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Abstract

Medical image processing techniques have been used for breast cancer
diagnosis research in the last few years. The spiculated mass is a factors that indicates
underlying malignancy. This proposes an automatic algorithm for spiculated mass
detection. The algorithm comprises efficient image processing steps. Removing the
pectoral muscles and digital mammography background leaves only the fatty tissue
and breast masses that are early priorities of this algorithm. Then automatic extraction
of ROl is required. The proposed polynomial improves the quality of the ROl in term of
intensity contrast. The initial models of active contour based on GGVF are constructed
using Radon transform and the hierarchical clustering. The final shape of active model
represents the irregular shape of speculation. The numerical tests employing images
from the digital database for screening mammography show good accuracy of our

proposed algorithm for detecting spiculated masses.
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Pass Filter) dmsuuenasdusznauaiuias lnedygiailauntuaziiudnsgy
a4 (Down Sampling) Ay 2 FeazviliadnsannsiaTIzRanasnsends Tuns

o £

Tnszvusaztulaeaiufe WaihdyginsuwuuidIuNTIRTIEimensUa

A

WIEaRUULALTERET 8T lidyInfuLuUgnLenaIRUIENaUMEAINT ol
AuigakazfinseALdm Faazienauldmugiaidoms wagnaildazgn
andnduesvilaililddygaiduaesdiu fe

- é’mmwmmﬁﬂsmaummﬁqa fiSuni1 “Detail”

Y] I3 Ao aa . . . »
- dyeuesAUsEnauANLDT MF8NIT “Approximation

level 1 2 3

. Approximation spaces (ﬁ,] . fa:, f;} . :}
ODctail spaces (f‘dl!. ] f;ﬁ :f;;jl | f;ﬁ | f:ﬁ | f:jjz 3" }

a

U7 2-3 nwnnsueneanidudiuues wavelet
(#1311 P. Boontong et. al, 2014)

mMauUaaidawuufumhedinanaiendn filter bank gninauelng
Mallat, Unser wag Aldroubi (S.G Mallat, et. al, 1989) N1swUasiMianwtuuLh
wiheansauansiiiunislae finite impulse response filters (FIRF) davily
\An fnseslasessnewuuduls ﬁqgﬂﬁ 2-4 (1) ANWLVDFINTDY (FINTDI h Uay
o) Widastunisaanefuuy wavelet 9 h uas g #a low pass Wkag high pass
FIR’s Tiiendesfiunisusunasiladdu wavelet mugisu
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along rows along columns

—» h —bf?-—}f
_h

—bf?n—l-
@ﬂmf
FraNoee)

low pass filter IIl high pass filter {]:2} divided by 2
(n)

'\\

b;

image fix.,y)

-
cr”‘:

2 faﬁl

()
Ul 2-4 dhnseadyas (M) Tassadrawuuduls (@) msuvsdues wavelet
(111 P. Boontong et. al, 2014)

2.5 The Object Attributes Thresholding (OAT)

Fanasiuwed Otsu (N. Otsu, 1979) WudanasnuNllunIsnIALsSA
1YaAUaININ TASAILINMIAINTALALNTUTZHUNT FIALSIALYART AT UL
seauWURININeanlu 2 Aadsg1ununzay annsavnlalaesamdnnseeluil

o 1 Y o 1 a < = 1

nseusuIlavimsuusinigasenidu 2 aanade CO wag C1 lagan
issalvanAmilasEaumI k B9 CO wansdaianegluseaum (1,2, waz C1
wansfainwanogluseaumn [k+1,..,L] waeli o, (with-in class variance) o

Auklslumintunelunaia, o, (between-class variance) 79 A
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wUsUuiliAnTusyninemand, o, (total variance of levels) Ao AIULUTUTIUY
YDITLAUWNIIVUA N1TIANSIALaRTIMLNgaulaan

2

O3
n=—
Or (1)

FaAuasalvanfivaneauziuegiua n w38 o) INNNgn naunseelull

2
70y = 2
r (2)
2
o2 (k) = (4, w(k) — p(k))
w(k)(1—w(k)) (3)
Fofurnssnleasfivnzay fe mssduwmn (k%) 7
0_2 (k*)= MAX(O}Z; (k)); 1<k<L (4)

1ng
Wy = Zk:P,- =w(k), w, =1-w(k)

L

. L.
Ho :Zﬂa/vﬁ = z ﬂaﬂr :zlpi

i=1 W i=k+1 W) i=1 (6)
k
2 (=)' p,
(Tg — _i=l
"o (7)
L
Z (1- 4 )2 b
012 — izk+l
™ (8)
oy =Wy, (g — 14)’ (9)

L
or =2 (i—1)'p,
i=1

2 2 2
GW :WOO-O +W061 (11)
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nsisIalvannuAMEnyMzueing (OAT) lagundanasfiuves Otsu
WUspenAldsIu Fetunaunisyinaulaeil

NINTEALINN

A,

= o
FAlALNTNTZALLIN

A

A 4 A

AUIUMTEALIINN AR AUIINALETA LA Auundalaunsa

ATUANHIUEBIAY Tneizaes Otsu szaLm i
A

MIVNADUANINNICAN Talmanzan

1R9ALETATTAR

WMNNTAN

AEINLTARAN
ANANHLLABITRE
¥
U

JUN 2-5 TURBUNITYINNIUYBIN SIS IAlYanUAMENwEYasIng (OAT)

78 OAT lathdanasfiuves Otsu (N. Otsu, 1979) uUssgnaldivdalawn
SUTLAUNIVRININ Tnan1sviguielddmiunisusuanssalvas Fan15Ufun
anansavilagal

o a v [ (Y] ) [ = 1

1. mvuaeuly lngldnudnwusvesinguilunaeilunisivun deen
issalvanninannsuiuludazaseiosednielaeuluniimvun

2. Muuali j=1

3. MvuaBalaunINsEAUWMNIIBINN (G))

4. 419an939uv99 Otsu UIAIUIUAILEIALYAR t, MG,

wihiu dauves G, 7Nog

Y

5. Awuadalaunsussauininilagld G,

Y119 “black” Au t
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6. WNAT j Uavig1Ue 4 Lay 5 aunsyieAsIalyanntaainnisusuld

agluReulviifimun duluAnssalyanilnainds OAT Ae AssalvanmaATIeN

lganmsusunazegludeulanidmun

2.6 Adaptive Histogram Equalization

CLAHE Ao 38MSiuAMAINYBININ B9HN59MUINIIN Histogram
Equalization (HE) lag S.M. Pizer (S. M. Pizer, et. al, 1990) 35n15Hazfia1saun
eazBuatayadin HE luudazAifinwavuusnaiiudiunanvesninduady

Ingedalaunsuniszavasnitanadeinealusedu gray sgninannseangliu

yniinalunn gray scale Gaunumediuys N, fagui 2-6

# of pixels
3

Netp|~

gray-level

# of pixels

SRR

gray-level

(n)
35U 2-6 (1) A1 Histogram amsiuady, (
(un My oAy, 2556)

%) A1 Histogram ﬁgﬂm

(@)

Y

AdalaunIutazinuuaneaindl Falawnsudu laegldaunsaimun

SEAUANUNUILULYBIAANEALA FBN1TAINENAILNTOLAAIAIFNATT

g N

aver

*
_ NCR—XP NCR—YP

aver

Ao ALRAYNNLYA

N,

gray

(12)
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N, fo Mmnuavvese gray scale Tuusagiiug

[ Y
Y

Neg_y, A0 vanoiavvesiinealy X daluwsdasiiuiiiug

Negy, 0 vneianlu ¥ fifveafiuiitue
INAUFIUVREUNITN 1 N, @10150AIUINIINANNTTN 13

NCL :Nclip*Naver (13)
g N, A9 AN5AUNITANDIY
N

clip

gray mudnwagiunuug lagedalaunsuamnaimauatu uanddusuin 1 Lle

Aa A1geandaqlusediu gray scale vesAnadenigalum1ssU

mngavvesiinwailamnnnd N, Ainwatiuaggnda antduafinadzgnnszany

Tugmniinalusedu gray Asaun1si 14

N
Ny == (14)

gray

(%
= % 1 a % A

lng N, Aednsduseninemasinees histogram fioA1dsyiiuimaniiugiues

(% '
A =

AUNTSTNAUAINNTOAIUINAITEAUVDY histogram Tuksasiunanngfaeuly

If HCR(i) > N, HNCR(i) =N ;

Else if HCR(i)+N,,,, =2 N¢,, HNCR(i) = N ;

Else HNCR(i)=HCR(@)+N,,;

Ine HCR(i) A® nungiawvssiaazingalusesau gray maqﬁuﬁﬁuq
i AD NUNYLEYUBIATIUTEAU gray
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) | a 9 Yo A Y] ) a
nasnnszeendalawnsulvallituyniinealuseiu gray faunisin 15

N
§=—£ (15)
NLP

lag S Ao A1 histogram lnsininsgagliniinia
= I a Ao d‘ Y o ! 1
N,, Ao arinandaueldriuiumilng

2.7 Hierarchical Fuzzy C Means

Fuzzy C Means (FCM) Clustering (A. Sopharak, B. Uyyanonvara &g S.
Barman, 2009) \umadlaiiielflun1s Segment sUAMM FCM Clustering 10
danesfumsdanguitiudeudu deyausazgnorailuls 2 nguuFounnninfen
anuuandnuandnefiu audnuaziifiniuadieadsfugsnelunniozgnin
nauseglunguiesiu Arpueagadeazedlusuvesssesiisvatinmes
AnudnwarlUdmudnansvaandu mataszosmauugadnasinanldinszesvini
uazdeyaszidornlosiemaundnivnzay

Audnansvesnguazilasuluaunsziimianuuand1ssenineiladidy
Whmneiuaniseiiun1svesseudal (The objective function at successive
iterations) Hesninnasiinvualineunti Tngdn Objective function 11910

i=l j=1 (16)
2
< ([ =<
u;
=[x -l .
17
M
2
Z”y‘xi
¢ = il
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Iy M Aednuuvesnuinum, C AIMIUNGY, 1, AoAnivesaundn

A 1

x, melupduees j, x, Wudeyaiifivuin i 46, ¢, Ao gudnarsvesnguuay

[ Fie ussingrunsuanseupdeadsiulagseninaudnvuglagfuaudnans

ATLUSTUUDY Fuzzy  ALHUNITHIU ANSIALUSEENSAIWUBY objective
function MEMTUTU u, Uag ¢, MIIUTEVEYALiD

max{ uf —u?")‘} <eg
p ij ij

108 & TAwINAU 0.00001 way k& ABIIWIUTOU

2.8 Generalized Gradient Vector Flow for Snakes (GGUF
Snake)

Generalized Gradient Vector Flow for Snakes (C. Xu, J.L. Prince,
1997) way (C. Xu, J.L. Prince, 1998) tJuUf7uuv8InIsIUASNGRUULDATIN
ABUTIINTE Snake QNATINNIAIN X (s) = (x(s), ¥(s)) FD NTAAAINTUINVDS

(Y]

TagaunszuIun1sITwuIn1sante n1siudsuslaguuiiugiuves Spline tasu

a

avanwaunusInAgluiazunn (newen) 1AK Snake [ UMTBUAYDS
U ‘:‘I

TR0 Snake  Tdwdeautay fatiy aun1sNENIUVee Snake AB
HATINvBINGIUslukazuen Ml

1
E= 5 Zo (Elm‘ernal (X) + Eimage (X)) dS (20)
ax|  |a*x[
Elnternal (X) =al—| + ﬁ (21)
ds ds
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o a waz [ Ao W3lnesUeInUlAULAZANTN TeuAuNIeY
w3 E,, ., A9 3u1an13kaseaudusinin convolved misdiudssuuunsgiu

image

94 Gaussian filter Ingfl wassnuiitiosiianves snake Anléinaunisues Euler
aX"(s)- BX(s)—-VE, =0 (22)

VE, A WSINEUBNNIMUUANIINATS IasuYeInmestunisla

image
JEAUAWUUNINTIIULAZYNUNAUDATILINLAY XU WAz Prince (1997) 678N
duUsgansiuansiuiennuussulunsaananseny waaunsladuguly
YDINIUNINITZLINABTAELALNN

=g (¥71) V= () v -1 =0 2

do g((Vf])=e ™, a(|vr])=1-g(|Vf]) waz ko mifiwesns

£
= (K%

USuumsan nsasaunis g() waz A() sTusdiunmslaszaudvssnimveulay

Y

Ng() agdimatesnin A(.)

2.9 ipdeviiolunissausedndntw

Tnsiaseianugndes luauidelaginusednsn1svemanisnnass
1n8f9154191nA1 accuracy precision recall and F-measure oy G-mean Lo
AvInanazAmuINlnIInauns selul

A1ANNAB (Accuracy)

TP+ FN
TP+TN+ FP+ FN (24)

accuracy =
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A1 precision
.. TP
precision = ————
TP+ FP (25)
A1 recall
TP
recall = ———
TP+ FN (26)

Lﬁa TP = True Positive,
TN = True Negative,
FN = False Negative Wag
FP =False Positive

2.10 NISNUNIUIFTTUNSTNTLAYIT DI

Naga WarAny (2001) 1§ auei3as “Detection of Breast Masses in
Mammograms by Density slicing and Texture Flow-Field Analysis” fAifins
dnaueisnisdimiunisasiamifeuiieludunainamunluunsy Tng
NSEUIUNSTIT LTINS USEIARAN MLUUNSWUEI WieTiasinisnsiam
dHeleiuguveasuuuasnsiidaiuiiamevesteudefifiauiiaund Sni
Feinsiausuianvestouiionnmsfinnsandnvaszveufewioudazdszinan
Hawvuiiinuunifusuuiiiauiaund nszurunsteinanniBuduainnissa
IBA1TNTVIUUY Gaussian Lazn13ANTUAIT Sup-sampling Tt
mslvavesuidnuandAvidstufieglunmiusiluunsunagsiinisieszsinig
Tnavesfeuiofiuladudiu nan1sanldisnsifunsasiamfewiouszan
fine wudnansanTanuiouietendidunsely 13 A ansuaunwaly
Lm'susl,ugmsﬁazﬂaﬁwm 56 am waznansnsamieuieceniilildiiedeen
arunlugnde 63 Wedidud andruauiingsany 16 amainsiwaua
sulugrudoyasionun 30w lnsagundnansnsaaaidoluduadie
gndesiadenay 74 9nsauionnn 43 nadl
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Mehul uaz Alan (2003) ldtiauemsasiamdeuiefisosnsanuinan
amualuwnsulunisasradiun Tuiidedde “Detection of Spiculated Lesions
in Mammograms” Tneiismsiitiaueysenaulude 2 dumeu A 1) maUiulss
aunmaasnnlnsduneuntsnsesnn axldnissvananalussuuidadunuy
Radlial Spiculate Filters Fsdana3uiangusrasdifterhmsusulinmninges
dnwauziBadu (Linear features) 84308 7anv1n Fanmazgnaanlagliis
Radon Transform mmmiﬂiaﬂm‘wLLazLLﬂ\‘imWﬁagﬂu Radon Domain Lag
2) MsAMNAKARY Radon Transform fl#3UnUuRMANYEIAIN HATBINTS
psavvnannslidanesiuilngldnmunluunsufieglugudoya DosM Tuns
npFoU TenadnstuaziUisuiisuiundeduvosunmdSidine Tnethaimu
Tuunsudeduidinszuiunsmudanesfiuiinauemudisuiiiolildvoutun
Usaiiaula Fawanssmuiusiundsfiunmgyinniside sy fegrslsfinudmiu
Fanosfuddddinnsildi3suitsuiudanesfiuazaimauluunsuain
g1udeyadu

Addel uay Mahmoud (2005) linaueauddede “Fuzzy Entropy
Based Detection of Suspicious Masses in Digital Mammogram Images” Ju
nsasramuaadeuilefidauinunilunmanluwnsy Fsdnvazvesiadiou
deanfutngiifianuaing Sveuwansnszgatsieguunmuluunsy lng
nsrUUMsTIaTulsEneUlUfe 3 Suneu suneuusnarsdiunsidnaau
Fduilunds (Backeround Removal) annnsiaseidalaunsuvesnimanly-
LAY AgnsAumATinNRgsandfuil 2 vesBalaunsudaavidugauys
sywisEuiuvdwosiladidnaisdiuveuinvondiul wavdiuvoaioifedu
fevglddrsosmauinssdunmamiflegseninsdalannsuansdiudingny fafu
U999 Threshold ‘1‘7immzamzagiwdwmuLﬁumﬁgqam Suneuiigeadu
maﬁwmmﬁ%%mﬂmﬂﬁﬁwﬁaﬂ (Fuzzy entropy minimization) %qmqwﬁﬁ%%mm
mumﬂﬁé’ﬂ,umsmaﬂ Threshold ~ flasuusnenvaulrafifianunuievesninly
qm’mauiéﬂmmsmmmﬁ%Laquiﬂiumiuammwa}ulmm Threshold 7
WANTEL IumumaufjmmEﬁmswwmwmmimLmiummsﬂw Wududngiivenesn
MnvoulnUnAssanduduiliiAeades duduaglddmiindesgvosnindans
Junadwsanyhefianunsadanguiinisavesingideliestulazdiuuvesiiniea
aslunnsneing mﬂﬁ?uﬁﬁmimqﬁﬁsuumﬁﬂﬂ'jwm Threshold  wagingdue 7l
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AN 10 finwa senluiiielildveuivavesuundniieglunmusiluunsy
miLL&Jﬂﬁyu‘ﬁ'ﬁuaﬂgﬂiwé’nwmmmaﬂ%isﬁ%%mﬁ Morphological  contour
extractor @auvesnmLIdnazeglumiesdusznaulasiaineuuia 33 nwd
fdwfigninzandiuvosnmiammamdwualidurouannin swideild
nagoufunmsluunsuangiudeya DDSM  Bsldvinnsmaaeuiuszuudud
sunlinvosnmuassyn gausnazUsznouludie 36 am Addouied
AnUnAduafoutefiunndreiuly uasafldesusznouludae 12 naw il
uinAnnmingiidsadanuinameaiivis nsdiiduuzise amnsansiany
Iidufosay 98 anawienua waznmyafiaes nsdlfvasunaundlaiiiy
TsAuzise anunsonsranulddedosas 100

Luan Jiang wazaae (2008) i@ueuideises “Automated Detection of
Breast of Mass Spiculation Levels and Evaluation of Schema Performance”
Hunsiaunazvaaeunszuiunmneninnesiiiedinsziveuiunveiou
defifuunfuaznisminnuresteunieibefidnun niguaunisdand ey
vhogednludflasUszneulufeanduney Suanduneunsnidunisimni
#&NN13989 Maximum  Entropy  fignianldlumsnmamlessswesioude
seiudsulureunuTnaiiauls ndurinisudloduifusldusunaulunm
flunds Jumouitandliilananes Active-contour  wldlunisuiuusanis
prvduiutessUiveuafieuie funeuiianuldiniewmsaduidu (Line
Detector) lunmsnsvaeukaznsssyduresiouiodofidnueiidoulosluds
vouinvesteuiile dunsanvesweuin mytadaUina ddifewdeiie &
gnianldlunisussidussdurestoudode Ussansninvasnszuiunislived
foudlaifedmiunsduundszinn mavssdunaruiendesiuronen
Gi’fa%amwsumm‘lmyjLLazﬁuﬁmﬂé}’Lé’ﬂﬁwm Receiver-Operating Characteristic
(ROO) lumsandunisnegaeuldgiudeyanin DDSM  2NNSUTEIUTEAUYDS
UsrAvEnmwasnssuiunslagligpdoyafinunmiidudnuuzveaiodednun
$1uau 105 amuazamveuafewile 106 nw fidadenaingiudoya B
uadnsnsAnudosiunandliifiuinuszaninnlaesauvein swuaunInIs
poufinnoildnsmmssduresfouiofidnuindeudrem ilosnainainui
modunaiealunisnsanszduresdouiefidnuiauuudaludfdnsiog
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fadiinsussfiunaysyansnneeanssuiunsiindeadeiulumiddodeunth
Tnofugidedudshifinismonunasenin

Fengmei wazmmz (2008) leiauesuiduides “Gradient Vector Flow
Field and Mass Region Extraction in Digital Mammograms” lagly Adaptive
Histogram Equalization iLa¢ Gradient Vector Flow (GVF) Tunsuenfouile
#1199 TuamAdmeatuulunnsy lneguuuudsnisves GVF asdufiudsvosgunss
fdsuguuuuilflunmaromanisunmd Tnslamzegnadslunsuisdunaznns
avIavveUnN Felselevivdnues GVF  duanunsansiamveulunldediell
Uszansam wiiluvngiinisidsusunsaindloluveuwauazdiudisudy
Tunsadamans GVF gnileuinduisuilyvimivaunavesaunisidoyius
nAwesUEIL Fansnseanennnesvainslasedudvessedunndinviiouny
fvsusluwidnldnnisimuaanamidmun luseazdunvedane3fiunly
Tu vk fuszneuludensyuiunsidunounudisuded duneunsmdums
Winszruliunmualuwnsy Sufidesusndiuveumduuriunsusudniawn
51 Otsw's  Suitenunenduntsuugnvesdalaunsuiifinrundugs Tngldaads
uavdudsauunasguvestsiidvunadn duiidlutazdumisiifidusenoen
Nnaynfienanazldgaveuivaluveuiunnim ¥nsnsesgaveuiuenoen u
anveaiadiuiiyusanvesnvousandfugaiiyusentioun aglddruiiiu
vouiavasfouile swideilldiinismasssfugiuteya DOSM dafinsusediu
UszAnSamannnsiuiniiuiives Ground Truth wuieafufunisuenday
Yeuln nNansnnassesiuliindanesiuilivsyansamlunsuendewded
frnudugs Tumandufuannsdimeaey 161 nsdl 7 95 nsdifiuendruveuiun
foudoififrauiodonnudlidlefouifoRnund

Jahanbin wagan (2008) léammalinnisszydiuves ROl flegsous
fowileidofiduurdnurnvuaimunluunsusuusaluf@ luauddede
“Automated Region of Interest Detection of Spiculated Masses on Digital
Mammograms” 91n38nsfitniausdimniunisiinussunaues RO Huagiuag iy
nsnovaLeeLend g iuvesfinseuinyn (Spiculated Filters: SF) Falu
miaaﬂLLUU&?T’miawzﬁﬁugmmmnmﬁwiﬁaammaqmu@mé’ﬂﬂwmzw
NAINYDILUIANVIA mii’mmmQﬂé]’@ﬂﬁuawzumu%’%%gﬂi’miwaﬂ'ﬁaaazmaq
ﬁﬂLszjau,maﬂmmﬁagﬂu%umumsszq ROl Fumpumsnageuazinnsndeuiu
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g1ufoya DDSM Asznauludeamnsdvaaouvestoudefiiiuudnumnsuou
37 nsdivagey Ssagldnanmsdudeyanimaingiudeya DDSM iiteldlunns
UssiiuszAvsamuestunauds Tnsnsduinmenfesasvasfinisaignii
oamneaiiiundnnaveaieibe mntndd@inerdonimsamdumns
fegnelutiiom ROl Aviildnnveulunegseninguduazuil lnorade Yoo
ag 94 vesiniwanLdnyaflegngluuiian ROI %gﬂﬁzqé’wfﬁgumaui%'ﬁ d w3y
AgeaauazAinanaziduiosas 100 uas Yowaz 49 muddU Famsinids
Uhinaseiindeiulileiimmmeaeuiigniesesiunouifiasuansdmaion
a¥ 100 dwdunmngaav ROI detiuudaianndsldlisindduiiaesdasin
fufidniidunasiiudeutu smsmdmidunasiiudeunsieddinaiiansg
wisdudoudevanuansiifeiu afesasvesdndivudoutldansiniaosd
Anferasiiu a8 aniuldiarmgniesdilisey RO duliauddyegiebeiiay
haldlunsdanangueaundnaveadeidouuulnfuasuuidnuinves
doideiinelAnunss

Muralidhar,Bovik uagamz (2010) Idtiiausnuidede “Snakules: A
Model-Based Active Contour Algorithm for the Annotation of Spicules on
Mammography” 13deivimsimutunewdd sakules Aanunsarildeuls
mmzamﬁ’ugﬂéwﬁm%’umimawmm%aLﬁmuLLUUﬁﬁLLmaﬂmmmLﬁa@aLLUU
Spiculated Fslundazaruiisosadeinfuiumimes Spiculated mass 7il#su
n1sBusunuwngseding et uneuitnsneufinnestionsiant 4933
Sakules  ldWmuntuasfunmsaiaduseusuisiusigaduduiigaiifuga
ussaufudeasiianuadeiiug lnsfwnves Sakules funussaufudianuanunsn
Tunsiasugusns fnmaiduln wesudusludundnneveaiadeiigniesiioy
Tunm Asithaulafednlfsfiifmuniswaznisiedeulmiitiofiuussdnsam
nsdugndsnuiiegluiuil nsdudunssuaunisadlfiensssumildunainis
psavvogesnluiRangafignidonun 9ntuld3s sakules luvinismusuves
funsiouilefifesasds adfivesnmstaniinisnmuesieuiofioglunmusily
wnsuazgnldlunszuiunisnsiamenvesgaiignidonun a1niildviinis
AunamsniuazAnunmfuwnmg Sadine o sussdiulssansnmuedis
Sakules fuanslifiudsdnenmililudunounslinsgiamuazinanuiuuss
AmulaNzYoIsaneifinvetnenfiunefisnamuaziniesdeluninszdu
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ATedlE380s Radon Transform anfinuszansninuediaseadiadadu
waznsawniifiunumdfysenisuiuiiuazldauiunds (Vector  Field
Convolution VFC) dv¥uniseuans Radon fldifiudseansainvasnm ROI A
sUsenzauar Salusglovdfunuuisdunmynanisunmd

Abbas, Celebi waz Garcia (2013) lihiauedinisulsduvasiowile
dmsunmnluwnsuluauidede “Breast mass segmentation using region-
based and edge-based methods in a 4-stage multiscale system” lagly
robust multiscale feature-fusion wagnsUsEUUAERIULRA283T B0
(maximum a posteriori : MAP) &snszuruntsulsdutiulseneuseatunay
wdn Tneduneuusnionisdaden ROl @18n1514 dynamic  contrast
improvement scheme Fupeuitdesdensudludiuves background-influence
memslisnsdngsuuuu(Template Matching) Fupsufiaufonsnsramien
Lﬁf@ﬁaamitﬁaﬂamauﬁlmuu Candidate points 2875115 prior and posterior
probabilities AMUAIUTLYBINITTINNAINYANL AN YULITININTIAIY (robust
multiscale feature-fusion) funougateagyinisnadureuumvesieuiode
FreFBiBuiedt Fe3snmautsdudniazgmirluldiunmdeuioduiu 480
fifinisszydiuiifu Ground  truth  aandn$edinen anduagtinanyings
Wisuifieusyansuaiuisitiauedonsiamsadivuuninsenin lnenaain
AsnAaemUIAsINATuin e fedmiufewiewuy illdefined uaw
WNEnYIARUY Spiculated  lefinsihluidsudisuiutunendsaun et
iwmha‘iﬁaﬁaﬁmyammsf"fUﬂﬂi‘iﬁfﬂé’mmﬂﬂ%ﬁ%mawﬁaSJmﬁami
Anszsinaldnty

Balanica, Dumitrache ua¥ Preziosi (2013) léinauevuidedes
“Breast Cancer Diagnosis based on Spiculation Feature and Neural Network
Techniques” ABnsdwmfunisafnamuaudiuuidnuiaveietfouuy
Spiculated vasnsATITMIBELNANSENTIAve e dolunmsluunsudens
wUsdugUNITIessesLnansanvnfiogluduiuvesveulraiiiinunainms
AATILIRUTAVBIANANYTVRY Spiculated Wioflaznensyninsaniiduide
senlisunssuanioseniiuilofroannisatnanves Spiculated  N151"
Tnssneuszameigaan (ntelligent Neural Network) urldluntsishiunou
WINAINTIUIUTDINTAUNAGOU 96 ﬂiﬂjﬁLﬂuﬁﬂHm%%@ﬂNzL%QLéf’muﬁlzgﬂﬁ’M’]
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nadeuNTItaduuarnsiavuanny dosenvesusSadiuy lun1suseiduna
sUseatiosenmusiureseuaioginafes Seszduarauanineigeiian
wgnihandnalunnfiufivesnisiesesigds, anuduiusvesgaquinans
vosuna dmsunsruruandnaazuiniuaudn Wi nmsduamiiuiis
vosgUauwsumtuazgnAalnensiuiuiitegdafesiituaugad,
Wlugusretu masnaspiimuedmivgaileglndifsstuazgndiunlngns
ey fiegdhafsadluisuiuiagamsdnanasiuduldmguiainiaes
(Quadratic Curvature) azgniandunalasmsiiivdiuldsessnaudiluiag
augafiegliAsatususiu Bsluniniuidnmsfimngaudmiunisisiuead
wonuszamiitsninduguuuuiosenlisusseuasndeseniifuidedoveuun
nungunnitannsaldlunmsyssiiiunisilegueanvesnsatanimanluunsud
finnudnuuziuy Spiculated mass o udegndlsinudimsiivamtuiuags
mnuuanssmieulvvesidaazanuiilunsyuiuresnssuunyssan
wazmsTiaLAnAesdavaanvyliiniumed Lmaumimaauwmmmu
ENTU’i'WiE]EJLLNﬁVlE]EJIﬂﬁLﬂEIW]‘\]uﬂﬂU’]M’ILL‘UQﬂ'J‘L!LLﬁ g 93smsaring
LLamMmummmmwaaawqaLLamﬁwqauﬂﬂamwmimmuwgﬂmlﬂisﬁu
syuvatuayunsindulanvudaluffdwivusiaduniignesnuuuiiile
Tusunsumsradnnsowsraiuwienilulsundouasuensnildivindu
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UNN 3 935071t UUNI1SI9Y
Tusuideiag@nuinisasiamteulonsiSuiunnwuy Spiculated Ty
AuLluRNTY (Mammography Image) ‘ZjﬁﬂmuN’J%EJVLGW’WLﬁu%)’)ﬁﬂ’]i@i’m‘ﬁ’]

ﬂ@‘u&luLi\‘lLG]’]‘L!@JGHNLLE\I‘LmTWLLﬁﬂQ‘UHG]’e)Uﬂ’ﬁGﬁ’JR]W]ﬂ’eJULu’eJLLUU Spiculated 74
gﬂw 3-1

lDigitaI mammography

1. Multi-resolution analysis
using wavelet transform

2.1 Background detection
using OAT algorithm

I I
: I
I I
| |
| ' |
| 2.2 Pectoral detection using i
! combination of hill climbing !
: I
I I
| i
: I
I I
: I

and region growing

2.3 Breast ratio calculation

3. Adaptive histogram
equalization

{ The enhanced ROI

4. ROI clustering using
hierarchical fuzzy C-mean

1 The clustered ROI
y

5. Active contour (snake)
based on GGVF field

l Spiculated mass

JUT 3-1 WNUAMKARITUABUNITATIIMINBUL LB UU spiculated
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TuaATetladneiwazinausisnisnsianmiugtsaauuluniwuala -
LASULUUDALUIAUSENBUAIEIUADUITNITATIAN 5 JUADY

k4

3.1 ﬂU@@Uﬂﬁ?’?Lﬂ%"?a‘!ﬁ UtYINEULLUUNRAIYITEEUAITN
=

acioya

N153LATIN A YL UURaNETZAUAIINALLBA (Multiresolution
Analysis: MSA)  lusuideiidenldnisuvasanidauuuifuniag (Discrete
Wavelet Transform : DWT) dmsunisiasendyanuwuunalsssdu fasain
awslaunsuvuaiiluguazeraaridssuniueglunm silildnarlunis
Uszananauuuwazdnslifdndsfisuniunin (Noise) 80na1nnmenvasyivli
UszdnSnnanas Jedesiinisld DWT wdrelunisusuussnmunimaasninialy
Wy Lilerdnduiidudssuniusenannamuaranainuazidenvesn i
winzay Wiedinaudilunsuszaiana Tnsarlidmansenuiulasiadiamdn
YoIn LAz NMEIPITIeazidund 1Ayl i uLA

3.2 ﬁ’um@un%‘%‘zgu?mmﬁﬂu?@ (Region of Interest :
ROI)

nnmunluwnsufidesdauiilisndudmiunsuszana sn3adesi
Aonanzudnniiaula Tnonisiisanierinig Mask  visdiutiioazladtiun
Uszanaluusazdunourellaunierdausn uiiundesnannmeieds Object
Attribute Thresholding process (OAT)

321 aUKS0A190USIIUTUNRFI00N1ATIWEAIYTS Object

Attribute Thresholding process (OAT)

ﬁuumaumvmmﬁmammuw,ﬂuwuuaa (Background) YBINN P835n1T
OAT Tne OAT axtflumsynaunuuiIus vesdanesiu Otsu Liiowls Histogram
gasnmeendu 2 du fe diuildu Background @ Ay Object fgmn
threshold (7) Fimanzay Iumiau%ﬁ%ﬂszmaNaﬁialﬂauﬂszﬁq T>A4 ey
Y7 o> pY % \aeit H fie A histogram, Gy, A0 ANfunfignves
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sefuduas 4 Ae syduAnvesiundsiivszannanld dau g Ao wisimes
Fufeuildlunisidnsunsdiusessuufinavesnmiinsasduiiunds Tu
awwadnsduifidndosndin T azgnirdavie mark  iieazliluldlunng
Uszananadusiold

4
3.2.2 aunsen1dauvsdiisunaivitondion (Pectoral Muscle)
GYFBUANAUFTLHAIII Hill-climbing wag Region growing

wdnildnmaaluwnsuiimdande mark ludiuvesiundauds Tud
vosdnaiiduiundiisuiidundwidentionfiduduiiainsdigauuam &
Lifdnv3a mark sanagyilinisussdnsamlunsussinanaanavs olignsies
Fupeuiiunsidavie mark dwidundwidloninensen Jumeuusnyiing
sub-image 99NUIINANAIBVUIN k* N ANLYa (Ima k A9 LOUINUDINN, N
Ao Iurureaul) Inea1elunin sub-i image '«avmmmumﬂu background LLa“
non-background szm]vmLuui‘dsamuﬁumwuwmhmmwma mark Lmuu
waltdane3Nueeg hill-climbing  way  hill-smoothing wnflemarnuiidu
ndunilasely Tnsagduvnuinmiifiangsan (hill area) Mndutmuagaiiudues
region-growing mﬂmitﬁaﬂLmuejmmﬂﬁmsaaﬁa&ﬂuu%wm hill area lagagyiNg
finnsnan 4 eiideusoniooglndifssturesusasiinaluuinuiliniu
meldauuAgiuiiiuinusinamasdeuselufineaifanuduadoadadiu

9
v& Ad g
3

gavneaglaiuimduuiunveinauiiontentavinn1sminuse Mark aen

3.2.3 "3§'a@7?1u7@31/n7w@’7’9y"ié‘ﬂ')sﬁ';u';mwvé’msva’ouwadw"'h

U

NAANSIINTUABUANIANUNAILAENAULLENUNBNLAD TUTUNDUTAZYIN
nswuadu sub-image fEUUIR p* N Rnwandlaugeusiuiy ( As S1uIULaD
a ° YR . Y ' & a v ' a
, fi9 I1wrumeaul) Inenne sub-image IvUsznaumedilui wnuuuazdIud
19U mark 1331n9Unaut1981 TUNISAIUINMIDNTIEIUAD HATIUVDIANNNLYA U
sub-image  M13AI8IUINVOI sub-image HINATINAAILINATIAT g AIUUUAD
Usuisaula 3998n5eyinwuuinalukUILOILATLUIABALY NAGNSTLRaLINEe
Usnumsiaula
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L
3.3 JUAOUNI1TUSUUFIAUNIWAIINLENEI19YDINIW RO
Y 1% N = vy v o 9
wasnlanmamaesdiunsauland dewinisuiuusnunmaenn
PIBNSLINLANULTLEUDININAEIEA1T Contrast-limited adaptive histogram
equalization (CLAHE) tiievinlwdudidu Spiculated ffinuainsiazdiuimdu
Weigadiauuanddiuunduagladiesdonisiinisiangulutuneusely
Junaun1sIANgu RO
k-
o/ Q’/ U
34 JUGDUNITIONGN ROI
AN ROI Aun1sUsuURAuA mN inIsIanguuasaseaudng 1ag
! v a 1 < 1 A 1 d‘d U v OI
ASEAUAMNYRININ ROI Aggnuuseanilu 2 ngume nauiillAseiudmaiuag
nauifiAnsyAvdas Tuneutiazidunmsiuuuiug nefingundAseAuamigs
wQNNTLYIWNIY Fuzzy C-mean BNATINTEN F,, >o H18AINT 1513871Ule

N

A g A 1 1 v 1
Gli’]ﬁ’mﬂLam/lfj@%@\‘iﬂi]’mLL‘Ui‘Ui’J‘LAi%WJ’Nﬂﬁjmwﬁ@?ﬂﬂ?’mLLUi‘Ui’JuﬂWEJI‘LJﬂQlI
138091 Fratio ka3winsuga tnenduvesiinianedlupdanainaineignay

e =S ®

NAFBAT o, B9TAWINNI 1 wazesdUsznouduTilifesnisvesniw RO Ty
QnanfBA o fiilddesndt 1 ilefiulszdvinmuazdiesenisu spiculate
mass lutumeu active contour sial

s
3.5 gueou Active Contour Model (Snake)

Tsinaes active contour (snake) Tloguuiiugiuresnisinavesiianes
\NSLAUUA (generalization gradient vector flow : GGVF) Qﬂa%ﬁx‘m%ﬁﬂmﬁ
sUseiiRnUnfves spiculate  mass Tnglutumeuusnld GGVF 91 the  raw
gradient field vy #iluna7n V(xy)=[u(xy)v(xy)] Toedl vr Ao veur0IRda
woslu ROl uazqAIEuRuYDY snake  anansnszyldmugeiisnauls dudely
MERINLITIFYIAILHUYDI snake wé snake Az iiobo sUTsTiRaUNR
Y84 spiculate mass WwUAAIILFUINGANEVRILUAR snake



=
UNN 4 wani1snaasd

Tuunil uanmanisaaesildannisldisivnausluuni 3 Tnsasuans
Frog1e mmaTunnsuvendiuy Adndunismuduneuluund 3 @aswuin
annsauenaiulsznevoendu 3 dau ldun nmainuds ndwienthen was
Fouiieuuu Spiculate

Tnouwanslunisieszdammaluunsudnuuiionsianidiufinaun
$18udesadne mask deusnituiluduiiidudiulsznoudu q senain fufiid
anudululafiazndudowilowuy Spiculate  Fewaainnisnnassesune
srwazdon fuelui

4.1 TUCIOUNITILASTIEA TEYYIUUUUARIYTELEUAIN
=l
azLdYae

mﬂsé’fa;ﬂasqmmwﬁﬁmﬂsﬁmaauﬁunm%ﬁmmazLﬁamﬁlmwmﬁ’u G
Tudunounsuiuusaunmazdoshidmansenuiulassadadnueanin Feaz
AfiunsManAasunIuenaINAIW FenTIATIZRd L UURaI8sTFUAY
agidga(Multiresolution Analysis) %a%aguuﬁugmmaﬁ%miLLUam‘V\ILﬁmLL‘UU
Wfiunae (Discrete Wavelet  Transform)  thaunusuldivganindeyanaaeu
dielildmnuazidenvesnminzauuas tdndssuniueenanaim luvaed
amdsrsseazBendAnliigudy 5U d-2 (n) Ao amduali, U 42 (@)
Hunmiikunsudasaidasuuiiiunihedesiunldduamislutuneu
soluuarguil 4-2 (A) Ao 91azBunvosnH
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(n) () (A)
JUN 4-2 nmeaanslaannnisuseaianaves Discrete Wavelet Transform
(n) JUamduady, (1) JUamfdulszitanavewIidanay () 3Uaw

S1882LDAVDINTIN

4.2 ﬁ’um@un%‘%‘syu?mmﬁﬁuf@ (Region of Interest :
ROI)

TuURULILNINTIEUUTRANaulavesn LN luLNTUAILY AN
druidun nitundiwaz usaiiduaIueIna1uidensn N WA LTUR DY A1l

4.2.1 N1FAURSONI19GUSIIUTUHRAIDONIINIW

Tunisssyauifuiiundsmesnmagdniunisfedunould Object
Attribute Thresholding Process (OAT) Fadunsruaumaiausuuiugiuiile
wlann Histogram  eseniugessyiudu fe druiifunmitundonazdiudiiu
aning 1ne3Bnns OAT azusnfinasziudimiidentesnitan Threshold 7
WiazANDaNUALIINNNG Mark sunsfinisaty ierdunsssydaniiaglahiily
Ussananalutusialy fasuil 4-3 (n) waggud 4-3 ()
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(n) ()
U 4-3 mmmaansnlnainnisuseananaved OAT, (MUNMAIII waz (1) UN
Wuvdagn mark

=4 o o a 2 Aly 2
4.2.2 N198UNRSTONI1YQUTLITUNAINIUDKUIDNODNIINATW

e‘z‘fqmﬂmwmmimLmimzﬂiwﬂgd'guﬁLﬂuﬂé'mLﬁauﬁﬂaaﬂﬁuaaﬂmﬂum
avdurandiuy lunisidaduilunduiesanduazlddunouds Hill
climbing 1&g region growing sudhsetuiioldnsamituiivesndnie 91n
AN sub-image mﬂaﬂmaaﬂmmﬂmwmuiu Lmiwamﬂumwm K-level
wavelet transform LLavmumaawwaa Favuraves sub-image A¥NAITUIN
K*N  finea Tnedl subimace  asdfanafiviedrunes backeround  wag non-
background fatuudraruiitlu backeround g liignanfiumssiely druvosiiui
non-background ﬂﬂ%%umaﬁ% hill-climbing &ae hill-smoothing Wievnaaud
Fundmuile ﬁqgﬂﬁﬁl—ﬂf(ﬂ), 4-a(%), Tu hill-climbing weafishefuiuasinisaum
WTigeanangaudiuYes region-growing lasmsidenuuuduaniinieaiiegly

9
I ' 4
= a U a

#unves hill NUUALRNIURN 4 Yaeusienaglnalfssveusasinigaly

a

Ushanintungldauygiuniiuinaina nasweuseludiineaniaaudy
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v = o A a 1% & o ' ]
ARNYARINULALAY Mark MUUUIIUTDINANUBNUIDNNBUNITUTEUIANAYU
okl
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(n)
Pectoral
Breast [
Background

(@)

(@) (9)
U 4-4 amEaEnsTIlaanMsUTTIaNg

4.2.3 ﬂveszy@i"nmu'd‘u?wfuﬁaufﬁ) (ROI)

MANatuneuneunidasimsuUmnwesniiu sub-image fidauriuiy
Fawsiaz sub-image azUsznavlumefinwavosduLwazadi mark USaa &
5U# 4-5(n) Taefivsanasanumihuiureadusazgnanandusasdufinea
VOUATUNFDVUIATOY sub-image 'ej"m’la'auﬁqﬂ%maq sub-image YARE AR
fhiraule (RON feglunmaaluunsy lunsdlinmm sub-image  Fousiufu A
usnlalfl RO udmwdtaesuansdnuaizaes RO Tuwniideuviufuresnimazgn
firsanianladudures ROl Havnduneuliazuans fsgui 4-5@) n1w sub-
image fiuansnsvheesnodin] 'gﬂﬁ 4—5(ﬂ)LLaz§Uﬁ 4-5(3) UAnINANM ROI 7
auysol
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(m) )
JUN 4-5 nmmaansnlaannnisuszanana

4.3 ium@urrmtjé’uu?d@fun'vwﬁ)ma/umn@iw?/@dnﬁw ROI

N19LATPUNITVDINITATIINEIUYVS spiculate  AzABIIINITUTUAIY
ANTAVDININ RO (U 4-6(n) P18735n1 contrast-limited adaptive histogram
equalization (CLAHE) welviusiaunauladianudaaug@uaaguin 4-6(v)

(n)
U 4-6 MNaansNlIaNNTUTUUTIAMAIN (N) JUANASAY, (1) JUNRIUANS

UFUU TN N ED
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4.4 @’um@unﬁsﬁ‘i'@mejw ROI

Tunsuuangu RO aifiunsfeiSnisadanesie Fuzzy C-means
(FCM) WuU top-down dendrogram (é‘fﬂg‘dﬁ' 4-7(n) d@udidussiudin (eray
level) w84 ROl azgnutseeniu 2 adamaston (sub-cluster) fie daufindaines
syivdmuazadamessziudings luduiduadamessefuiimgaazgnuen
ponnALdunumsslunszuIunsedanosss Fuzzy C-means 8nada sudle
dandmvundnvesdiuiiegauulsuniussninndanes/nelundanes 7
3onin Feration azlsignuisdan Tuvazdilififeulvduiaunsoviliuensdeldls
ROI oglunguiamzvesiinisaiifszaudimlusdamesdiufiainsazgnansiod
fudsyAnsimdn Swmanmaguasdesddwnnit 1 fiddussddsznoutes
ROI filaisnduuazdanansenusiolsyAvinmuastumeu active contour awdas
auinwaseRuAmluduiidinandevosndame e

(n) (@)
JUN 4-7 nmmaansilaannn1sdanguves ROI (n) jUnmenegauandisn1sads
1MB339 FCM WUU top-down, (¥) JUNIANGILEN

s
4.5 JuEou Active Contour Model (snake)

funaunas active contour azdniunsauABnsausdeyanisinaves
nAWBsNTIRBUS (generalization gradient vector flow : GGVF) degnesnuuuly
wanzaufusussiiinnivesfeuiouuy Spiculate  Tasisuannsld GGV
funnrvesunsifouditas (faguil 4-8(n) ok musliien f Aediuveuvesada
;a$ ROI warld snake szydrufifianuanla (Fegufl 4-8(2) 9andulst snake s
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udsduresauy GGVF fioanlulnannuinmdoudefiosns Silassadnans
e (M3e3UsinUnf) vesfowideuuy spiculated  (Fagul a-8(m)) uax
aunsauanslalag JUS19EANevedguL Uy snake (é‘w’qguﬁ 4-8(1), 4-8()) fluans
A ground truth wesfeuiafeuilouuy spiculate Aldarngiudieya DOSM

() (?)
JUN 4-8 (n) nMmuaninisivavesunsifieudilian, (v) AnseUIALTUAUYDY snake,

(A) AnAMsWABUFUTI9Y snake, (1) NNFUTNGATINEVDY snake wag (3) A
ground truth ¥agUn NHANTNARBILNILALLAY
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(A)

() (?) G)
SUT 4-9 (n) 3Unw ROI 99901m C_0034, (1) nmuansmslvavasunsifioudilad,
(m) mmzqqﬂﬁuﬁumaa snake, (9) mwmsmﬁauguiﬁwaq snake, () mwgﬂs’w
gavingvad snake uaz ()N ground truth
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(3

9,
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U7 4-10 (n) gUn I ROl va3n I C_0043, (1) ANLARINIT AAUDILNT AL UE

(P) NINTLYALTUAUVDS snake, (1) NNNTUEBUFUIVDS snake, () A
JU319gAYN804 snake Wag ()W ground truth
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@)
U7 4-11 (n) 5Un1w ROI w83n1w C_0046, (1) Mwuaninslvaveunsifeud

Y

(3

Tan, (M) NNTTYIALTUAUTDY snake, (1) NMMNSIURBUIUTI9Y0Y snake, (3) AW
JUS19gAYN804 snake Wag ()W ground truth
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(A)

Q) @) (@)
U 4-12 (n) 5Unm ROl 4040 C_0069, () AMMULaAINTSINaveIwnsifigud

Tan, (M) ANTTUIALTUAUTDY snake, (1) NMMNISIURBUIUTI9Y8Y snake, (3) NN
JUS19gAv804 snake Wag (@)W ground truth
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(n) W )

() Q) @)
gﬂﬁ 4-13 (n) 3Un1M ROl 83019 C_0079, (1) NMMLaniInsivavesunsiieud
Wan, (A) mwwqq@ﬁué}’umaa snake, (9) mwmil,ﬂﬁ"augﬂiﬁwaq snake, (3) AN
3U319gA1884 snake Wag ()W ground truth
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5.1 ar?t/wan'ran@)a@d

mﬂmsymwmimv‘wﬁmmmsﬂizmawamwﬁ?ulﬁﬁmﬂﬂumsﬁwLaua
FanestuiiawnsotluldlumsesramAeudensidaduunuy Spiculated Tu
amAdneauluwnsula %aﬂisﬁw%mwLLasmmﬁwsjusuaqé’aﬂ@%ﬁmﬁwmmm
a519 ROl vualuwnsuldegednlul® salunirdudsldiauonisiaun
Monotone Hermite polynomial ﬁiﬂumwmmmwmmmmwmLLﬂJumﬂuL“i’m
7839 ROl Anadnsildannsvaassuandiifunadnifoendoslulunasudy
1993835 active contour fignuansiuniisliogissmlusiAlagnssandiuns
uaszuLuy Radon uagnisdnnguadamesuuudiduty

a &
5.2 99155UWAaNI1TNAa DI

sAtetionaidefionaraifintuld Tunsdl spiculated mass aglusumis
lndiudrwiifundruilenten ildtuneulunsiianieaunduilenton
919711194 spiculated  mass  lauaunIen1dneonlunlg UIoANNITUEVDS
spiculated mass  dienfidlndiAsfudrnendeiuy dmalfnisuiuuss
AunvRInViensdanguinnisiionainld garesuiseiuszinanari
amidudnuwaranmsesudnainiu

[}
o o ’

5.3 y1udsuRez e luouine

=]

nRadnsalaanauifeilusedniainuazaugnaedgs winds

D XD

=

Fodrinludruiunmdfileingardomnuauinungasusuliiu snake Wiof
AUMYBULALAY3UI19Y84 spiculated mass waninlUitadeseld enaviilvidu
NSNNUVRIUNNEVTOEL TN Y NITABUFBIATUNTIMUARAS UAY UTTY
poluaginlusuiAne1aiinsiuyseansninlun1sAumnsauianmungasusy
ulalaednluliRnaunsenslanadnsganefie 5Us19ves spiculated mass el
¢ A v A o aa o 1 & ¢ A yoa
wnngvsedldtv g lUIdadesiely Wunisannurewnndvisog e 1vayad
Lar019ransEEIATUN1INTINI gl
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Abstract— The use of computer research for breast cancer
diagnosis in digital mammograms has been studied by some
researchers for years. The researches based on medical image
processing were developed and published continuously. Theirs
objective are to create a diagnostic tool that can increase the
accuracy of risk analysis for breast cancer. At the early stage,
cancers may be identified as spiculated masses revealing
architectural distortion. This research proposes a semi-
automated method to detect architectural distortion
characterized by thin lines radiating from its margins. It will
help physicians as second or minor opinion before biopsy
operation. The proposed method involves following major steps
in sequence. A combination of the object attributes thresholding,
hill-climbing and region growing algorithm is applied to digital
mammogram for background and breast pectoral muscle
removal. The second is a region of interest (ROI) selection based
on image splitting and breast ratio estimation. In the third step,
the shade corrections of ROI are considered by using the
contrast-limited adaptive histogram equalization. Next, we apply
the modified hierarchical clustering to detect and enhance the
possible cluster of spiculated masses. The other clusters will be a
significant reduction. The final step is established to segment
spiculated shape by employing the parametric active contour
method. The numerical experiments of the proposed method are
performed by testing on the digital database for screening
mammography (DDSM) made up by the University of South
Florida.

I. INTRODUCTION

Breast cancer is the most common cancer in woman
worldwide. Risk of breast cancer has increased more than
20% over the past few years. In Thailand, breast cancers are
diagnosed with the most frequency. Moreover, it is the
leading cause of cancer death.

The precise causes of breast cancer are unclear, however
women's risks investigated are ages more than 40, gender,
race and family history of breast cancer. The early cancer
detection is the most importance to stop cancer developing
and spreading by providing an effective treatment. To detect
breast cancer in digital mammography, mass screening has
been performed with research applications of medical image
processing. They were designed for detecting early
characteristics of cancer such as calcifications, architectural
distortion and spiculated mass. In this paper, we propose
multi-stages algorithm for the detection of mass presenting
spiculated shapes. It always exists on the periphery of the

978-616-361-823-8 © 2014 APSIPA

breast and has a thin, elongated piece of tissue spreading out
from its perimeter.

In last decade, medical image processing research have
been conducted and improved worldwide for developing
effective tools of breast cancer diagnosis. It may help
physicians as guidance or minor opinion before biopsy
operation. Naga et al. [1] introduced algorithms to detect
breast mass in mammographic images. A combination of
Gaussian filtering and sub-sampling operation was the first
preprocessing step.  Angular anisotropy of the mammogram
was needed and calculated as flow. Next, textural orientations
of flow were analyzed for mass segmentation. Mehul and
Alan [2] proposed method of speculated lesions detection in
mammography. They applied the combination of
enhancement and linear filtering processes for the detection
stage. Theirs method was evaluated by testing with the
digitized mammography obtained from the digital database
for screening mammography (DDSM). Luan et al. [3] present
the fully automated detection of breast mass spiculation
consisting of principle steps as follows. In the region of
interest (ROI), the initial outlines of mass are detected using
maximum entropy concept. Next, they apply an active contour
model to initial outlines for identifying spiculated lines. Abdel
and Mahmoud [4] present a suspicious mass detection in
digital mammography. This method based on thresholding
scheme used the fuzzy entropy to estimate the optimal
threshold for segmentation. Finally, they proposed a block-
based performance criterion to measure the result accuracy.
F.Zou et al. [5] proposed an algorithm to extract the regions
of suspicious mass. They applied an adaptive histogram
equalization to enhance mammographic images. Then, the
convex hull of edge points subjected to GVF field is used to
generate the mass region of mammography.

The main principles of this proposed method involve
following conventional image processing steps in sequence.
Multiresolution analysis and denoising of digitized
mammography of breast are performed using the discrete
wavelet transform (DWT). The next process is to investigate
mammographic background wusing the object attribute
thresholding (OAT) [6]. The pectoral muscle of breast is
discovered by using the combination of hill-climbing [7] and
region-growing algorithm [8]. Such locations of background
and muscle are marked to ignore processing in the advanced
step. The remaining areas of the digitized mammography are
split into sub-images. The breast density is evaluated to
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achieve the region of interest (ROI). We apply the contrast-
limited adaptive histogram equalization [9] and modified
hierarchical clustering algorithm [10] to enhance the quality
of breast tissue (inside ROI). Final step, active contour model
based on generalized gradient vector flow (GGVF) is used to
localize spiculated mass. The proposed method offering a
simple computational scheme has been tested using the digital
mammography dataset obtained by DDSM database of the
University of South Florida [11]. It provides a high accuracy
of spiculated mass segmentation.

This paper is organized as follows. Section 2 presents
background of conventional methods used. In section 3, we
describe the proposed methods for detection of breast mass
spiculation in this research. Section 4 deals and discuss with
the experimental results. Finally, section 5 summarizes this
research and suggests directions for future research.

II. THEORY

A.  The discrete wavelet transform

The size of image and high noise level may negatively
affect processing performance. Multiresolution analyses based
on wavelet decomposition are the successive version of
resolution and noise reduction levels. The sequence of
approximating spaces of image is generated by the so called
scaling function ¢ [12-14], whereas the wavelet function y

[12-14] is employed to represent the orthogonal complements
to the approximating spaces called the detail spaces. We
define the approximation and the detail images respectively as
following figure.
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Fig. 1 Wavelet Decomposition

The discrete version of the above decomposition called the
filter bank was proposed by Mallat [12], Unser and Aldroubi
[13]. Tt was shown that the discrete wavelet transform can be
performed by using the so called finite impulse response
filters (FIRF) which produce a tree structured filter bank (see
Fig. 2(a)). The characteristics of these filters (h and g filters)
associate with wavelet decomposition which h and g are the
low pass and the high pass FIR's associated with
corresponding scaling and wavelet functions respectively.
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Fig. 2 A filter bank, (a) A tree, (b) Wavelet subbands

B.  The GGVF Snake

Parametric active contour models or snake defined
as X (s) :(x(s),y(s)) is a curve evolution method [15-17].
It moves snake inside the image to attach the desired target
(spiculated mass boundary). Which obtain the minimum of

snake energy. The energy function of snake evolution
governed is defined as below.

1
E:ZJ.(J{a

o and f are tension and rigidity parameters of snake
deformation whereas E_, is the internal energy pulling the
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snake towards the boundaries of desired object (spiculated
mass). A general definition of E_,, is simply defined as a
gradient magnitude of the gray level convolved with a
Gaussian filtering. The minimum of snake energy must satisfy
the following Euler equation.

aX"(s)-pBX'(s)-VE,, =0. )

—VE_, is the external force. Regarding to the limitation of
conventional snake [15-17], the improved version of the GVF
called the generalized gradient vector flow was proposed to
replace the external force term —VE, in Eq. (2). Xu and
Prince [15] introduced spatially varying coefficients to
decrease the smoothing effect, as a linear elliptic equation
given by



v, —g(|Vf])Vv=h(Vf])(Vf -v) =0 €)
where g(|Vf|)=e_(vf/k), h(|Vf|)=1—g(|Vf|) and k is a

calibration parameter. Note that the weighting functions g(.)
and A(.) depend on the gradient of the edge map. In a case of
large gradients, g(.) gets smaller as /(.) becomes larger.

III. METHODOLOGY

The semi-automatic detection of spiculated masses in
digital mammography proposed in this research consists of
different kinds of steps as below diagram (see in Fig. 3).

Digital mammography

1. Multi-resolution analysis
using wavelet transform

An appropriate resolution image

2.1 Background detection
using OAT algorithm

!

2.2 Pectoral detection using
combination of hill climbing
and region growing

2.3 Breast ratio calculation

The ROI of mammographic image

3. Adaptive histogram
equalization

The enhanced ROI

4. ROI clustering using
hierarchical fuzzy C-mean

The clustered ROI

5. Active contour (snake)
based on GGVF field

Spiculated mass

Fig. 3 Diagram of the proposed method.

1. To obtain a set of different resolution images without
affecting significant structures and a noise removal,
multiresolution analysis based on the discrete wavelet
transform is applied to mammographic images. The next step
is to select an appropriate resolution image (approximation
sub-band) that unwanted noise is significantly removed.

2. We define the regions of interest (ROI) of breast
mammographic image (the results of step 1) by removing
background and pectoral muscle sections as a sequence of
substeps.

2.1 Backgrounds of digital mammography are defined
using the OAT algorithm [6].It recursively employs the
Otsu’s algorithm to split the image histogram into two classes
Cy (background) and C; (object) at threshold value 7 .The
split is performed iteratively; class C is subjected to Otsu’s
algorithm again. T>4

and Zg:OHk >ﬁ2f;"(’§ H, , where H is the histogram,

The process continues while

G4y 1s the maximum gray level, and A is the grey level of
background approximation. Finally, £ is the calibration
parameter used to define some parts of the total number of the

image pixels that should belong to the image background. In
the resulting image, isolated pixels which theirs gray level are

less than the optimal threshold value 7;,,, are marked as non-

processing area in the next step.

(@ (®
Fig. 4 Background detection

(a). The digital mammography, (b) Background region

2.2 Pectoral muscles protrude out from each side of breast.
Then the combinations of hill-climbing [7] and region-
growing [8] algorithms are proposed to detect those areas. A
sub-image is extracted from a mammogram image subjected
to further k-level wavelet transform and background
segmentation. The size of a sub-image is considered as & * N
pixels (the first k£ rows, N : entire columns).A sub-image
consists of both of background and non-background areas. As
aforesaid, background pixels are not processed anymore. In
each row, we apply hill-climbing algorithm including hill-
smoothing step with non-background pixels to detect hill area
as initial outline of pectoral muscles (see Fig. 5(a), (b)).
Different rows hill-climbing are variant in which reaching a
local maximum. An initial seed point of region-growing is
selected at random from pixels inside the hill. We consider a
4-connected neighborhood surrounding each pixel for
growing of region. The region is assumed to be connected
pixels with similar intensity.

As aforementioned, regions marking of background and
pectoral muscle provide pixels that are not processed in the
next step.
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Fig. 5 Pectoral muscle detection
(a) Hill climbing plot original, (b) Hill climbing plot with smoothing,
(c) Pectoral muscle

2.3 The previous step result is divided into overlapped sub-
images of size p* N pixels ( p: rows, N : entire columns).
The rows number overlapped is ¢ . Each sub-image consists of
pixels of breast and marked regions (see Fig 6(a)). The

volumetric breast density is calculated as an aspect ratio of
breast pixels to sub-image size.

. ZQIZL([(X’%% y)),

B, = where 1(x,y)#0. 4)
Ratio p*N ( y)

I(x, j) is pixel intensity of ROI image at coordinates (x, y) and
I(x, y) located at marked regions (background and pectoral
muscle) equals to 0. Sub images with higher breast ratio that
B, > B indicate the region of interest (ROI) within the

mammographic image, otherwise they will be excluded. g is

calibration parameter. In case of two sub-images overlapped,
the first image is not the ROI but the second one presents
characteristics of the ROI. Then, the overlapping rows of two
images will be judged as the ROI segment. The result of this
step is shown in Fig. 6 (b). The sub-images selection is
performed iteratively in columns (Fig. 6(c)). Fig. 6(d)
presents the final ROI image

© (d)

Fig. 6 a regions of Interest (ROI)
(a) The sub-images selection in rows, (b) The first step ROI
(c) The sub-images selection in columns, (d) The final ROI

3. Preprocessing is a crucial step of the active contour
based spiculated mass detection. The contrast-limited
adaptive histogram equalization (CLAHE) method [9] is used
to improve the ROI’s contrast.

4. We partition the ROI using the modified hierarchical
fuzzy C-mean clustering [10] based on the top-down
dendogram (see Fig. 7(a)). The gray levels of ROI are split
into two sub-clusters as lower and higher gray level clusters.
The split is performed iteratively; a higher gray level cluster is
subjected to fuzzy C-mean clustering again. The process

continues while F,,;, >« . It means that small ratio of

between-cluster/within-cluster variance called the F-ratio
were kept undivided whereas other conditions are allowed to
be split.

In ROI, a particular group of pixels with gray levels in
brightest cluster are multiplied by weighting coefficient @,

which its value should have more than one. Unwanted
components of ROI have an adverse impact on the
performance of next active contour step. Then we need to
multiply gray levels of pixels in the remaining clusters by ¢,

which g, <1.

(@) (b)
Fig. 7 ROI clustering
(a) Clustering dendogram, (b) The clustered ROI



5. The active contour model (snake) based on GGVF field
is designed to provide an irregular shape of spiculated mass.
First, we apply the GGVF to the raw gradient field V¢ to

obtain V(x’y):L” (x,y),v(x,y)J (see Fig. 8(a)) where f'is

edge map of clustered ROIL. An initial snake can be defined
specifying it in accordance with the interest (see Fig. 8 (b)).
Next, we run an initial snake on the GGVF field. Then, a
snake started far from the mass converges to the desired mass.
The physical structure (or irregular shape) of spiculated mass
can be represented by final contour of snake model (see Fig. 8
(c)). Fig. 8(d) presents a ground truth of spiculated mass
supported by the DDSM database.

© (d)

Fig. 8 The active contour model (snake)
(a) GGVF ﬁeld(V( X, y)) , (b) An initial snake,
(c) The final snake, (d) The ground truth

IV. RESULT

Three mammographic images are employed to test our
proposed algorithm. The images taken from the DDSM
database [11] are shown in Fig. 9(a), Fig. 10(a) and
Fig. 11(a). Ground truth information of mammograms is
shown in Fig. 9 -11(g).

Fig. 9(b) and (c) are the marked components and the ROI
image respectively. The optimal threshold of OAT algorithm
T =43 and an appropriate S of breast ratio is 0.6 . The
clustered ROI image is shown in Fig. 9(d). Finally, Fig. 9(e)
and (f) show GGVF image and the resulting image after
performing the active contour model ob GGVF fields.

Fig. 10(b) shows the resulting image after performing a run
of OAT algorithm and combination between hill-climbing and
growing region algorithms. The threshold 7 is 45 and breast
calibration # =0.6 . Fig. 10(c) displays the region of interest
(ROI). The clustered ROI are shown in Fig. 10(d). The

resulting images of active contour model are shown in
Fig. 10(e) and (f).

(®
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Fig. 9

(a) original mammography, (b) marked regions (background and pectoral
muscle regions), (c) the ROL (d) the clustered ROL (e). GGVF filed of the
clustered RO, (f) the final snake, (g) The ground truth

Fig. 10
(a) original mammography, (b) marked regions (background and pectoral
muscle regions), (c) the ROI, (d) the clustered ROI, (e). GGVF filed of the
clustered ROL (f) the final snake, (g) The ground truth



Fig.11 shows experimental results on the third

mammography performed by the proposed method. 7 and S
equal to 41 and 0.6 respectively. For this experiment (all three
images), the diffusion coefficient of GGVF (K = 0.1) with
150 iterations. Note that most of irregular shape of spiculation
is still present in GGVF images (Fig. 9-11 (e)). Our algorithm
produces good results (spiculated mass shape) in dense or low
contrast breast images.

Fig. 11
(a) original mammography, (b) marked regions (background and pectoral
muscle regions), (c) the ROL (d) the clustered ROL (¢). GGVF filed of the
clustered ROL (f) the final snake, (g) The ground truth

V. CONCLUSIONS

In this paper, we propose an algorithm based active contour
scheme for spiculated mass detection in digital
mammography. To combine efficient techniques, an
integrated strategy is presented to extract mass shape with
irregularity. Noise reduction is a required step which wavelet
transform is proposed. Moreover, multi-resolution concept
provides good image localization for next processing. The
conventional techniques of object attribute thresholding, hill-
climbing and region growing algorithms are combined to
define the region of interest (ROI) of mammogram images.
Finally, we apply the active contour model to the ROI
clustered by a modified hierarchical fuzzy-c-mean to segment
the spiculated mass. The experimental results show efficiency
and robustness of the proposed algorithm.
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