x,y,s)| is small, then the
diffusion will tend to smooth the pixel f{x, y).

Catté et al. [7] used a Gaussian function (G,) with a small
variance for convolution with the gradient magnitude term by
replacing  g([Vf(x,30)f) With  g(|G, *Vf(xy.0f). The
regulation of Catté et al. provides edge sharpening and is more
stable than the Perona and Malik method. For a theoretical
problem of Perona and Malik, Weickert and Benhamouda [8]
studied in more detail about the discrete implementations, a
regularization factor,

2.3  Diffusion tensor

A technique to develop a directed diffusion by using the
local geometric structures is adapted from coherence
enhancing diffusion (CED), which was proposed by J.
Weickert in 1997 [9]. He suggested many useful properties of
the nonlinear diffusion under some general assumptions about

(6)

the input images and some conditions imposed on the diffusion
tensor, D, which was used to replace the diffusion coefficient,
ex, y, 1). Therefore, a formulation of CED equation is
expressed by:

w =di|D-Vf(x, )] -

The diffusivity tensor is a function of image gradient, which
D is defined in a matrix framework as following:

d, d, 7

e [dll dn]

This matrix is constructed the smoothing perpendicular of
image gradient and a integration scale p by using the
convolution of an image fx, y) with a Gaussian kernel G, to
obtain a smoothed version of the image, f,(x,5)=G, * f(x,)-

Accordingly, the diffusivity tensor can be attained by a
componentwise convolution of the terms ¥, (x, y)( V/, (x.))
and a Gaussian G, that is given as:

8,(Ya@ ) = G, *(Vulx Vot )) )
The structure tensor, S, is symmetric and positive semi-

definite.
S 8
s - " Il]
2 [-'zl S

In the CED, the integration scale p takes on positive values; the
diffusion along coherent structures based on the construction of
a diffusion tensor whose ecigen-directions coincide with the
cigenvectors of the structure tensor whereas have different
cigenvalues; namely,

(]

®)

(10)

A=a
A S

where y, and 4, are the eigenvalues of the structure tensor and
C, m, and arare parameters controlling the exponential shape.

The CED method based on the structure tensor provides a
local description for boosting up the ridge and valley [10],
which is good to enhance the images as a fingerprint or a blood
vessel [11]. In this paper, the diffusion is modified to remove
the speckle noise by preserving the information detail.

3 Anisotropic Diffusion to Reduce Speckle

To reduce the speckle noise by anisotropic diffusion, the
proposed method uses logarithmic transformation to convert
the multiplicative noise to additive noise. In practice, we
employ a natural logarithm by shifting the image data with |
for convenience in calculation. The image data in the logarithm
domain provide additive model as seen in Eq. (2), which is
optimal model 1o process with the anisotropic diffusion
methods. After the noise is smoothed out by the diffusion

(i
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process, the image data is converted to the intensity domain by
an exponential function.

The anisotropic diffusion, which uses to smooth out the
noise, is the model as Eq. (7) whereas the diffusivity tensor D
is modified to reduce the speckle noise in logarithm domain. In
modification, the diffusion coefficient is constructed along the
boundaries of the homogeneous areas by using the local

gradient of the smoothed image f,(x, ¥). D is decomposed

as
| da]_ e fA O 12
2 [d.. dn] V[n A]V o

where the parameters: 4, 4, are conductivity values and ¥
denotes the rotation matrix [12]. These parameters are
calculated by first-order derivative in the neighborhood of
coordinate pixel (x, y). In the proposed scheme, 4, and A,
represent conductivity of gradient as expressed by

/s
4 =e£‘5t. [esl= J(V,!.,(r.y))z 4(‘7,!,(:.;'])2 (13)

4 =024,
where V_f, and V_f, are the gradient with respect x and y
directi ively. The p K, which uses to define

A reprasemsrthe controlling of diffusion strength as the same
Eg. (6). The matrix ¥ represents the local coordinate system,

which is defined as
1 I:vufc _vyfa:I

V = —
VeI, . V..

In the proposed algorithm, the diffusion process is finished
by a standard deviation to mean criteria. The mean, JI, and
standard deviation, &, are d in the homogeneous
region, by given Co=d,/ /L, calculating before taking the
diffusion process and =,/ /I, formulating between running
the diffusion process in i* iteration. When the ratio C,/C,
more than the defined value R the iteration process stops.

(14)

4 Experiments and Results

Several illustrations and evaluations have been done on
ERS-1/AMI and JERS-1/SAR satellite data [14]. Figure 1(a)
illustrates the ERS image, which has a resolution of 12,5 m and
covered some parts of Kanchanaburi province, Thailand (taken
on 22 November 1991). Figure 2(a) shows the JERS image
with a resolution of 12.5 m and covered some parts of
Kanchanaburi province, Thailand (taken on 22 September
1992),

The experimentation results, which are depicted in Fig. 1
and 2 (b-d), process by our algorithm at difference ratio of the
standard deviation to mean criteria, R. The homogeneous areas
that employ to estimate the standard deviation to mean values,

define on the rectangular coordinate [(142, 84), (154, 100)) for
Fig. 1 and [(27,170), (57, 193)] for fig. 2. Gaussian function
provides to regulate the image data with scale & = 0.9 and the
controlling of diffusion strength K and the step-size of the
diffusion are set 1o 0.009 and 0.2, respectively.

A 2
(e) R=12 (d) R=22
Fig. 1. Despeckled results of ERS at difference of the ratio R.

(©) (d)
Fig. 2. Despeckled results of JERS at difference of the ratio R.
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Table 1 and 2 illustrate the numerical results from the ERS-1
and JERS-1, respectively. In the Tables, R is defined in the
mmm&nmmwxmmmmpm
mmmmammwml
the noise gain to the homogenous criteria.

[4] A. K. Jain, Fundamentals of Digital Image Processing.
USA: NJ, Prentice-Hall, 1989,

[5] Hua Xie, L. E. Pierce, and F, T. Ulaby, “Statistical
Properties of Logarithmically Transformed Speckle,”
IEEE Trans. Geasci. Remote Sensing, vol. 40, no. 3, pp.
721-727, Mar. 2002.

[6] P. Perona and J. Malik, “Scale-space and edge detection
using anisotropic diffusion,” /EEE Trans. on Pattern Anal

5 Conclusions

The effectiveness of the proposed method has been
demonstrated through empirical and visual assessments. For
the despeckle algorithm, the anisotropic diffusion method in
the logarithm domain can smooth out the speckle as seen from
ENL values. The superior performance of the development
method is in maintaining the homogeneous region boundaries,
booting up the boundary magnitude, which this performance
comes from the tumning the controlling of diffusion strength K
parameter to fine enough to keep the information detail of the
image data.
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Iterative SAR Segmentation by Fuzzy Hit-or-Miss and
Homogeneity Index

Sathit Intajag, Fusak Cheevasuwit and Vittaya Tipsuwanporn

King Mongkut's Institute of Technology Ladkrabang, Faculty of Engineering, Ladkrabang, Bangkok 10520,
THAILAND, Email: kisathit@kmitl.ac.th

Abstract — Object-based  segmentation is  the first
mﬁlmforhngepumh;lpplumlmiy
SAR(Snnhli:‘ Radar)
have been d b er not en gh to preserve the
Wh“hmnhﬂhmmwdm
images. The proposed method is to partition an SAR image
into homogeneous regions by using a fuzzy hit-or-miss
operator with an inherent spatial transformation, which
ndulhmhmlndmhmlw-.u
iterative segmentation technique is formulated as »
consequentisl process. Then, each time in iterating,

unsupervised and employed few
pnn-um.-nuotwhklmluahhudh-lhhut
data. This comparative study indicates that the new
iterative segmentation algorithm provides acceptable results
as seen in the tested examples of satellite images.

L. INTRODUCTION

Image segmentation is an important first step for many
processing  applications. With applications ranging
widely from remote sensing to medical image analysis,
segmentation is often a key step for extracting
information from images. Segmentation is a process of
partitioning an image into non-intersecting regions such
that each region is homogeneous and the union of two
any adjacent regions is not homogeneous [1).

The peculiar segmentation of satellite images requires
automated or semi-avtomated analysis because the
satellite images have huge volumes of data and detailed
information. In this paper, a single pertinent algorithm
capable of handling many situations in satellite image
wmmummmminbmh
and to partition images accurately. The homogeneity
index and the fuzzy hit-or-miss operator are employed in
the iterative segmentation process to partition the images
until all regions met an acceptable level of homogeneity.
The homogeneity index is a standardized measurement
designed to estimate the quality of the segmented regions
[2]. The fuzzy hit-or-miss is an operator in a fuzzy
mathematical morphology [3-8]. For the segmentation
results, the proposed scheme has been applied and tested
successfully with detailed information from JERS-1 and
ERS-1, which are SAR images containing corrupted
speckle noise.

1I. Fuzzy MATHEMATICAL MORPHOLOGY

The generalization of the binary morphological
operators to grey scale is achieved by several techniques,
¢.g, the umbra approach ([I4] and the threshold
decomposition in the soft morphological technique [15];

A fuzzy set is also one of these techniques. A basic idea
of performing the image processing with the fuzzy set
and grey-scale morphology is to define the effective
operations. This process represents grey-scale imaging by
the fuzzy set and, it employs fuzzy tools according to
grey-scale morphology. Therefore, fuzzy set and
mathematical morphology are incorporated in the form of
“fuzzy mathematical morphology.”
Pln.zy mathematical morphology was proposed in
€.g., an approach based on
mnkcwsh[SmeeﬂamMonofmimhnim[m
and on weighted order statistics [7). From a comparative
study of Bloch et al. [8] and our experimentations in
image thresholding [9], edge detection [10], segmentation
[11] and enhancement [12], the fuzzy inclusion provides
a satisfactory technique. In addition, fuzzy inclusion can
be used to formulate two-argument operators [13] to
express the fuzzy set relation and to measure a subset-
hood of a possibility in the proposition “AcB”. The
clementary operators of the fuzzy mathematical
morphology by the fuzzy set inclusion, which consist of
erosion and dilation, use fuzzy structuring elements.
These are defined in equations (1) and (2), respectively,

Hreulz) = KT(k;v), /(2)) m

P2 = 1 o (2) @

where jigs and figy denote the membership values of the
fuzzy erosion and fuzzy dilation, respectively; z = xN+y
(with an image size of A/xN). The spatial translation,
Tk; v), of the structuring element k by v is expressed as

Hruan(2) = 1z -v) 3)

whmvdcnomdwmwﬂirmeofk.“edewofdm
subset-hood is estimated in terms of an indicator
function, KT(kv)Az)). The satisfaction mdimﬁumg
the characterization of fuzzy morphological
according to the fuzzy inclusion [4] was given by

Ik, /)= inf minfl.AGEAD)+ A0~ fie (D). (4)

This equation applies an infimum (inf) operator to the
values of fuzzy set k of the membership functions, which
belong to the subset of the image, £. Sinha et al. [4]
proposed a family of A-functions corresponding to the
indicator function: that had been used in various
applications [5). In our segmentation of grey-level
images, the optimal A-function based on our
experimentations is employed and defined as

AR marinkin: Cni i s M T RS N A S T RN L Sy (AR P . S i S D AT N i L RO R M e S e e L T e D
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A, (w) o nzm) 1.5849... (5)
where w of the A-function’s argument represents the
membership values of the images and structuring
elements,

In the proposed method, segmentation process of the
SAR images is performed by the fuzzy hit-or-miss
operator, which is expressed in Eq. (6). This operator
detects the homogeneous regions by fitting the object
areas with the structuring element k;, and fitting the
background region by the structuring element k;, where
ky and k; are fuzzy sets.

Hre iy = Bay N H gy (6)

An object in the foreground is detected and mapped to
the range (0,1] by the fuzzy hit-or-miss operator and in
the background is mapped approaching to zero. In grey-
scale morphology, note that, k=@, By the properties
of a hit-or-miss transformation, the “hit
investigation,” k,, establishes a fit to the brightness levels
(in term of membership function, pLx, y)) of foreground
images to the object sets. The “miss structuring element,”
ky, representing the background regions, provides the
fitting for the darkness levels of the background images.
The intersection term in hit-or-miss applies to a decision-
maker that assigns a pixel in each region to the objects or
the backgrounds.

III. HOMOGENEITY INDEX

An image consists entirely of regions that are
homogeneous. Adjacent regions are separated by
boundaries corresponding to changes in local statistics,
such as brightness average or texture variables, The
segmentation methods recover these regions from the
local statistics that are usually the expected values. The
proposed method uses the homogeneity index, U, to
measure the former by dividing an input image with the
segmentation algorithm, The homogeneity index is given
by integrating the normalized intra-region uniformity
values [2]. The uniformity of a feature over a region can
be computed on the basis of the variance of that feature
evaluated at every pixel belonging to that region. In
particular, for a grey-level image fx, y), let R, be the i*
segmented region, 4, be the area of R, and U be the
normalized intra-region uniformity of the L classes,

i g,.;..{ﬂ‘" -7:- . ﬂx.y})' o

U o
c

where C denotes the normalization factor. In the
proposed scheme, factor C is obtained from the variance

of the picture. The term L 3" sy, y) is the expected
"HW

value of the ™ region from the segmentation methods. If
all the regions are homogeneous, then the expecled
values and variances of the index, U, are
easily interpreted as the nearer U is to 1, the better the
homogeneity within classes.

1V. METHODOLOGY

In this section, an automatic iterative segmentation
algorithm to partition a SAR image into the
homogeneous regions is described. The algorithm is
unsupervised and employed a number of parameters,
most of which can be calculated from the input images.
The segmentation algorithm consists of two major steps:
segmentation and homogeneity measuring. In the
segmentation step, the fuzzy hit-or-miss operator is
applied to segment grey scale images in the spatial
domain. This step consists of three routines, namely (i)
fuzzifying the input images, (ii) identifying the
structuring elements and (iii) segmenting the image
regions. The homogeneous measuring step computes the
homogeneity index (U in Eq. (7)) from the segmented
regions and uses U to compare with the Homogeneity
value. If U is less than the Homogeneity value, it means
that some regions in the images are non-homogeneous;
consequently, the segmentation step is called again
(iterative mechanism), Conversely, if U is more than the
Homogeneity value, it indicates that the segmented
regions are homogeneous. If so, then the automatic
algorithm is finished.

A. Algorithm Parameters

Since the proposed algorithm is the unsupervised and
automatic processing, the parameters are formulated
depending on the input images. From our
experimentations with 100 sample images, these
parameters have two groups: constant and varying. The
algorithm has two constant parameters, the parameter »
(=2.75) of the A-function and the Homogeneity (=0.95)
value, which is defined with a significant level of 5%.
The homogeneity index is taken into consideration as a
proportion variable of the homogeneous regions, which is
the statistic values estimated from the segmented regions;
then, the comparison in this case can be considered as
hypothesis testing. Therefore, the Homogeneity value is
taken into account of the proportion parameter for
rejecting the null hypothesis, which is defined as “the
segmented results are homogeneous.”

The varying parameters are computed directly from
input images. These parameters are employed to fuzzify
an input image and to characterize a structuring element.
In the fuzzifying process, the varying parameters: a, b,
and ¢, contain in the fuzzification function are given by
Ho(xy)=5(f(x,y)a,b.c)

0. : IMing f(x,y)Sa ®
h(ﬂf‘!i;‘-). a<fixy)sb

t3
l-l-(-L:"!‘-u . beflxy)sc

c< fila,y)s iMax

where parameters a, b and ¢ are provided by Algorithm
1 in [10], /Min and [Max stand for minimum and
maximum of pixel values, respectively. Term sets of
“object” and “background™ are given by the S-function
and 1-S(f(x, ), a, b, ¢) or S, respectively.
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The parameters of structuring elements have a high
sensitivity for extracting the important features. These
parameters are used to separate the object pixels from
background pixels. From the experimentations, the values
for the structuring elements are given in 3x3 windows.
Fig. | shows patterns of the structuring elements &, and
k; which are employed the fuzzy hit-or-miss operator.

o0 om0
k={h & K| b=lm om om
0 Ao N e

Fig 1. The structuring elements, k; and k;, with 3x3.

The parameters k and m in the structuring elements k;
and k; have been given according to input data, and
corespond to the average values of object and
background regions. Both the “hit", &, and the “miss”, m,
are expressed by

h= Fup()f(2) fIMax,
zeMxN (9)

m= Z{I —pf(:)lf(:)/lm.

reMxN

B. dlgorithm
The iterative algorithm designed to segment a SAR
image is shown in Fig. 2, This algorithm consists of two

major parts: (1) initial values as described previously in
sub-section A4 and (2) iterative segmentation. Befo

evaluate the accuracy of the algorithm, the SAR images
are tested by comparing with the second algorithm fuzzy
C means of Jawahar et al. [17] and SAR segmentation of
Zaart et al. [18]). In comparison process, class numbers of
the fuzzy C means is defined equal to our method;
meanwhile, Zaart’s algorithm can calculate the number of
classes from zero-crossing of the image histogram [18].

operating with the algorithm, an input image is enhanced
and removed noise with nonlinear filter as formulated by
Nitzberg et al. [16). For parameters of the nonlinear
filter, we define the window width as (N = 7), the
gradient window size as (tav = 1.5). The ovenall
broadness of the blurring kemels (sigma) and the
displacement attenuation (mu) parameters are defined by
the mean and standard deviation of an input image.

From Fig. 2, the iterative segmentation is divided into
three blocks:

(2.1) Updating segmentation parameters, which consist
of fuzzifying the current labelling regions, calculating the
structuring elements by Eq. (9), initializing the
coordinate pixel, (x, y), and incrementing class labelling
parameters, LabelForeground and LabelBackground,

(2.2) Fuzzy hit-or-miss operation, which consists of
refining labelled pixels (2.2.1), getting a neighborhood of
the labelled pixels into 3x3 windows and applying the
fuzzy hit-or-miss operator (2.2.2), and deciding which
LabelForeground or LabelBackground is assigned to
labelled pixels, glxy),

comparing U with the critical level of the Homogeneity

value, and searching the non-homogeneous regions to
declare Label variable.

V. EXPERIMENTAL RESULTS

The performance of proposed algorithm to segment
SAR images is -assessed with visual judgment. To

e e T T !

Fig. 2. The sutomatic iteralive segmentation algorithm.

Fig. 3(a) shows the original SAR image, which is
corrupted with speckle noise, It is from the satellite
JERS-1 that has a resolution of 12.5 m* and which covers
some area of Bangkok, Thailand (taken on 25 June
1992). Fig. 3(b) shows the segmented result by our
method, which the result consists of 5 classes and a
homogeneity index of U = 0.921396. Fig. 3(c) illustrates
5 classes of segmented result by the fuzzy C means (U =
0.819757). Fig. 3(d) shows 6 classes of segmented result
of Zaart et al. (U = 0.807392), with L=1.031600 at the
rectangular coordinate (83, 131, 156, 206).

Fig. 4(a) illustrates the ERS-1/AM] image, which has a
resolution of 12.5 m’ and covers some parts of
Kanchanaburi province, Thailand (taken on 22 November
1991). Fig. 4(b) shows the segmented image by our
method, which this image consists of 6 classes. The
homogeneity index, U, of the segmented image is
0.902920, Fig. 4(c) illustrates 6 classes of segmented
image, which is operated by the fuzzy C means (U =
0.903481). Fig. 4(d) shows 7 classes of segmented
image, which is processed by Zaart's algorithm (U =
0.893893), with L[=3.039824 at the rectangular
coordinate (1, 1, 45, 93).

V1. CONCLUSION

The iterative segmentation algorithm presented here,
has been developed and successfully implemented for
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SAR images. It utilizes the effective combination of the
fuzzy hit-or-miss operator and the homogeneity index.

() ()
Fig 3, msmwmmlm.-mwmmm
the input image (256 x 256 pixcls), (b) the segmented image

mwm(n)wwﬁmcwmtd)
processed by the method of Zaart et al.

© )

Fig 4.  The SAR image from ERS-1/AMI comupted with speckle
noise, (a) the input image (256 x 256 pixels). (b) the segmenied image
processed by fuzzy C means, and (d)

The proposed method iteratively performs hierarchical
segmentation. For each loop of segmentation processing,
the fuzzy hit-or-miss operator separates the image regions
into two classes (object and background); furthermore, it
can estimate the class numbers in an image, which

0t A G MO 7y e

depend on the homogeneity information obtained from
the homogeneity index. The higher the value of
homogeneity is, the greater the number of classes there
will be. However, the number of classes depends directly
on the detail of an input image. From the
experimentations, the proposed segmentation algorithm
outperforms the fuzzy C means and Zaart's algorithm.
Although, the proposed algorithm has the numbers of
class less than Zaart’s algorithm, it provides U higher
than Zaart's algorithm as seen in Fig. 3 and 4. In
particular, the proposed method provides a better object
segmentation than the histogram-based method and it
also retains small but significant regions in satellite
images.
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Blood Vessel Enhancement by Directed Diffusion
S. Intajag, V. Tipsuwanporn and F. Ch
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Abm:tiulhuppa,numdvmdinnnﬁmmwwhchphylmiwmlemthedumdhumimhdmx
in the eyes, brain and heart, is enhanced by using a di d diffusion of the
mm“hmmwmmmmlwdhlmgelnhafommlubhfothmmu
analysis, or more imp , for such the Vessel hc hall pmblmmemlhz
mmdmmmnmm%mdh“ i s in giography are the
mmumhmomﬁyhumﬂuhpmﬁmﬂavmeh.udmulu perfi tion is the leal ge of agent into the

kgr tissue that provids lolmr between vessels and tissue. In the proposed sch the di d diffusion solves the
problem by formulating a local g t which consists of directi ndmhoﬂheblnodeds‘i‘hdnmmonpm
mmmmmmwummmmmmwmhwwdmmmmm
coherence-smooth the intra-regions into homogeneity better than traditional diffusion methods, which are Gaussi and
coherence enhancing diffusion.

Keywords: Blood Vessel, Anisotropic Diffusion, Directed Diffusion, Angiographic image.

llNTRODUCﬁON method, which uses 1o indicate the degree of blood vessels;
consequently, sub-section 3.3 will illustrate the proposed
Angiography is performed to specifically image and
amdmm;dﬂmvmﬂuhmm' Tudii mwhm.s“mmwmwmm
eyes, brain and heart. Traditionally, m;lognphywumul final
prg of S e X-Ray [13), are illustrated in Section 4, and Section is
caused by plaque build up by using a cinefilm projection
H ba tecent decad e atl

and vasculr surgeons have used the X-ray angiography 2. DIRECTED DIFFUSION
procedure to guide minimally invasive surgery of the blood 2.1 Nonlinear diffusion
Yesoels. sod wriatice of (b Hawt By iy T i ieige The directed diffusion is derived for nonlinear diffusion,

(angiographic. image). In the last several years, disgnostic which was first proposed and has deservedly aftracted much
vascular images are ofien made using MR, CT andlor anention in the field of image processing by Perona and Malik
mm:.mxmmmnwfbr [7). In their work, nonlinear diffusion was used to reduce
therapy [1). ! ‘noise while enhancing the true location of edge imsges, which

images this diffusion is introduced with a space- and time-variant
mlmuvmlmpl‘whhhl?m;umm diffusion coefficient, o{x, y, 1), as formulated by:

ysis, or more imp , for machi lysis such the
n. Vessel enh 4 is a challenging probl M-dfv[c(r,y.!)-?f(x,y}]- m

due to the complex nature of vascular trees and to imaging o
imperfections [3]. Some of the inherent imperfections in

,-,;-_f,’.,lu..-""",w geneity b the where f(x, y,1) is an image pixel at discrete time steps (*
llrﬂmdmuumh.mdm&uimpuﬁcﬁuulh iterations, for 1 = O the representation is the original
leakage of contrast agent into the background tissue, which data: f(x, ,0) = f(x, y)). div is the divergence operator snd
provides 1o low between vessels and tissue. In the the gradisnt of
proposed scheme, the directed diffusion [4] solves the problem V/{x, ) coantex i gracizat af Hrikges. g
by formulating a local g i ., which ists of To n?)w‘thod.tﬂumptmmﬁtinnm_m
mmmudnlcol‘nwbhodmh. inter-region smoothing and thus preserve edges, the region

In order to enhance the blood vessels, we employ a method bwndaﬁumdlpidmify.obﬁmuxy.ﬂ:inhﬁ:mﬂiminm
diffusing the local gray scale along the direction of blood mihbluprim.tlchumyweﬂimmihebﬂm

vessels, which is measured by the local Y of locations by edge Perona and Malik claim that the
vessciness in the form of negative ridge measures [5, 6]. To Mmﬂmﬂm!(Vﬂxyﬂ}m
achieve the proposed method, anisotropic diffasion technigs 1 quently, the diffusion cocfficient, c(x, y, 1),
[7, 8, 9] is adapied 1o enhance the blood vessels with the iy given by:

directed diffusivity tensor [4]. The proposed algorithm can be

applied 'nw sharpness ﬂm the (w0 =g ([0 @
methods, -which are G i gulation and coh

mwm The diffusivity function g(|Vf(x,y,0)]) is provided 10
L Muﬂofﬂusp:fpwuaw“fdlnw_l.!:lsmmz ¢ thsiadioes of objects. a2 § Wy e e

described. Section 3 describes the vessellness measurement original images while preserving brightness discontinuities. In
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this function, Perona and Malik defines by:

2(V(xy.0)= (l +l'l'§{if-)".

Mxmlmmumm
is obtained by gradient magnitude
IVf(x.y,d ¢ i [Vf(x,y,r) is large, then the diffusion will
be low to preserve the edges. If [Vf(x, p,7)| is small, then
the diffusion will tend to smooth the pixel flx, y).
C-ﬂmtlllmd-o-mnmm.)m.mn
for i term by
replacing g (|Vf (x, y.¢ )1] wiﬂ! g(]c,-mx.y.d) The

enhancing diffusion (CED), which was proposed by J
Weickert in 1997 [4). He suggested many useful propertics of
the nonlinear diffusion under some general assumptions about
the input images and some conditions imposed om the
diffusion tensor, D, which was used 1o replace the diffusion

coefficient, c{x, y, f). Therefore, a formulation of CED
equation is expressed by:

g—‘-’f&é"’—"-dm{bﬂf(& %) &)

The diffusivity tensor is a function of image gradient, which D
is defined in a matrix framework as following:

d, d,
g

This matrix is d the thi dicular of

image gradient and a integration scale pby using the
mhmotnwk.y)wﬂbnﬁnﬁnhndﬁ.
smoothed  version

obtain of the image,
f.(&)’)'a * f(x.y)- Amurdmdy the diffusivity tensor
can be attained by a comp ise lution of the terms

VS, (G ) (VS (x ,)) and a Gaussian G, that is given as:

5, (V)= G, (V=N n)) ©
The structure tensor, S, is symmetric and positive

semi-definite.
5, = ["u Sa ] (6)
Su 3

In the CED, the integration scale p takes on positive values;

have different eigenvalues; namely,
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where 4, and g4, are the eigenvalues of the structure tensor and

C, m, and @ arc parameters controlling the exponential shape.
The CED method based on the structure tensor provides a

M

(a) (b)
Fig. 1 (a) blood vessel, (b) considered the blood vessel in (a)
as the valloys with 3-D surface.

3. BLOOD VESSEL ENHANCEMENT
In our approach, vessel mhmeunmt is emwelved as a
for g

filtering p that
Mmhmﬂd-nwﬂqnh;l Smecmlx
appear in different sizes it is importamt to introduce a
measurement scale, which varies within a certain range.

3.1 Vesselness measurement

corresponding with the CED, ﬂmiﬂ’wvxymwﬂq.m
is given by:

_“'ll dy " 4 0w )
D ["n "a] b v’{" 4 "a]
mmma,a,mwmv,y,m
These p are d by second-order
d:nmnmﬁzndd-bubodufmdmpu(z.y).h
are used lo
mmmmmummmu
parameters are provided to represent the scale of

eigenvector
the blood vessels, which these parameters are captured from
Hessian tensor ( 4, ) [11] as defined in the following:
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PLxy Lixy)
"n h. a’ axdy ©

J; sx-z) a‘!y;(’ W)

where £ (x,)) is the initial image fx, ») convolved by a

Gaussian kemel of the scale o(standard deviation).
The Hessian tensor has an intuitive justification in the
context of vessel detection. The second derivative of a
mmamom-mmm
the the regions inside and outside
m:anp(-qa)hﬂudindud&ednmmm
the local direction filter that cor ds with the structure
tensor in Eq. (6) is defined as:

1 =0.5(h, + by ~a) _
=05k, +hyva),  a=flh, ) vany

The idea behind eigenvalue analysis of the Hessian is 10
extract the principal directions in which the local secand order
structure of the image can be decomposed. Since this directly
gives the direction of smallest curvature' (along the vessel)
application of several filters in multiple orientations is avoided.

(10)

elmvemrv,mupwdlhhlowmdaenvam
G =|sm)) - Therefore, the cig P Ao,
are given by:

A4,=001, |
£ 1
3,-1":__& i
Bt iy
where 4, indicates to the degree of vessclness if g, 20,
Finally, the eigenvectors of the diffusivity tensor, D in Eq.
m—h*mmmwumm
du"'m""l"u'l"'!x"u-‘u’ja)
dy =05(4 + 4= (4 - AN, - a)a) ()
dy =dy, =5,(4 - 4)a

3.2 Identify the proper scale

To detect the blood vessel in different sizes, it is not
one scale through the process; thus, for each pixel we will
identify the proper scale by using the matching filter [14]. In
the proposed algorithm, a set of the scale
g.{|_3.zz,3_5} is used to search the optimal scale for

each object in the neighborhood pixel (x, y) with 15x15
Gaussian kemel (G, ) that the scale is given as:

foxy)= max G, *f(xy) 13)
The convolved image with Gaussian kemel, £ (x,y). was
provided with the optimal scale to enhance the blood vessels;

thus, cach pixel has a proper scale; thereby in each image,
multi-scale Gaussian filters are employed 1o formulate the

2
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Hessian matrix of Eq. (9), which both the direction and scale
are provided to define the diffusivity tensor,

3.3 Vessel enhancement algorithm

Fig. 2 iltustrates the proposed algorithm. In this algorithm,
the blood vessel images are read and kept in a buffer Ax, y),
which has size MxN, x =0, 1,2 ..., M-l and y=0,1,2 ,...,
ml.&dﬂ:ﬂhhhﬁnmhm-mm
from the set of standard devistion o={ 1.5, 2.2, 3.5}
therefore, the pixel on coordinate (x, y) is identified with the
scale o'in the form £ (x, ) . Before taking into the loop of
directed diffusion, varisbles that are used in the diffusivity
process arc set; hence, K=0.2, diffusivity parameter, L = 025
and number of iterations. NI = 30,

In each time of the loop of directed diffusion, the equations
mlei,mmm-Mnmuudimm

Fig. 2 The algorithm of directed diffusion.
4. EXPERIMENTATAL RESULTS

performance proposed
scheme, which is compared with CED [4] and a regulation of
mau[ﬁ;mwumnumw
have two different types of the angiographic images. Fig. 3(a)
is & fluorescence angiographic image of blood vessels in eye.
Fig. 4(n) is an X-ray angiographic image of coronary arteries,
Hm!ﬂ‘mmuwmh
comparing with the and the Gaussisn regulation
diffusion of Catté et al. Fig. 3(a) and 4(a) arc the original
mmms{ohmmumumd
the enhancement methods. In the comparisons, the diffusion
parameters of each method are declared with the ssme values

ALELis i St A Sb st | R
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that consist of K=0.2, diffusivity = 025 and mumber of
izerations = 30,

The effectivenss of the proposed method is shown through
visual comparison with two the other diffusion methods, For
the blood vessel enhancement algorithm, the directed diffusion
can smooth the data better in homogeneous regions, The

riginal image

superior performance of the propased method over the CED
and the method of Catté et al. is in maintaining

©

Fig; 3 (a) original image, and enhanced results: (b) the proposed method, () CED, and (d) Catié et al.
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Fig. 4 (a) original image, and enhanced results: (b) the proposed method, (c) CED, and (d) Catté ef al,

5. CONCLUSIONS

The effecti of the proposed method is shown through
visual comparisons with two other anisotropic diffusion
methods. For the image enhancement algorithm, the directed
dutﬁmonunmooﬂllheduabunulnm“upom.

perfi of the 1 method over the
CEDlnddxemmdmonowaénalummmhin}n;od;c
sharpness, booting up the edge magnitude, which this
performance comes from the using multi-scale to define the
optimal scale for each size of blood vessels. On the other hand,
the algorithm can smooth the intra-region better than the
traditional CED and the regulation of Catté et al in the same
value of the diffusion parameters.
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