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Mammography is a special type of low-powered x-ray method that has
been used to improve diagnostic and decrease the number of unneeded biopsies.
Detection breast cancer in early stage can help treatment successful. Many researches
show that malignant breast tumors tend to demonstrate irregular and undulated
shapes, whereas benign breast tumors are regularly round and smooth shapes.
Consequently, many researches about tumor shape may help in maintaining diagnosis.
Thus, the contour feature of tumor contour is very significant feature to distinguish
between malignant and benign tumor. In this paper, we propose an approach to
automatically appraise the density and contrast of breast images using gamma
correction to increase the intensity of dense pixels with light intensity and vice versa to
decrease the sparse intensity pixels showing dark intensity. In the segmentation
process, we use region growing technique to get region of interest. We also extract
three important features including texture, shape, and intensity histogram. Especially
add data of shape feature into the original data by considering histogram of serrated
contour in each tumor. In the classification process, we use SVM to classify tumor into
two classes: malignant and benign. Moreover, we also compare between SVM
classification with Artificial Neural Network and naive Bayes. Neural Network and Naive
Bays. The results of classification show that SVM gives good classification accuracy

more than Artificial Neural Network and naive Bays.
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fyafinwalndiAganiinnududaaieiuimeanisveteiiui anvnezlausiiuveuni
aulalagldiBnsveneiunduanslugy 2.3(@) winindsiveuiundu o lunmidslailaiinis
YYIHNUANIAIUNTZUIUNITRLADANUAALTUAUVDIVOULIADY 9 LazITUIRNLYA

TnaResmaluaumsuiann

/T\
AR BN HO*
NA BB
(n) ()
*
# | # | * H # #
# #H | * # #  #
(m) ()
#|* #\'#
# #  # & H H|H# #|*
# #H  H H | # # &
# | # # | #
) ()
# | #
# #H  H #  # )
Regionl
# #  # #
# | #

(%) (%)

UM 2.3 dregunsvengdiununlagiansaniinalndifes 8 finiwa



NITNIEAYULTIAYYVOIN TN
dnwazdfyvesnmildlunuided Usenouiy dnwuraIAgI9981nay
(texture feature) dnwalzdAeuodalalnsu (histogram based feature) Lazanweazd1Aey

¥
Yo a

Y943U374 (shape feature) uazidunvadudazinaiineturglasil

- ANvUEAIAYYIAINANY (texture feature)
< = (Y o o A [y L) A
anangnglunmilunilsdludnuarddgynldlunsseyingrioveuwaiiaula
Tunn ShwazddynIenudnvuzroiainalstuazduteyaiiieafun1snssaieves
sUuUlnud (tone) nelunn datudneazniswisuwlamednudniglunnidaludoya

[y

drdsdnnlglunisdununainls dnvugdiAyvesalnatstuaTarlaanunsIngves

syduAMARTuI L (Grey-level Co-occurrence Matrix : GLCM) #eAduly GLCM v
wimssnaLasUTsufisunninturesssdudnlunwniesuuuy (pattern) weq
sgivdmseninsfinealunin lngldanuiiazdulunisuananaveinudaauveainay
(contrast) nsiintusaniuvesaInans (corelation) waznsidulidoifivrturesainany

(homogeneity) 3dnuaizdnfguasainaewaiazgnintuldlunssuiunisduunam

- dnwuzdiAguasdalaunsy (histogram based feature)

UsaanvaziazauaulivesdalawnsududnvedidgdnUssinnuilandey

€ @l

anlddudnwauzdrdglunisswunain Fensmdalawnsuarlvdeyaadivesanududn

Y

[
= v A

WATUluNIN kaza1unsanIANtIasluvesmultudssauan I Anadulunn nsndale

[
v o w a

unsutulnaN WY ANANSEDR (statistic feature) vianua 4 a1 lawA (1) ALade (mean)

q

= i a Y o | . 2 a Y o

A9 ALRAYAULINE (2) ANANULUTUTIU (variance) AB N15LUAULUAIAANNLINETBU
' a 9 A Al =3 a v a

ANRAY (3) ALY (skewness) A8 ANNLEASDIANNANNINSVDITALALATE D15 LHLNTY
anunskalrmnaziandu 0 ardalannsuivn Aautastduuln wazandalawnsu

£ J ¥ I 1 1 . A I Ao °
F1e Arpnuazsduriau wag (4) Aules (kurtosis) Ao A1iRYRasaAuazsgnniely

9 Y

nslugalaunsudedinnuduiusiunisnszatedeyawuuuni (normal distribution)

- Nz AYUeITUIN (shape feature)

[ I

nsmanvazd1Ayvegusliudussruszneuiiddgyedimildlunisdiwun

= ] 1 [y Y o w

AN ANLATIRRINTNAETMUNA N IngaRsrTiadalsusadnaiu dnuazd1AyveIgUTIaves
[ [ Y ! o 1% ! d’f ~

Tgazduiiszyanuuanavesingusiasviln anyuzdiAyvegusndiaylawn Nui

v Y

(area) tdURIAUGNANN (diameter) dduyuYBIFUITN (convex area) 1A59314 (skeleton) L&u

58U3U (perimeter) se8gn19aInInaudnataludaduvau (centroid to distance) lunns



o <@ £ & Y] Y v 1 1% & A [
FIMUNULLTUAUNIINATNUUN LA TUTY IWEJVI’JI‘ULLa’Jaﬂiﬂngﬂi’]ﬁﬂ@ﬂﬂSULuaﬂlﬂJLﬂu

¥ !
! a1 U = 14 A Al

(Y v & v a [ [ Y < !

sunTeuaziouilofeaziiguiandneiu fie Aewienliiludunmeasidnvunilugusa
Aoutanauuazveuvesieuiieasiisesndnios Felunenduiutewiedeniiuuiliuay
< g O o ' [ = a & 14 14 &
JungSaludnvaesuiearlilugunss danudadeiuazldsennn uasvauvesnouile
ailseendnunn fnlulunuideiiladenlddnuugdAgyresguine lagvihnsinsseenianin

1 v & Y = ax & < P v

eAudnalvesnewilslududuvey d93smstianilunisganuivisuwasrasnulaeain
yaAudnanlldnduvau Fednfinsasunlannulaingaaudnandlduduveutosn
duilvgruldinduiewdelidunsie uazmnlimsisuwlasmuldeingagudnansluds

Y ] o 2y a v & v & Ao < &
Laum@u@]@u‘mﬂﬂqﬂﬂauu@iqu'lﬂjqLUUﬂE]ULuaV]lIIaﬂ']aLUUN%L?Q

2.2 WALATNNDSALINLADS UYL

FuWesaINADILUYTU (Support. Vector Machine : SVM) tuisnsdmsu
° v Aa N ] Y s ¢ A @ aa = o oy
Fuundeyanieuldodrsunsnarslulagiu dunesannmesuusduduisnssouiuuuly

wugi (supervised leaming) @anunsailuuszyndldlanudaminisduundeya (data

o

classification) uag N193ATILRNITANNDY (regression  analysis) N1ITILUNLALTHNDSA

i
£Y 1%

NN HUYTULY IndnnisiiugiuAsaziitnisasislawesinauidveuisaasniuninemin
iga (maximum-margin hyperplane) iieyinn1sanuundeyanindiun uazluvazinediy

WelalawosinaunivauniasnuninenNiantad LHUTeaURAaEAUNUILADIFAKIY

a

wseAsounqudayatn i lvidasiign damunismaunislaesinauwasuuinreusiu

wingau s ianunsaduundeyalaegsiussansnn aandlugui 2.4

JUN 2.4 M3duundeya 2 Aana mednnesainmesuuydy
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2.3 UNeNNYIV9

A5 ATIEIA NN TULATU BT UNUE LS A v T uuITenutaula

v

Wosannsiesizramenntududunsulassuniuszansannaz i udunse dreli

AM5IASIzELAINTUlngAUlIRTA DU LBRAUNR IUUSIUNIIBNLAEABINITNIIUINAULIY

<@ £

WunziSasuunseliduauisaidnsun1snsiainszils lagludaadsuniseidntuLile

1
% =

Juaflauidevainuaitslunisne1euNE e TziLas s nunuziS ad 1 unan 1wl

>e

AU AU TE A A Mg

NANUIVBINTIF I TaITa AT IERIINan v U TN ilelunT

dl' I < % dy a 2 dg‘, % S’j I~ v} 1 [
an eszyindunouilofuazieuiieSedy Wun1sdunnaingusie anyae wagay
VUL LUUNLANANIAUVDININNBULLD A lUNa18UNNIUNINISIATIEVVBITNSTIE NG99
ANNEANEIAla N1TIeseiiuiedldUssaunisal nsHndy wavaAINsianiEne wads

[ o 1

nszdufdalinisdrisianuinUszann 10% vesnouiledeanaalun muunluunsy gneiu

|

waglATenialaginsad@iven Fuilvden false positive Asudnegs uaznauiilediulngnd
MFIATERRANaIatuAzeglun I MaIEILULGgS Jackson et al., 1993) 8ndiaaes
1A a ¢ 1 v dg" a [ 5 I [ % -dy = = = [ < v LA
Wwuln1sAIIzINewlenasdetuduisuiedlamudsslunisiluuziiaauy uwside
Hdniatfewileluiiaaiudy naulanadldlefeuiiosy Gsmnuiianainainnisinsies
Ankunluunsuvesin Sad@medwinnamad Ay 3 Usenis A (1) anyuehuvedniou
WeamnamuunluwnsuiazuUswatudenulidaau (2) dyarusuniunisluninuunlunn
FUFID1UANIINAUNMVBUATOLENYITUAY(3) ANBUZAIALUIIUITNITVRININEIRQULATE

wazldanunsaimszvianignlal (Sivaramakrishna et al., 2002)

TlAduuandiinnsdiaueiznsuainnaiedzlunissuuna i luwn sy
Tawihasuiamasuildlunisimsigiainiuulannsy (mammographic -computer-aided
diagnosis: CAD) liisemanediulsviinisiaueszuu CAD Tunistaediaszinindslsnaly
MSIATEAT ke iiUsEANE A (Cheng et al., 2006; Rangayyan et al., 2007; Elter et al,,
2009) 7luAd8es Oliver (2010) lélauonissuunANMUILLUYeIRuLEeluNT BN

I8N15119a@8A (statistical for breast density segmentation) lAgNAITUIAITUAUIMLUUVD

A

yainwaniglunin 35n1siviinsiiansandnuagianivvestealunmuwuuluwnsy uag
o o I a d' I3 Y} a d' I dy d' d'd 1 %
nsdwunnnesniluuinaiiiduluiuuasusnaniduileloniiaunuiwiugs tagld
wALA PCA kag LDA Tun1s31eunnIn haztinnaulseuiisunu

=

nsfansauveuuafiaula (Region of interest : RON (Hudnisuilstunlely

NSWUIBULUATRIN NN LA TULAEAALDN AN YR UIYAYBINB UL T NI AU ILUUES
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Tngvinnsiansanenududvesinatiafos Inedsnistesyhnisannanlunisuszanana
wezifiuAnuusiunsdunszuIunssuuniesn MsRasNsIEUSIa) ROI T Wunns
thunsdinvesn ez uinatoutoufinnsanwitulaglisndudeddnmuunTuunsy
gualig 350115 region growing Wumadiafildfuegnanirwansunisulsdinvesnimuay
Tuwnsy Tnevinnsudsduvestouliionsnunainitumas Huouazay (1995) Tdvinnswaun
WwAlA semi-automatic region growing %um IﬂEJ%’U@E]uLL'iﬂ%(;ljaﬂﬁm’iLaaﬂﬁm seed
point Tnetin3sdinenrou uda3wi region erowing mutumeuUnd dv3ansiidadunisvh
region growing AedaluiAmsziasiinisdnden seed point Tnetnssdinen

[

3305 feature extraction \Jumpdiafiiiendnuaziid fyves ROl 9naw
wunluunsuesnunneuiiazasluli classifier S1uun Jiane wazany (1998) e feature 7
\Rerfudnuaznedagiuinen (morphological feature) wld Tne feature Uszinniiazus
venfudnumzuesguing mnalds anudaden duseuss uiaudnans uasituiives ROI
uenaINt feature BnUszammisiifdedldunndmsunmuusluunsude texture feature Tng
Iegninaueluauideves Kegelmeyer uagAmMy (1994) Gamuin texture feature LTy
feature Bnszinvnilsfiilowlugtuneunisduun (classification) uda vlslduseansam

[

Tun1sawUNNRYY

Tuduneun1ssuun Campaniniuazane (2004) Tddwwesnnmeduayduly
nssuunnmusluwnsy Taglden erey level wae ROI 91nshedhsiifuiledoritay
wuwdy waziiereund venarnmstddwnesannmesuurdulunissuunuds neural
network MU classifier Bngndlefifiuszavsnin snfegdu Stathaki wasans (1994)
1614 neural network lun1sduunnimusaluunsulagld feature #ildann autoregressive
model WUU#BINA Christoyianni  wazAng (2000) el radial-based function neural

network ¥NN1597uUN feature AlA31N histogram VNN ROl WAALAIN

INATNUYIUITIUNISUTADITRS WUIINUITBAATITe AU TTIMUNANLLS S
WuNmeN1TAsIsiankuLluwn sy nquindediulngaviausiuifaliluniasniufe
1n15911N115U50U T NN UATETEN1TUTEUIANAN TNINAINTIANEY LYW NSRRI
sumunglunImuarnsUSuANUTEE n8e1nTuI A nAYSUUTUa YN SWU BN
VOULUALNDAZRITUNANIZUS U ULLTAgUNAAZAULTNENIAAINUKSS WUNITAN
ROI lng/ 35 region growing meanntudair ROI Ala lUnszuIuns feature extraction @9
<) [ [ d’i’ o A 1 .
WUNITUNDIANWAULLANIeUd ROl 88N3NNNUNAIBY 9 WU morphological  feature,

texture feature Judu drutunsugavinefonszuiuns classification 991nN1SNUNIY
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155aunTIIAAgYeIN TS unNISaAULINUI UnIdediulugavlddnnesanne iy
wazihsoadaisnlunsdwun

o

TuanAdedl

a v

nUsEAAuREAUNLATEdY 9 Andndedneiu uiuuamnanis
U3uU3anmagnsiuunam agianuuaniannauduasfinsdndendnuarddnly
amagdnisfiansundnysznouduldsesnmidudnvusianizvesnmugifaduy
Snvamamzdanfudadeddlinssuunnmisdnesannae suusduiauudue,

497U
Y



unn 3

N1399NUUULAZNAINIISNITIATIZIA NN TUUN TUINDATIRB UL LA 1LY

3.1 ANWUZYDININLUNTULATY

o aa o o

AmsusluunsuidunnatemeSd@nuundlddslunisidadoenisiaun 1ou
npidadunuaznesanmay q lunuiseiduiuiiamualunsufifedesiunzidagum
Iagldn1main University of South Florida Digital Mammography %asqﬂ‘sﬁauua Digital
Database for Screening Mammography (http://marathon.csee.usf.edu/Mammography/
Database.html) fogaiildunanngusosauld 2,500 au Tnefimsifunmussluunsues
Whussudieuazsualuguaes 2 Wuu Ao YamBIlUU MLO (mediolateral view) Faudu
N15a18AINFIETULYIVIN9EET LU 91na1ue1lUAuEIe ey yuueIwuy CC
(caudocranial view) fifunisrnenwssdluninisandruuuddrisasduans Tedivianm

wusluunsuvesthenifeudeliduduneuasiowilede duansiegsluzun 3.1

(A) Aowllensisalugunes MLO (1) Aowllenssaluyunes CC

JUT 3.1 amualuwnsaluguses MLO uag CC
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3.2 NSAULUIAAYDINUIRY

¥
a A (% a

NFOULLIAANANTBIUINBL A NMSHAIUNNATANITIATIERATNULNTLLATY

dl' o

Wednuunuzisuiuulalaednlud® qayamunendndeInisgivaduayunisinsziiay
Fiedtlsrvesivdunme lnssadeiuguressyuuiiteiautuiseneuie 3 diudseneu
Wian Ag

(1) drunsUFulsenw wagnshsiiesfiddyvesnmuaniluunsy

(2) druveslumaildlunsdiuun

(3) drunsusziliunanisinuuniiednuseansnniazanuidunsalunisalun

NUATIU AN AU ANLALANNEILITAA I UNITUINID ST DA N WL NA ARV

Amwanluwnsuwazsmsldlunanisdwuniiivseanian lassaieseuusanslanegun 3.2

Mammogram
Images

= 5

/Pre—Processing N
De-noising (Median Filter)
v
Image Enhancement
‘ (Gamma Correction)
A 4

SIZ

‘Gegmentation

ROI (Region Growing)

~ =

‘/Feature Extraction

Texture | Shape Intensity
| Feature - | Feature * | Histogram Feature
N : =/
|

Classification

Support Vector Machine

=

Malignant Benign

Evaluation

JUN 3.2 nseunsidumsimunmaiianisimszin nwunluun suiedunuL s L
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[

wiazaIuUIENaUVRIsTUUS U el

o luga Image Pre-processing ‘v‘l’mﬁwﬁﬂ%’Uﬂ§ﬂﬂ7w1®81%’3%ﬂ13ﬁ'1€]’m
doyrusuniunglunmeisnalin median filter wazviin1susuls
audmaulnofiuaudualuusnafiaaindueuddeoieviliny
amusafewiolddmaudatu Tunnsionfufivinisusuananudud

Tutsnuiduiundeassie lnaldnalin gamma correction

o luga Segmentation Wudwiviminlunisfuanizdiuniousnaiaig
Maguneuilooonu (region of interest: ROl lmeyiin1sen
(cropped) tamgusnuieuile lnstuneuildisnisgAianududuas

= = U a v a ¥ a . .
Wisuguiuingatmes lagltivela region growing

o luga Feature extraction vimthilun1sasien feature #ne 9 Naula
20n1137n ROI MilgAneanuainamualuunsuway laglulugatiazii
A15M4 feature WMIIMUA 3 UselAn Av texture feature, shape feature

ey intensity histogram feature

o luga Classification tudauivimiilunisduunamiunluwnsud
\Ju benign 138 malignant laeld feature 7% 3 Uszananiuga
Feature extraction Wnasslunadmsunisdawun dwsulugatiayly

wiatla support vector machine Tun1sduun

o luga Evaluation vui?l Ussiluaiuusiunsevedluiag lun1sdnuun
ANWUUTUENTY TASTIINISARINATIMUILUUATSE kay N5 Taevinnng

Wiguiguiuteyanaae

3.3 YUABUNITAUUIUIY

[

NNTOULUIAATEN @ansadunnsaiiivausendudunsuni o laesdl

3.3.1 MsUsuUganImuualamnsu

TngUnAvdinnuadluunsudnasddygyrnusuningainainauninvesgunsally

nssunnvinlvawlidaau dyarusuniulunininuluwnsuidull 2 wuu A dyeyu
= . . Y} P o & < =

FUNIUKUULNLEEY (Gaussian noise) Wagdny 1usuUNIUNIUIAAI%IogAvIRaN 9 nse

al o & a . 5 dy I
SuNIFYYIUTUNIULUUINABLaENIN Y (salt and pepper noise) Tutunauilaziiunis
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UFulgannlagldignismdndyarasuniunisluninaiedsivieuiawes (median filter)
) A A a s Y v < 1 a - a o
nannsveslifsuiiawesfonislantnfavuIadEnY 3x3 finkwanse 5x5 finga deuly
VUANARBINSAdRdausunIu Ineluvaefiideuiumindsuiadnyinminffiuiu
wazdgunUasAiiniga ol 90ta 9 IaeseerAuduEvaIUTIAnFA1IATaUAINANAN
wegluunn anuudsdndendsegiu wanhadseguununaduiineatagdu daulle
ANRIUNTEUIUNTVRAEAEUTALMRTLAY Nnazliaudaudulaedisnvinnuaudalas

vourasnmhile daansiiegnslugui 3.3

(M) Mwnouruivgulawmes (@) ammdwiunsUTuUTImeiiheuiames

sUT 3.3 anneulaznasnsuTulsameilineuilanes

1%
[ Y oA

Junausoliazilunsusuugsnnudaauvesnin Tneiuanududluuinu
1 I~ % dg" d' ) v & a % dy Y QI é’ a v @ o 'y}
A dunouilaiiiarliiiunnusnanauialntaaudey Turaeiieinunvinn1susuan

Y o a Ao & ) 1% ] & vaa .
ANuLNdluusnunuiunatainie Tudunoudazldisuilawnuun (camma  correction)

~ v & P & ANa @ v KX v P X Y

n3UT 3.4 uaasnnneuwisluduanslunsaiidutowioeuasfowiolidunie g
dlewTeuifleusenanagy 3.4(0) - 3.4(0) wag 3.4(A) - 3.6(9) WAIVAUIINTUALUUNLNIYIL
TP nuualuusunade8elautuanundy kaglun1ensafutuus M duNundn

~ Y aNaA Yy A g ) Y o | Y a A v & o Y]
faududndeutiadinfazggnuiuanauidudas daalrusnaniiduieuielinnudaau
X o 4 v o a < U U aa aM Y Py a PR v & Ada
1NNV anvaelannnanItuAINLARILYBWINSIEINeNlnna1Ili7n USailunauiland
A a Y A a & ~ ' a A & an & 2 o
AUAAUNG ANUITLAUSIAITUIZHNNNIUTIAMEY 9 F9sn1slazidulsglusdlunisii

AngnszuIuMsUaunnmze ROl Tuddusield
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(n) () (m) )

JUN 3.4 awneuileluinuu (n) awdeuliesne (v) Anneuileenasainuiulseme
wnuLeesedy (A) Mndeuielidunse @) Mwieulelidunsendainusuugeenis

WA bULNLN

AoudinmluidndnssuInn1sIwunLuUsnluli MuiuazdouBnTunaun

[
v

dAgAeTunounskusveulunnn unsuliinnudndudssainaimuualuinsuiivuie

Tvgjuszanas 3000x4000 Ainwwa uigefiunmdaulaaziluiiesusnateudeniinnuiaund

Wiy deduiiundsduninuualusnsusazusnaidudiuladu 39lddndudesindag
N3EUIUNITTILUN NTEUIUNSHUVBULIAN TRz YIganvwIntaya inlin1sduunvinla

swslukasldiadgymmiheanusidiu luduseuiisiazldisnsnisretefiudivesdiu
A (region growing) #9435 JusNleuldlunsuvsdlunn lngluduneuusntiuazyinnis

¥

ARLEDNANINA1IVRINDULIEE (seed point) 1neldIaN15WgAuNTaen (centroid) 3Mnfau
Weluam Wenuganmilluusnaueureiganina1amse seed region NAZRaNTANFANIN
v a . v Y & v a a1

T1aLAEN (neighbor) AIEN15INMTIANVUIA 3x3 ATBUIANINLY YN NT1AeslaTlAT

v A I

seaudimeglurauunuensvengitui Aevin1ssIuvseveIenufidunwluggatiufes
tu wamaldlndides Avzfinnsangedradssdaly nszuiunsveiediuiiuiiveaning 9z
nsginfiunn 9 seed region  wuvIULIAUNIENIlLAINITOVEIENUTLE NavINNITlY

| & A A 1% Yo PN
ﬂig‘UTUﬂ'ﬁﬂEJ']EJa'J‘U‘WUV]&LUﬂ']WLLﬂJNINLLﬂiNﬂNWUﬂWiLLm‘ULLﬂNNWLLa'J LLEI@QIWNE‘U‘VI 35
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(n) () (A)
JUN 3.5 Hadnsvesnsvengadiuiuiiveanmuasluunsy (n) Awilaannsyuunisuiley

LANNT (W) NNUAINNVLYAIUNUN (A) NNNHALRNITUSIUNDULID

wdenld ROl anmsTmsvensduiuTive s mwgs mntfieenaaudy
Fudhnssuaumssuunensildnssuunlualdin feiunsiesnvarddgluninlag
thanauiAves ROl AiFnoonunainawiasluunsumanvarddy awduisnsiidiel
Uszansnmlunissuunitu drusulunuddeilaldsnuasddyiomnn 3dnvusie

(%
4 A

anvazddgyvesaInatunglunaulile (texture feature) anwauzdAyveIzUsNABULLD

L2 } %

(shape feature) LLazé’ﬂwmzﬁwmyﬁummmLﬁuuﬁmmﬁauﬁja (intensity histogram feature)

dnuard1AUeIAINAI8TSTe texture feature UM IMFULULTBIAINAIEAIN
ROI Tnewnpdindideyldie Gray-Level Co-occurrence Matrix (GLCM) flaridulu GLCM 24
MsfunaLaUIsuiisunsiatuvesaInanertounmisustineinalunn Tneld
AuuadulunisuaninavesnL Al uYeIaInae (contrast)  N1sIARTUIINAUYRY
anane (correlation) sauveiaAraaduiewoafiu (homogeneity) a8sanaIglunIN

WERIAIDE19AN LA INATATUIULURITIN 3.1

A1319% 3.1 Mg sanwauzdIAyvesanalun muuuluLN T

Direction Homogeneity Contrast Correlation
0’ 0.0125 3.0382 0.8074
45° 0.0082 4.0121 0.6369
90° 0.0075 4.0153 0.5988
135° 0.0069 4.7084 0.4613
Average 0.0087 3.9435 0.6261
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anunuzdAnUeIFUIN 138 shape feature Wun1sinAMUlAMIaAUnENUDS

= oA

ROI imannsedunmdlalndeadunndn susrsvestouisliludunsetuasiisusisiineutng

Y

& - S ' Y o N o v Y ' & v A
JunnauvserssnivevAsuinassunseisesndnies wazlunanduiugusrsweailedien
PR 2 a4 & v da < R = oA v a & v
wnemilungiimitaiileemlungiiuaity agiligusrandeutrsdaideiuasveuvesiou
\WovedsesndnAoutiwin datunisunetdanesaediAyvesgusisweuves ROl unduy

anwavdAuse feature Tun1sdunIsaninazdmannelunalun1saunnm

JUN 3.6 wanan1sinaduldaves ROI Miludeuilslisunsnewaziowiesne
Tngvihnislosduaingamunsesdues ROl wazkansaanuidunsvianianulfsseveudy
29U ROl lagagdanaiiuiifeuliedenuasinnundnvseniswdsuwlainulfives
YounmEINNINeuLlelldunsiy waggui 3.7 LanIANLANAI9YBINTINLARIAIINNEN
YodLduYaULAnIgUIIvRiaulloTuuazowilolldunse N X wNUBIAT AdLA 0 DA

§19 360 23A WAL Y WNUTEEEN1INIAIINARINasiLduvey lagfiansaaniz Iy

<)

AeanUeINsMInsasuLlasliiandu 1 ausimnisinszezn19aIngaunseenty

;%

Wduaude 0 89 360 0971 dnwarveInsluzuR 3.7 9zl background knowledge
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ANSNAFIUUSLANSNINYDINITIATITEN UL TURATY

nsnageuUsEansnmUesuITell Tonsvedeumeainuwly (accuracy) A1
sensitivity A1 specificity A1 F-measure tagiunlansin ROC Tunisdnuunainuunluwnsa
ndnewilodsuaznmidnewlelisunsiy lngnan1salunaIgdanas nugNnesaLINMADS

wuvduazgniUTeuiguiuranlandaneIiulaseUszaniieuuazundniug

4.1 doyanldlun1smagau

AIINAFBUNITILUNA NN TNLATUA BN ATANITUTZUIANAA TN TIUAUTN
wasaINmasLuyTy Idvoyauinsgiunmuuuluunsy (Digital Database for Screening
Mammography: DDSM) a1niiulefassunninedewiinassai (University of South
Florida) #adunmszsudmn (grey scale image) ﬁ%’aaﬂamﬂﬂuﬁﬁy’mm 2,500 510 Ineiiis
foyavesauldfififtoudesunmeuasiouolisunsny Ssusznoudedeyanimuuuluunsm
Tu 2 yuues Aennuualuwnsuluyuuswuy MLO  uway armuwunluwnsuluguuesiuy CC
T,ﬂ8114?1'131/161?1%514%51’@LﬁaﬂLawwmwLLquuLLﬂiﬂuymaaLmU CC wiaun 190 A
desnawluyuueauuy CC lifldiuiiuiidonluguuududrswazavinlviazaindenis
Uszanananin anluyguueawuy CC ﬁLﬁaﬂmﬁ?uﬁﬂmal,ﬂmmaaaqﬂﬁju Ao Malignant
(Fowilad1e) wae Benign (fouilelidunse) Insusaznmazdiennunirsoglugag 2,000-
3,600 WNiwa uazAgeegluyae 4,000-6,000 finlea amilwanninuusluwnsulamiules
http://marathon.csee.usf.edu/Mammography/Database.html 1agfag19toyauandsa
57991 4

dosanamusluwnsuildddoudraunelngfaiudsfosiunssuiunisms
Uszanananmnaumelusunsy MATLAB R2013b Taeldasnisdineuilanes wnuuiaoLse
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U A =

FU WALNISVLINUNVBININNDARLADNRNIZUS AN NN WL NaUlY nasa1ntuIavinng

= o

Aednuauzd1Ayveann 3 Ussan sanundudeyadiardausenaudisdeyadnuiu 21

meduy Inepaduiln 1 15 Wudnwuzddauesainats Aoaui 16 — 19 [Wudnuauzdfny

I

YoInTdalannsy way poauin 20 WudnvardiAguesgusis wazaaduui 21 1y

[

nglavRaTd sigastduaneautazulanenisned 4.2 uaviansiiegetayadnuazd1fy
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VDINNLULTULASUINUIU 16 F10819LRRIn15197 4.3
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A13197 4.1 fregetoyaninuualuinsuain DDSM luguueawuy CC

Class: Malignant

Size: 3520 X 5970

Class: Malignant

Size: 2360 X 4730

Class: Malignant

Size: 2210 X 4430

Class: Benign

Size: 2920 X 5370

Class: Benign

Size: 3080 X 4600

Class: Benign

Size: 2700 X 4800
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A19799 4.2 FDADANULAZAMUNNIEVDIS N UL AIAYTOINWLLLTULATH

v

Seuf | Temodud A195UNe
1 Cont0 ANNTALIUYDIaInagluTiANIg O 99
2 | Contd5 ANUTALIUTRIaIna8luiANIg 45 a9l
3 | Cont90 ANTALIUYDIaInagluTIANNg 90 BaF
4 | Contl135 ANUTALIUTDIAInA8lURANIS 135 DaF
5 | HomoO amududoienfuvesananglufiama 0 aeen
6 Homod5 auduieerfuvesananslufidnie 45 seen
7 | Homo90 auduieeatuvesanarslufidnis 90 seen
8 | Homo135 amuduideienfuvesminansluiinma 135 aeen
9 Corr0 nsinTusaNAuvesatnanelufiamig 0 e
10 | Corrd5 M5t uTLRuetaInanslufieni 45 o
11 | Corr90 nsinTusaNAuvesarnanglufiamig 90 asen
12 | Corrl3s M5t uTesaInanslufiFne 135 o
13 | Avg Cont AaduALTAIUTeIaInaTY
14 | Avg Corr Auadseuduieneaiuresanae
15 | Avg Homo Aadsmsintus i uTeaInans
16 | Hist Avg AadgveInsNBalaLnsy
17 | Hist Var AIANUKUTUTIURINT M BalaLNTY
18 | Hist Skew | AiAnuidvasnsmdalaunsy
19 | Hist Kur AMUlAsTaInIINBalaLNTY
20 | Peak No S1unugaenueInIMATinIsUAsUlAS
21 | Class No WUaUAaTE 0 MU8D9 Benign wag 1 #u1883 Malignant
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o £ A & LY o w [ Y 1
$1919% 4.3 SUBHEW]Lﬂuaﬂ‘lﬁmgﬁ’m@fﬂﬂﬂﬂ’]‘wLLZLIELII&JLLﬂiiJ%WU'Ju 16 #1398

Homo135

Cont0
Cont45
Cont90
Cont135
HomoO
Homo45
Home90
Corrd5
Corr90

Corr0

0.18938]| 0.18938] 0.16691| 0.16691] 0.16411] 0.16411{ 0.17065] 0.1/065] 0.90531{ 0.90531] 0.91654
0.19237] 0.19237] 0.16828| 0.16828| 0.14315]| 0.14315[ 0.14983] 0.14983] 0.90382( 0.90382] 0.91586
0.19345] 0.19345] 0.17137| 0.17137] 0.1722] 0.1722{ 0.17933] 0.17933] 0.90328| 0.90328] 0.91432
0.18832| 0.18832| 0.1646| 0.1646| 0.18784| 0.18784[ 0.19516] 0.19516| 0.90584( 0.90584] 0.9177
0.28341| 0.28341| 0.23972| 0.23972| 0.14308]| 0.14308| 0.15062] 0.15062| 0.8583[ 0.8583| 0.88014
0.34413] 0.34413] 0.29337| 0.29337] 0.12725] 0.12725( 0.13512] 0.13512] 0.82/793| 0.82/93] 0.85332
0.22431] 0.22431] 0.19614| 0.19614] 0.12336] 0.12336( 0.13028] 0.13028] 0.88785[ 0.88785] 0.90194
0.22187| 0.22187] 0.19291| 0.19291] 0.16631] 0.16631| 0.17544] 0.17544] 0.88906( 0.88906] 0.90355
0.22003| 0.22003]| 0.18898| 0.18898| 0.16183]| 0.16183 0.1706] 0.1706] 0.88999( 0.88999| 0.90552
0.19232] 0.19232]| 0.16818| 0.16818] 0.13818] 0.13818| 0.14508] 0.14508| 0.90384| 0.90384] 0.91551
0.16097] 0.16097] 0.14563| 0.14563| 0.1625] 0.1625[ 0.16/746] 0.16746] 0.91951( 0.91951} 0.92719
0.14913] 0.14913] 0.13389| 0.13389| 0.18883| 0.18883[ 0.1927] 0.1927] 0.92547( 0.92547] 0.93308
0.18339]| 0.18339] 0.1586| 0.1586| 0.1211] 0.1211[ 0.12644] 0.12644] 0.9083 0.9083] 0.9207
0.22083| 0.22083]| 0.19004| 0.19004| 0.10329] 0.10329( 0.10928] 0.10928] 0.88959( 0.88959] 0.90549
0.20889| 0.20889| 0.17947| 0.17947| 0.11775| 0.11775[ 0.12475] 0.12475] 0.89556( 0.89556| 0.91027
0.19323| 0.19323| 0.1674| 0.1674| 0.16154| 0.16154| 0.16958| 0.16958| 0.90338| 0.90338] 0.9163

4.2 asiuyadeysandnuauzddyveszuie (Additional Data from Shape
Feature: ADSF)

NN5971 4.3 sgiituindnvardAgueiguisaziifissudneduiilfisfonodu
o Peak No lasdndnaumariiliunainisnmamansasdidyaessine dadunisia
szpphsnnaEusesAluSaduvauvassunw udsaintuivinsiuadsulfseady
younansgusnoonudusuavduandunisned 4.3 Wesandnvurddguosguiidy
aedutl Peak No flaludnszuiunssuuniufudnuurdfagdu 9 wduseansnm

nsuungalifuinans dudsihmsiuiudnuazddyvesgusilagnien threshold
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wingauvestayalumedul Peak _No seninieuilslidunseiuieuiiedunsie 35n1sm

[
Y a

A1 Threshold Aivsngauyinléiadl
1) Wdeyasinaeaul Peak No 91nAad Benign uwaemnsnndalaunsy
2) feyaainmeduil Peak_No 31nAana Malignant unndennsivdalawnsy
3) e threshold  Aiunzanlnegainuinadnsmsalaunsuisassilsding
Fouviuiu (Overlapping) é‘fmamiugﬂﬁ 4.1
9) \flolden threshold udnthendluiduerlumaifiugndeyadnunzddyuos
5U1e Tnefiansanainmedut Peak no iigufiuan threshold wne1 Peak_no fiA1aenin
A1 threshold  Tifvinsifindaiay 1 unufineduy Peak no  sevingludnidusiuau 20
AR uarMINAT Peak no diAunndwdewiiuen threshold Tvinisiiudaiay 100

wnufineduy Peak no Aevineludnidudiua 20 Aeduudwuandlugui 4.2

UM 4.1 nymidalaunsuaninnudveaiinseniniauiledunsiguasfeuialisunse

Threshold = 50

Peak_no 1 2 3 4 . 17 18 19 20
48 1 1 1 Y m XL N 1 1 1
39 1 1 1 T O | 1 1 1
42 1 1 1 1 || 1 1 1 1
50 100 | 100 | 100 | 100 |........| 100 | 100 | 100 | 100
63 100 | 100 | 100 | 100 |.......| 100 | 100 | 100 | 100
114 | 100 | 100 | 100 | 100 |....... | 100 | 100 | 100 | 100

JUN 4.2 uansmsiiiuyadeyaannmsiansandalaunsudnuaedfnuegusng
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4.3 wan1snAaauUIEaANSAIWATTILUNATWLINTILATY

nMsnageUYsEANEAMmMMsT LU EazUT UL ieuseAALil (accuracy) A1
sensitivity A1 specificity A1 F-measure wazituiilénsin ROC lunsduundeyaninuuuly
WATNVRIOANDITIN 3 LUU taun dnnesaninmesuusdu (nesiuaiendusiasinoaluda)
TassreUszamiiion uag udviug doyaildmaaeunvaiu deyadililunisilnaeu (train
data) $1uan 133 daya (70% 970 190 n1w) Taswdadunmiowdedunsesiuan 77 am
(Rana Malignant) wazAeudiolidunsnesiuau 56 aw (Aa1d Benign) LLam’J’a%am%’wmaaU
(test data) $1uau 579033 (30% 910 190 ) Tnsuvadunmiouilesuaseduu 33

AN haznaulalidunsiesnuiu 24 An

[
[ Y

lun1snegeulssaninmayldveyadnuaediAgns 3 wuuRsanuud Ay e

o

sUTLUULNYAYea dnuuzd1AyUeIaInaty Lazdnuued1Ayrensndalaunsy

[
1% =

(ADSF, Texture, Histogram %58 ADSF-TH) 1Judayaidn doyaiiusznouse 39 modul

[y & v o w

(AnwUrdIAY109aIAa 8T IUIL 15 ABANN anvurdIAyYaInIINBalaLATuTIuIUL 4

<

v

AoRY Lavdnwuzd1AyveIsUSIIUUNYATeLa 20 Aonul) lnududeyanaaaudnuiy
57 4ayadniie 2 Aand wan1snaaeulsEansa nLansludnuaieuaInise confusion
matrix Af9915197 4.4-4.6 BIMAAIHANTNAFBUTILUNAILTANBITUNITIHUNTUANAATTY

3 9anasny

A15199 4.4 HANNTIUNNINLULLULNTUAILTNNDITALINLAD T UTTU

A1939 (Actual)

Positive Negative
AU | Positive | True Positive (TP) | False Positive (FP) | Accuracy
(Predict) =31 =2 =((31+22) /
Negative | False Negative (FN) | True Negative (TN) (31+22+2+2))*100
=2 =22 = 92.98%
Precision Sensitivity Specificity F-measure
=31/(31+2) =(31/(31+2))*100 | =(22/(2+22))*100 | = (2X0.9394X0.9394) /
=0.9394 = 93.94% =91.67% (0.9394+0.9394)
= 0.9394
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A1939 (Actual)

Positive Negative
AINUNe | Positive | True Positive (TP) | False Positive (FP) | Accuracy
(Predict) =30 =3 =((30+21) /
Negative | False Negative (FN) | True Negative (TN) (30+21+3+3))*100

=3 - 21 = 89.47%
Precision Sensitivity Specificity F-measure
=30/ (30+3) =(30/(30+3))*100 | =(21/(3+21))*100 | = (2X0.9091X0.9091) /
=0.9091 =90.91% = 87.50% (0.9091+0.9091)

= 0.9091
9\’15’1\‘1‘171 4.6 Naﬂqi"ﬂo']LL‘LJﬂﬂ'TWLLJJEJIZJLLﬂi@JG?]J'JEJu'@WLUé
A1239 (Actual)
Positive Negative
AWM | Positive | True Positive (TP) | False Positive (FP) | Accuracy
(Predict) =27 =6 =((27+20) /
Negative | False Negative (FN) | True Negative (TN) (27+20+6+4))*100

-4 = 20 = 82.45%
Precision Sensitivity Specificity F-measure
=27/ (27+6) =(27/(27+4))*100 | =(20/(6+20))*100 | = (2X0.8182X0.8710) /
=0.8182 = 87.10% =79.92% (0.8182+0.8710)

= 0.8438

a [ a & LY ¥ A a d' J
NANITNAADINBAAIAINITINN 4.4-4.6 LUUﬂWiVI@ﬁ@UﬂU‘QWU@NﬂﬁWLi?Jﬂ'sU’eJ'J’]

ADSF-TH Fuludeyaisudnuazdrgyuesgusisuvuiingadeya (Additional Data from

Shape Feature: ADSF) dnwazaAQuadaInans (

o w

o w

texture) Waranwuzd1AgyraInswdals

. A & & o a a a ) v Y a
wn3u (histogram) IWBLUUNITBUEUUTZANTAINVDILUIAANTITUIUUTNUBYaMIULNAUANIT

av A

UIZUIANANIN WYY

[

lanaasuuSsuiisuiugateyatndnieriuwdldiineiveyad

o w

Usznaume dnwazdidguesguiawuuliiiinyadeya (shape) dnvuzdAnyveminae

=

<

' ¥
=

(texture) uazanwugdAyvanTFalaunsu (histogram) uaziSuneyateyailin STH ua

[

Y

N3NAaUUIEANSAINNITTUNNNRLNLILNTAIEAINUNALANTIW ROC Senineyndoya

ADSF-TH wazandieya STH uansléifasuil 4.3 uay 4.4 anudnei
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SMADSF-TH)= 0.4 AMN{ADSF-TH)= 0.89 Naive(ADZF-TH)= 0.83
T

T T T T T T T T T T
“] S S _r/ : - : #‘__ -
e -
ak]
BogpL. ol e _
ek}
=
R I = O P 4
(]
j=5
L I T - S P
e : : :
'_
........................................................ — SYMIADSF-TH) ||
: : : : i ] : — — = ANNADZSF-TH)
Of-ieee ....... T ....... . . B Maive[ADSF-TH) H
! 1 1 ] i 1 T T

1] o1 02 03 04 05 0B 07 085 09 1
False positive rate

g‘uﬁ 4.3 fiuiildns ROC Tngldidnwaizddayuuy ADSF-TH

SYM(STH)= 0,85 ANN(STH= 0.81 Naive(STH)= 0.74

=
a3

True positive rate
]
m

0.4
0.3
0.2 ; :
AR o] . | o]l SVM(ETH) |
' g — — — ANN{STH)
Ohecie.d R L P T SR P . — - Maive(STHI H
1 1 1 I i 1 I 1 T T T
] 0.1 02 03 04 05 06 0OF 08 09 1
Falze positive rate
5UN 4.4 Wunldns ROC Taglddnuazddayuuy STH
TunsaileWiaesuuy ADSF-TH (SUT 4.3) 8anasSAusnnasaIntaeskuydulim

Y

WNulansMROC wniign Ao 0.94 sosasunludanasiiulasainayssamiionliaiunle

o w v

N3 0.89 uazandugavefedanasiuudniug TiAuilansn 0.83 dmiunsalldteya

anvauedAyLUU STH (3UT 4.4) danasfiudnnesanimeswuediu afiunldnsan ROC
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(% '
=1 .t

wnfgaguieniufe 0.86 sosawwndudanasiinlasstneussamiioulipnunldnsn
081 uazdrdugavnupedanasiuu1dniug Widnuildansin 0.74  fatuisasuladn
v a = U s s ST a a o aa A ydy o v

ganesfudunainnmesiueduivssaninmlunisduuninanfelanuinlansin ROC 1n
ign waglvien False Positive Rate #ian@adannlaainnisnngin ROC ayudieuuuInyian

sala I

wagnsallddeyadnuudfniuy ADSF-TH likadwsAnnIuy STH

M1519% 4.7 LanIn1slUIEuUBUAIAINLLLIY AN Sensitivity ASpecificity A1 F-
measure kag NUNLANIIN ROC 581319 3 9aNo371ULUNANUaNwaL L85k UU ADSF-TH
WALWUU STH 91nA1andlun1s19slmiiuinnIsantunmednnasanmaswusdy taely

Joyaananuazdfuy ADSF-TH lriAngeigalunnau

a1519t 4.7 Wisuifeuen Accuracy Sensitivity Specificity F-measure uag AUC

Algorithm | Features | Accuracy | Sensitivity | Specificity | F-measure | AUC
ADSF-TH 92.98% 93.94% 91.67% 93.94% 0.94

> STH 87.72% 90.63% 84.00% 89.23% 0.86
ADSF-TH 89.47% 90.91% 87.50% 90.91% 0.89

AN STH 84.21% 87.50% 80.00% 86.15% 0.81
Naive ADSF-TH 82.45% 87.10% 79.92% 84.38% 0.83
Bayes STH 78.95% 83.87% 73.08% 81.25% 0.74

4.4 aAUs1eNa

PNuan1INaaeulsEavEamnsTwunanuisluunsulagldnsusEaranm
Suwdudnnesannnesiurdy lavinmageuivtayaninuaalannsudiuiu 190 a1nlag
Usenaudigdayanin 2 aata Ae feuliad1guss (malignant) uazieuilelidunsie

(benign) nszuruMsUsEaIananInlagniunly WevinshsanzdnuazdAyveInIn

a a

Aeutdeyaluidinssuiunisiiunuazyseiliudsednsam aunseasuranisvnasy

¥
Yo a

Wsueulana

o v o

1) nsUszaranmn gldisnismindymiusuniulunmiiedinsesisegiu

a A

A1SWLALYAILALLT HAZNISVLILAIUVDINUN Tnarirlvdouan niivurndnas wagvialv

Y

¥
a A ¥ 1

anansofsinuzddnvasnmeeninlnd1edu Metliteandfveyaneuitinsruiun1sdwun
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= v Y @ v aa aa I = ! a a
Lu@ﬂ‘ﬂ']ﬂsﬂ'ﬂ%aﬂj']llLmﬂasﬂaﬂﬂq‘wL‘Uum@yjamﬂ‘ﬂu’]ﬂmmlﬁiy]ﬂqﬂ ?jﬁaﬂwam@ﬂigﬁWﬁﬂ'}WIUﬂ'ﬁ

TIUNEABAT

2) anwagdAy 3 Yssanimhanldlunisdwun loun dnuazdidgyuegusis

LuuiiNYRteya dnward1fyreaInaly wavdnvazdiAyvensindalaunsy Wudeyad

'
S o o w

dAgvinlinsdnuuniiuseansan nglanized19ds anyugd1AyvagUTIluuLiiuYa

1% =

Joya Fuludrvsvenanundnvesdeuile wazsiludnvazdidginlinisdiwund

Y

UsednsnniiuannTusgeiitiodfgy

¥ Y U s

3) NI LUNAINLULILLNTUAYDANDSNUTNNDSALINLADTLUTTULAe T ADS

(%
[ Y o 1Y )

wailsnduwuuisiealuda Tngldanuaed1Aye 3 WU Ae dnuazd1AyUeIgUTIRUULIY

yalaya dnvardAyvetatnay wazdnvugdiAyvesdalaunsy Iiussansainlunis

FuunANan WewSeuiiguiudn 2 danasiiy Ae lassigussamiiey wag wianiug lng
NNSTIUUNAILTNNDIALINLAB SUUTTULARAIANULNU=92.98% A1 Sensitivity=93.94% A1

Specificity=91.67% fn F-measure=93.94% uag Auiiléns W ROC=0.94
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fhiraula TngldtuneudslumsimameusnateudelunmuusluwnsiilotuUssanana
p¥annlduinuveuwaiiaulauds dunsunisiuuganmiiddludugaieionism

[
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anwarddguessUuuingateyaiia Junsiinumnlituusnaddglunimwualy

WATN SnwazdIAYVOIAINAIE LazanyuzdIAyveBalaunTy Tudumeurasmssuunnw
stmafouiiesunsne (malignant) uazfeuielldunsne (benien) Snwazdfayis 3 wuu
sxgninluliiludeyausenaunisdiwun

nuAseildnsSuundeyauuuifaeu Tnsdenlfmedadnmosannime fuuydy
ilesnisdwnesannmesurduislilunisduundoyanin wazannsdmassunssy
wuimadadnnesmnnmesuusduliaianuwiugiganitmaiedy § anuusiugivosin
wosnnnwesuedy Iinanmadenlfirefiuailsrtulsmansuvuiitenvastoyalugssum
fumngaufumssuundeyausiasussan middeilfinosivailaiduuuuinioauaadenn
nan1svnasudasiunuiliauusiuglunssuunanusluunsuldfian uazldviins
Wisuieuuseansamnisduunsenitanadadunesannmesiugduiuimadansiiwun
wuUdY 9 1w Tnssieussamiiennarundviud Tnenuinsindnsasd dnueasusnauuy
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ABSTRACT. Mammography is an extraordinary type of low-powered z-ray process that
provides detailed images of the internal structure of the breast. An early detection of
breast cancer by means of mammography results in a successful treatment. Many re-
searches show that the dense masses in the breast density are one of the strongest indica-
tors of breast cancer developing. In this paper, we propose an approach to automatically
appraise the density and contrast of breast images using gamma correction to increase
the intensity of dense pixels with light intensity and vice versa to decrease the sparse in-
tensity pizels showing dark intensity. In the segmentation process, we use region growing
technique to get region of interest. We also extract three important features including
texture, shape, and intensity histogram. In the classification process, we use SVM to
classify tumor into two classes: malignant and benign. Moreover, we also compare the
SVM classification result to the Naive Bays and artificial neural network techniques. In
clustering process, we use the k-means algorithm to cluster image into 2 categories: ma-
lignant and benign. The results of classification and clustering show that our proposed
work can classify and cluster two types of mammography images after the appropriate
application of gamma correction feature extraction process.

Keywords: Image segmentation, Image classification, Image clustering, k-means, Sup-
port vector machine

1. Introduction. Breast cancer is a dangerous type of tumor originated from breast tis-
sue. The most effective way to detect breast cancer is through the breast mammogram
screening. However, the major limitation for mammography diagnosis is its sensitivity
because interpreting mammography is a labor-intensive task for radiologists who can-
not always offer stable results during interpreting. Many methodologies have thus been
proposed to solve this uncertain interpretation problem by providing assistance to the
advanced cancer detection and diagnosis tools.

The statistical approach has been proposed [1]. The authors provide connected density
clusters taking the spatial information of the breast tissue into account. Quantitative and
qualitative results show that their approach is able to correctly detect dense breasts apart
from other tissue types. A methodology that is based on modeling a set of patched of
either fatty or dense parenchyma using statistical analysis has been presented [2]. The
two strategies, PCA and linear-discriminant analysis, are applied in the modeling process.
In the work of [3], they use mixtures of Gaussian for modeling and segmenting the breast
into four and five regions, respectively. However, these approaches do not take spatial
information into account resulting in too many disconnected regions. Thus, the work
of [4] has included a fuzzy affinity function in their proposed method, while [5] employs
textural features to take the spatial distribution of the pixel and its neighborhood. Some
researchers [6,7] use region growing, which is the region-based segmentation method. In
the work of [8], they use region growing method based on the gradients and variances along
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and inside of the boundary curve. Some researchers use edge and smoothness factors as
criteria to determine initial seed points and then seeded region growing method is used
to segment images based on seed regions [9)].

In our proposed method, we use gamma correction to enhance the image contrast. In
segmentation process, we use a well-known region growing method to find the ROI and
then crop the image to consider only the tumor region. The unnecessary background
has been removed in this process. After that we extract three types of feature and input
digital data to the classification and clustering process. The performance of the proposed
image classification approach has been evaluated by comparing the accuracy with some
state of the art classification algorithms.

2. Proposed Work. In the proposed work, we have divided our process into five main
parts: image preprocessing, segmentation, feature extraction, classification, and cluster-
ing. Figure 1 shows the framework of this research.

F1GURE 1. The framework of the proposed tumor recognition system

2.1. Image preprocessing. Mammogram images usually contain noises because of dis-
turbances like Gaussian noise or some little darkness and brightness noise called salt and
pepper noise. We use median filter to remove these noises. The output of this de-noising
step is the clear images that are appropriate for further processing.

The next step of image preprocessing is image enhancement. We adjust the brightness
and darkness of images using gamma correction algorithm. Figure 2 shows the original
images of malignant and benign cases comparing to the improved results after applying
the gamma correction technique. The gamma correction helps contrasting the tumor area
from the fatty area.

2.2. Segmentation. This process separates the tumor areas from the background tissue
in mammogram images. In this step, we apply the region growing segmentation method.
Region growing is a region-based method starting with selecting seed points in the image,
then propagating seeds until the specified stopping criteria are satisfied. Appropriate seed
point selection is important. Therefore, in our proposed work, we select seed point using
the centroid of object computed from area and position of object (centroid), as shown in
Equation (1).

2222 dWi, gl

Area

2222 Wi, j

Area

Centroid 7=

(1)

where W is the white pixel in the image, Area is summation of white pixels, and ¢, j are the
position of white pixel. After the region growing process, we will get the region of interest
(ROI, white pixels) and then we crop only the ROI (Figure 3) removing background that
may affect the classification and clustering process.

:’7:
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(a) (b) () (d)

FIGURE 2. Breast tumor images: (a) original malignant case, (b) malignant
image after gamma correction, (c¢) original benign case, (d) benign image
after gamma correction

(a) (b) (c)

FIGURE 3. The result of region growing and the cropped image: (a) gamma
corrected image, (b) the image after applying region growing technique, (c)
cropped image

2.3. Feature extraction. In this work, we extract three types of features: texture,
shape, and intensity histogram features.

1). Texture Features

Texture is one of the important features used in identifying objects in an image. Texture
features are based on the gray-level co-occurrence matrix (GLCM). The GLCM function
characterizes the texture of an image by calculating how often pairs of pixels with specific
values and in a specified spatial relationship occur in an image. We create a GLCM, and
then extract from the matrix statistical measures such as contrast, correlation, energy,
and homogeneity.

2). Shape Features

We extract shape feature using the percentage of curvature. First we drag lines from
centroid to every edge pixel and then measure distance and angle from centroid to every
edge pixel. After that, we plot the graph with angle along the x-axis and distance on the
y-axis. From the graph, we can notice difference of curvature because of the distinct shape
of malignant and benign tumors. We also do the normalization to find the percentage of
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curvature. As a result, we get the different percentage of curvature between malignant
and benign cases. We observe that malignant tumor shows many curves along its contour
and we can get the percentage of peak in this graph. On the contrary, benign tumor
has less curves than the malignant contour. Figure 4 illustrates example of curvature
measurement. Figure 5 shows the different graph of curvature between malignant and
benign contours.

(b)

FIGURE 4. Measuring the curvature: (a) malignant shape, (b) benign shape

(b)

FIGURE 5. Graph of curvature: (a) malignant contour, (b) benign contour
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3). Intensity Histogram Features

The shape of the intensity histogram features provides much information to describe
the properties of the image. Six statistic features obtained from the histogram are mean,
variance, skewness, kurtosis, energy, and entropy. The mean is the average intensity level,
whereas the variance is the variation of intensities around the mean. The skewness shows
whether the histogram is symmetric. The histogram is symmetrical if the skewness is
Zero.

2.4. Classification. We use support vector machine (SVM) with radial basis function
(RBF) kernel to classify the mammogram images using three features including texture,
shape (percentage of curvature), and intensity histogram. In the SVM training process,
we train SVM with 56 images (70% of 80 images selected from the DDSM database).
In the evaluation process, the rest 24 images are used for testing. Training and testing
images have been preprocessed through the same steps. We also use Naive Bays and
artificial neural network (ANN) in the classification process to compare the performance
with SVM.

2.5. Clustering. In the clustering process, we use k-means algorithm (k = 2) to cluster
the mammogram images. We also use the same three features (texture, shape, intensity
histogram) as in the classification process. By means of this feature section process, we
have noticed that k-means can accurately cluster images into the correct class.

3. Experimental Results. In this proposed work, we use data set from DDSM (digital
database for screening mammography). We have selected from DDSM 80 images that
include both cases of tumor, that is, malignant and benign (each case containing 40
images). This work has been implemented using MATLAB and R language. We run
our experiments on a core i5/2.4 GHZ computer with 4 GB RAM. In the classification
process, we compare our proposed method using SVM with Naive Bays and ANN.

It can be noticed from the classification results summarized in Table 1 that the accuracy
on recognizing the benign and malignant images of the SVM (with RBF kernel) shows
the highest rate at 88.75%. In other two classification algorithms using Naive Bays and
ANN, the accuracy are 82.50% and 86.25%, respectively. We can conclude from this result
that our proposed work using three types of feature and SVM classification has a higher
accuracy than Naive Bays and ANN. We also show in Figure 6 the area under curve
(AUC) of the three classifiers: SVM, Naive Bays, and ANN. As a result, SVM, Naive
Bays, and ANN show AUC value as 0.87, 0.83, and 0.85, respectively. The AUC closer to
1 is the better.

TABLE 1. Classification results for three learning algorithms

Accuracy (%) | AUC

SVM (with RBF kernel) 88.75 0.87
Naive Bays 82.50 0.83

ANN (artificial neural network) 86.25 0.85

From the result of clustering process using k-means with k = 2 (according to the two
classes of images: benign and malignant) which is illustrated in Table 2, we obtain the
image recognition accuracy as high as 90.00%. This means that k-means clustering can
cluster the data to their actual class accurately. This good clustering result may be due
to the effect of image preprocessing steps and the proper setting of cluster number.

Figure 7(a) demonstrates the plot of two cluster components: malignant and benign
cases. The two-dimensional clustering plot of the two clusters and lines show the distance
between clusters. Clustering shows a good result because it can clearly separate two
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FIGURE 6. Area under curve of three classifiers

TABLE 2. Clustering result using k-means

Benign | Malignant
| Cluster 1 (Benign) 35 3
| Cluster 2 (Malignant) 5 37
clusplot{pam(x =img2, k = 2)) Silhouette plot of pam(x =img2, k = 2)
n=280 2 clusters C;
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(a) (b)

FIGURE 7. k-means clustering results: (a) two components of clustering
plot, (b) silhouette plot when k = 2

clusters, corresponding to the correct two classes. From the silhouette plot in Figure
7(b), the width of clusters, S;, are 0.30 and 0.76. The average silhouette width is 0.55.

4. Conclusions. Mammography classification using support vector machine with image
enhancement and three types of extracted features that we proposed in our framework
is the main contribution of this paper. Mammography images are obtained from the
well-known DDSM database. Image enhancement using gamma correction can improve
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contrast of mammogram images to be seen clearly. We extract the region of interest (ROI)
using region growing that can help the cropping of only the tumor object and at the same
time eliminate the unnecessary background. After the ROI extraction, the three types of
image features including texture, shape, and intensity histogram can be constructed. The
processed images are then sent as input to the classification process using SVM with RBF
kernel. The classification accuracy of SVM (88.75%) is higher than the ANN (86.25%)
and Naive Bays (82.50%) classifiers.

We also apply exactly the same image preprocessing steps but change from the classifi-
cation algorithms to be the k-means clustering. We have found that k-means can cluster
the mammography images correctly. It clusters images into a group of malignant and
benign cases with the accuracy as high as 90.00%.
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Abstract— Breast cancer is the malignant tumor occurred
mostly in women. Even though breast cancer can be fatal, the
patient’s survival rate could be as high as 90% if it is detected
at the early stage of development. Mammography, ultrasound,
and magnetic resonance imaging are examples of screening test
for breast cancer. However, to precisely and correctly interpret
these images, the medical expertise of radiologists is essential.
At present with the matured machine learning techniques,
computerized methods can be applied to assist tumor
diagnosis, such as the classification between benign and
malignant types of tumor. We present in this paper the image-
preprocessing and the optimized parametric techniques to help
improving accuracy of benign-malignant classification from
mammogram images. For the image-preprocessing, we used
median filter for noise reduction and gamma correction for
image brightness adjustment. We also used region growing
technique to find the region of interest, then we extracted three
groups of potentially discriminative features: texture feature,
shape feature, and intensity histogram feature. After the
image-preprocessing, we performed parameter optimization
using genetic algorithm prior to the classification done by
support vector machine. The results showed that with the
appropriate feature selection and the optimal parameter
adjustment, the support vector machine can improve its
accuracy from 89.47% into 92.98% for mammogram image
classification.

Index Terms— Parameter Optimization, Genetic Algorithm,
Mammogram Images Classification, Support Vector Machine.
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I. INTRODUCTION

Among diagnosed cancers in women, breast cancer is the
most prominent type and it can be deadly. Usually, early
tumor diagnosis can improve survival rate and help the
preparation for appropriate treatment. Breast cancer
detection can be done through the ultrasound screening [1],
magnetic resonance imaging [2], and mammography [3].
The background knowledge for screening cancerous cases is
that for the benign (or non-harmful) cases, tumor shapes are
regularly round and smooth. On the contrary, for the
malignant (or harmful) breast cancer cases, tumors tend to
demonstrate irregular and undulated shapes [4].

During the last years, many researchers used
mammogram images for breast cancer diagnosis. However,
the mammogram images always have noise. The effect of
noise is that it can blur some important parts in the images
(some points or pixels in images that are normal tissue
might look like tumor).

Currently, there are many techniques for de-noise
(remove noise) such as image enhancement [5], image
segmentation [6], and image feature extraction [7]. It can
improve the accuracy for classifying between benign and
malignant tumors.

At present, there are many efficient automatic techniques
for classification such as decision tree learning, artificial
neural network, support vector machine, and many more.
Among the existing techniques, support vector machine is
generally the most accurate one. If we apply techniques for
de-noising and then adopt support vector machine algorithm
with the optimized parameters for classification, it can
intuitively improve performance of mammogram image
classification.

In this paper, we thus propose parameter optimization for
support vector machine to classify mammogram image. The
goal of this research is to improve the breast cancer
classification performance. We apply genetic algorithm for
parameter optimization (parameters C, epsilon, and gamma
to be used in the support vector machine). We pre-process
the images by de-noising with the median filter technique,
adjusting image intensity with the gamma correction
technique, then finding the region of interest to choose only
the potential area for cancerous cell detection with region
growing technique, and finally performing feature extraction
to contain texture feature, shape feature, and intensity
histogram.
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II. MATERIALS AND METHODS

A. Median Filter

The intuitive idea of median filter is that some pixels in
the image may contain noise and this noise can be detected
through its extreme value that does not get along with the
surrounding pixels. The median filter method [8] to handle
noisy pixel is thus to create a small window frame for
normalizing a specific pixel value within that frame (in this
work, we set the size of a window to be 3x3 pixels). During
the filtration process, a small window is moved along the
pixel grid within the image. At each position of a window
frame, all the pixel values (i.e., nine values for our 3x3
frame) within the frame are sorted. The median pixel value
is then used to replace the existing pixel value. Example of a
median filter process is illustrated in fig 1.

B. Gamma Correction

Gamma correction [9] can enhance the contrast of the
image. It has value between 0 to 1, where 0 means darkness
(black color) and 1 means the brightness (white color).
Given the parameter y as the encoding or decoding value,
we can compute the value of gamma correction with the
formula given in equation (1).

1
Corrected = 255 (%)(7) (1)

Note that if y > 1, it is called a decoding gamma in which
the shadow in that image will be set darker. For y < 1, it is
called an encoding gamma and will be used to make the
dark region to be lighter.

C. Region Growing

Region growing [10] is applied to choose only specific
are of interest by merging surrounding areas with similar
intensity. The process starts by setting the seed point, which
is normally the middle point (or middle pixel) in the image
and then compare the intensity value of that point with the
intensity values of the neighbor pixels. If the values are in
the same class, we then increase the size of the region.
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Fig 1. Demonstration of the median filter process
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When the growth of one region stops, we then select another
seed pixel outside the area previously processed.

D. Texture Feature

Texture feature [11] can help to identify the object in the
image. Texture in the image can describe the physical
properties (such as shape, curve) and can help to split
different objects in an image. We can find texture feature
with Grey Level Co-occurrence Matrix (GLCM).

E. Intensity Histogram Feature

Intensity histogram feature is used for describing the
properties of the image. In this work, we consider four
statistical features that can be obtained from the histogram.
These statistics are mean, variance, skewness and kurtosis.

Mean is an average intensity level. Variance is the
variation of intensities around the mean. Skewness is the
indicator whether the histogram is symmetric, and kurtosis
is a measure of whether the data are peak.

Given that G be the image gray scale level and P be the

probability level of gray scale, the mean (L), variance (0‘2),

skewness (S), and kurtosis (k) can be computed with
formulas given in equations (2) to (5), respectively.

w= XL P @) @
o? = L5 - wW2P (D) 3)
s=03Y00 - wiP@) @)
k=0* Y — W*P (D) (5)

F. Shape Feature

Shape feature [12] can help to identify the object in the
image by using shape of object within the image. Shape can
differentiate between benign and malignant cases because
benign tumors have smooth shapes and regularly round but
malignant breast tumors tend to demonstrate irregular and
undulated shapes. So, we can classify the object in image by
compute the distance between center point in tumor and its
edge. For a number of computed distances, if the values do
not change or there is only a few change, we can predict that
that image is a benign tumor. But if the distance values
show much fluctuation, we can predict that the image is
malignant tumor.

G. Genetic Algorithm

Genetic algorithm [13-14] is an algorithm to find the
solution with adaptive heuristic search based on the
evolutionary characteristic of nature. Genetic algorithm
combines the concept of random search space and compares
the randomly selected solutions based on some fitness
function, and then selects the better solution. The simple
genetic algorithm is shown in fig 2.
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Fig 2. Flowchart for simple genetic algorithm.

From fig 2, we can describe genetic algorithm with 5
main steps. Step 1 is setting the initial population; it is
normally a random selection. Step 2 is defining the fitness
function; it is used for evaluating the fitness of each
population or chromosome. Step 3 is applying the genetic
operation; the operation can be either selecting the
chromosome or population with random selection, crossing
over two parent chromosomes to create better offspring, or
mutating a chromosome with randomly selected point. Step
4 is replacing individual in the population; it is the
replacement of the old chromosome (parent chromosome or
parent population) with the new generation. Step 5 is
checking for stop criterion; it is a check point for whether to
end the process such as stop the process when it has created
the new generation over 3 generations.

H. Support Vector Machine

Support Vector Machine (SVM) [15] is a machine
learning algorithm for classifying different classes of
objects. SVM has been widely applied to many fields. SVM
is a supervised learning machine in that it requires a class
attribute for guiding the learning process to build a model
that can classify objects with mixing classes correctly. The
main concept of SVM is the generation of the optimal
hyperplane that can separate the objects such that objects
with the same class form themselves as a group, whereas
objects in different classes should be in a different group.
The hyperplane is called an optimal one if such plane can
separate classes with the most distance between each class.
Fig 3 shows an optimal hyperplane with a dashed line and
the two classes in the figure are positive (represented as 1)
and negative (-1). To use the hyperplane as a model to
classify objects, the formula given in equation (6) can be
applied.

wlix+b
wlx+b

> 1,wheny;, =+1 (6
< 1,wheny; = -1

where
X is data vector,
w is weight vector,
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Fig 3. Optimal hyperplane

b is bias, and
y is a class.

To apply support vector machine for the classification
task, users have to set three important parameters (C,
epsilon, and gamma). Parameter C is to control the cost for
miss-classification. This parameter is used to control the
influence of each individual support vector (i.e., the data
points on the borderlines which are up and below the
optimal hyperplane in fig 3). Setting the C parameter
involves trading error penalty for stability. Parameter
epsilon is used to fit the training data. It controls the width
of the epsilon-insensitive zone. The value of epsilon can
affect the number of support vectors that are used to find the
optimal hyperplane. Parameter gamma is the kernel
parameter of the Gaussian radial basis function.

The small gamma implies that the learned model will
have the large margin; the hyperplane has large distance
between two class borderlines and more flexibility in data
classification. The large gamma means that learned model
will have small margin; the hyperplane has small distance
between two class borderlines and thus no flexible in new
data classification (may cause overfitting).

III.  PROPOSED WORK

In the proposed work, we have designed the process of
parameter = optimization with genetic algorithm for
mammogram image classification with the support vector
machine as shown in fig 4.

From fig 4. We can describe our proposed framework as
follows. For pre-processing images, we used median filter
method for de-nosing, the output from this process is clearer
image without noise. After that, we use gamma correction to
enhance contrast of the image, the output from this step is
sharp image such that the tumor area has lighter intensity
and density than the original image. For segmentation
process, we use region of interest technique for choosing
only region of interest. The output of this process is the
smaller image than the original one. A small size means the
reduction in dimension to contain only discriminative
regions. For feature extraction process, we extract feature
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Fig 4. Flowchart of proposed framework for mammogram
image classification.

with three techniques (texture feature, shape feature, and
intensity histogram feature). The output of this process is the
data that extract properties of images (shape, texture, mean,
variance, etc.). Then we split the data from previous process
into 2 parts. The first part (70% of all data) has been used to
find parameter C, epsilon, and gamma with genetic
algorithm. This first part of data is also used to create a
classification model with support vector machine. The
second part (30% of all data) has been used for performance
evaluation of the learned model.

In genetic algorithm process, we define parameter control
for genetic algorithm as follows:

Population size = 100

Iteration (number of generation) = 100
Probability of crossover = 0.8
Probability of mutation = 0.01

C in the range: 104 <C <10

Epsilon in the range: 10 < epsilon <2
Gamma in the range: 103 < gamma < 3

TP+TN
N

Fitness function = Accuracy =

where
TP is number of true predicted benign cases,
TN is number of true predicted malignant cases, and
N is number of all data that are used to test model.

The output of genetic algorithm is the three parameters
that are optimal ones for SVM. After that, we use the
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optimal parameter to create model with SVM. Finally, we
evaluate performance model to assess its accuracy by using
the test data. We finally compare the SVM performance
with different set of input features.

IV. EXPERIMENTAL RESULTS

For experimentation, we use data set from the Digital
Database for Screening Mammography (DDSM) with 190
images (benign 80 images, malignant 110 images) and split
data into two parts with 133 images (70% of all data) used
for creating a model and finding optimized parameters; we
call this data set as “training set”. We use 57 images (30%
of all data) for evaluating the performance of classification
model; we call this data set as “testing set”. This work has
been implemented with MATLAB and RStudio. We run our
experiments on a core 13/3.50 GHZ computer with 12 GB of
RAM. The details of data after extracting features by using
texture feature, shape feature, and intensity histogram are
shown in Table 1.

In the classification process, we also compare between
different sets of input features that used as input to the
support vector machine. We test different combinations of
texture feature, shape feature, intensity histogram feature,
and the optimized parameter with genetic algorithm for
support vector machine. The accuracies of SVM after
applying different combinations of input features are shown
in Table 2.

From table 2, it can be seen that the adjusted optimal
parameters for support vector machine combined with
techniques to extract only important features including
texture feature, shape feature, and intensity histogram
altogether can improve the performance for mammogram

Table 1. Detail of data set

Feature Extraction | # Training | # Testing #
Techniques set set Features
Texture + Shape + 133 57 21
Intensity Histogram

Shape + Intensity 133 57 6
Histogram

Texture + Shape 133 57 17
Texture + Intensity 133 57 20
Histogram

Table 2. Classification results

Feature Extraction Techniques Accuracy
Texture + Intensity Histogram 81.58%
Texture + Shape 85.26%
Shape + Intensity Histogram 87.37%
Texture + Shape + Intensity Histogram 89.47%
Texture + Shape + Intensity Histogram + | 92.98%
Optimized Parameter for SVM with Genetic
Algorithm
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image classification from the 81.58% accuracy level at
81.58% up to the 92.98%. The classification by SVM using
only the extracted features (i.e., the texture feature, shape
feature, and intensity histogram) can obtain the highest
accuracy at 89.47%. The experimental results show that
with an extra steps of optimal parameter adjustment through
genetic algorithm, the support vector machine shows an
improve performance (from 89.47% to 92.98%) for
classification mammogram images.

V. CONCLUSION

Breast cancer is the major type of dangerous tumors
mostly occurred in women and causes numerous deaths in
the developing countries. Early detection of malignant
breast cancer cases is, more or less, expected to help the
appropriate preparation for successful treatment. Breast
cancer can be screened with ultrasound imaging, magnetic
resonance, or mammogram imaging.

In this work, we propose a framework for automatic
classification of malignant breast cancer, the harmful one,
from the benign cases, the non-harmful. According to our
framework of breast cancer classification with mammogram
image, the first step is the noise removal from the
mammogram image and the image intensity enhancement.
Median filter and gamma correction are the two techniques
to de-noise and to enhance contrast of the image,
respectively. Region growing technique is then applied to
select only area or region of interest. In our work, it is the
image regions that are anticipated to contain tumor cells.

We then apply image feature extraction to obtain only
important features suitable for the subsequent classification
model learning step. The prominent features are texture
feature, shape feature, and intensity histogram containing
statistical information including mean, variance, skewness,
and kurtosis. Another important step in our framework is the
application of the genetic algorithm to find the optimal
parameters (cost, epsilon, and gamma) for training the
support vector machine. The experimental results show that
the parameter optimization through genetic algorithm
technique can obviously improve the SVM performance for
mammogram image classification; it is better than using the
default parameters.
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Feature Selection Techniques for
Breast Cancer Image Classification with
Support Vector Machine

Kedkarn Chaiyakhan, Nittaya Kerdprasop, and Kittisak Kerdprasop

Abstract— Mammography is a special type of low-powered
x-ray method that has been used to improve diagnostic and
decrease the number of unneeded biopsies. Detection breast
cancer in early stage can help treatment successful. Many
researches show that malignant breast tumors tend to
demonstrate irregular and undulated shapes, whereas benign
breast tumors are regularly round and smooth shapes.
Consequently, many researches about tumor shape may help in
maintaining diagnosis. Thus, the contour feature of tumor
contour is very significant feature to distinguish between
malignant and benign tumor. In this paper, we propose an
approach to automatically appraise the density and contrast of
breast images using gamma correction to increase the intensity
of dense pixels with light intensity and vice versa to decrease
the sparse intensity pixels showing dark intensity. In the
segmentation process, we use region growing technique to get
region of interest. We also extract three important features
including texture, shape, and intensity histogram. In the
classification process, we use SVM to classify tumor into two
classes: malignant and benign. Moreover, we also compare
between three features by combines and separate these features
for SVM classification. The results of classification shows that
when we combine the shape feature in the classification
process, it can be able to correctly classify two types of
mammography images and we obtained the high accuracy
more than using only texture features and intensity features.

Index Terms—{feature selection, classification,
mammography, support vector machine.

image

[. INTRODUCTION

Breast cancer is a dangerous type of tumor originated from
breast tissue, and it accounts for 23% of all cancers in
women. The most effective way to detect breast cancer is
through the breast mammogram screening, ultrasound
images [1]-[7], and also magnetic resonance [5]-[7].
Mammography is the most common imaging technique to
detect breast cancer. However, the major limitation for
mammography diagnosis is sensitivity due to interpreting
mammography is a labor-intensive task for radiologists who
cannot always offer stable results during interpreting [8].
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The interpreting depends on experience, training, and
subjective criteria. Actually, about ten percent of all
malignant tumors in mammography are missed by
radiologists, and ninety percent of the missed tumors are
dense area of breast tissue. It is also admitted that expert
radiologists can miss a significant proportion of abnormal
tumors. On the contrary, a large number of diagnosed
abnormal tumors turn out to be benign after biopsy. Many
methodologies have thus been proposed to solve this
uncertain interpretation problem by providing assistance to
the advanced cancer detection and diagnosis tools

During the last year, several algorithms have been
proposed for breast density segmentation. The statistical
approach has been proposed by [9]. They provide connected
density clusters taking the spatial information of the breast
tissue into account. Quantitative and qualitative results show
that their approach is able to correctly detect dense breasts
apart from other tissue types. A methodology that based on
modeling a set of patched of either fatty or dense
parenchyma using statistical analysis has been presented by
[10]. They analyze two different strategies to perform this
modeling process such as principal component analysis and
linear-discriminant based model. Once the tissue models
have been learned, each pixel of a new mammogram is
classified based on neighborhood information as being fatty
or dense tissue.

Malignant breast tumors are characterized by cluster of
cells indicating uncontrolled outgrowth that leads to
penetrate surrounding tissue [11]. The penetration of
malignant tumors tends to spread an irregular tumor contour,
which will be displayed in mammography as irregular,
undulated and ill-defined contour, whereas benign tumors
have a uniform outgrowth, round and smooth contour.
Hence, it is significant that the contour feature will affect
better result of classification.

In our proposed method, we use gamma correction to
enhance the image contrast. In segmentation process we use
a well-known region growing method to find the ROI and
then crop the image to consider only the tumor region. This
process will speed up the subsequent classification process
because unnecessary background has been removed. After
that we extract three types of feature such as texture [12],
intensity histogram and shape feature [13]. After that we
input digital data to the classification process. The
performance of the proposed image classification approach
has been evaluated by comparing the accuracy between
three features that we extracted after preprocessing image.
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II. MATERIALS AND METHODS

A. Gamma Correction

Gamma correction is the name of nonlinear operation
used to code and decode luminance (or brightness level) on
an image. It can also enhance contrast of the image. The
luminance value is between 0 and 1, where 0 means absolute
darkness (black), and 1 is the brightest (white). Different
camera devices do not correctly capture luminance and do
not display luminance precisely. Therefore, we need to
correct them using gamma correction function. Images
which are not corrected can look either light region darker
or dark region lighter. Suppose a computer monitor has 2.2
power function as intensity to voltage response. This just
means that if we send a message to the monitor that a certain
pixel should have intensity equal to x, it will actually display
a pixel with intensity equal to x2?2. Because the range of
voltages sent to monitor is between 0 and 1, it means that
the intensity value displayed will be less than what we want
it to be. Fig. 1 illustrates the gamma correction model which
has been computed from a formula given in (1).

1
Corrected = 255 (%)(7) (1)

where y is the encoding or decoding value. If value of y <
1, it is called and encoding gamma or gamma compression,
conversely if y > 1, it is called a decoding gamma or gamma
expansion. The effect of gamma correction on an image
if y >1 is that shadow in that image will be darker because
the mapping weighs toward lower (darker) output values.
If y < 1, dark region will be lighter because the mapping
biases toward higher (brighter) output values. Fig. 2
illustrates this relationship. The two transformation curves
show how values are mapped when gamma that is less than
and greater than 1. In each graph, the x-axis demonstrates
the intensity values of the input image, and the y-axis is the
intensity values in the output image.

Gamma -
correction _- e
1/2.2 -~ .

os £
2 0.5/
/ o
% .
/ P CRT gamma
2.2

Fig. 1. Gamma correction model.

r <1 y>1
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Fig. 2. Two different gamma correction settings.
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B. Region Growing

Region growing is a simple region-based image
segmentation method using pixel information to adjust the
seed point initialization. Small areas in an initial set are
iteratively merged according to similarity constraints. The
seed point selection starts by choosing an arbitrary pixel and
compare it with neighboring pixels that have similar value.
After that, increase the size of the region. When the growth
of one region stops, then simply choose another seed pixel
that does not yet belong to any region and start the process
again. The process stops when all pixels belong to some
region. Fig. 3 shows the example of region growing.

—(’ Seed pixel
N

Direction of growth

Pixels begin
considered

.......

| Grown pixels

(b)

Fig. 3. The example of region growing.

Region growing determines the region of object directly.
The basic formulation is shown in (2). This equation states
that the segmentation completes when every pixel is in a
region and the points in the regions must be disjoint.
Equation (3) states the property that the pixels must be in a
segmented region. Equation (4) constrains that regions R;
and R; are different in the sense of predicate H.

i#j 2)

R= UleRi RLﬂR]=0

H(R,) = TRUE i=12..,S 3)

H(R;UR;) = FALSE i#j, R; adjacenttoR; (4)

C. Support Vector Machine

Support vector machine (SVM) is a supervised machine
learning algorithm used for classification and regression
problems. SVM classifies objects by generating the optimal
separation in a multi-dimensional space called a hyperplane.
In Fig. 4, two parallel separation lines are constructed on
each side of the datasets. The optimal hyperplane is the one
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that maximizes the distance between the two parallel images using gamma correction algorithm. Fig. 6 shows the
hyperplanes. An assumption is made that the larger of this  original images of malignant and benign cases comparing

margin, the better of data classification. to the improved results after applying the gamma correction
technique. The gamma correction helps contrasting the

tumor area from the fatty area. In Fig. 6(b), we can see that
the tumor area has lighter intensity and density than the
original image. In Fig. 6(d), after gamma correction

We consider 2 datasets of the form in (5).

D ={(x1,y1), ., (X, ¥) },x; ER™,y; € {~1,1} (5

A process, the area of benign tumor is lighter than original
image. If we compare between Fig. 6(b) and Fig. 6(d), they
N\ O are rather different because Fig. 6(b) is the malignant case
N and it has more light and dense intensity pixels than those
w \Q O in Fig. 6(d) which is a benign case.
SR O
A
Mammogram
Images
<L
‘/Pre—Processing
De-noising (Median Filter)
v
> Image Enhancement
‘ (Gamma Correction)
Fig. 4. Optimal hyperplane with maximum margin. L
. ‘/Segmentation
where [ denotes the total data instances, i denotes the
sequence of data, m is number of dimensions, and y is a ROI (Region Growing) ‘
class label (+1 or -1) to denote each group of data after L ]
separation process. If the training data are linearly separable, ' < L
we classify each data instance as either positive, or negative . —
. . . . . Feature Extraction
based on the computation given in (6). In this equation, w
denotes weight of data vector on the separation line, x; is mexture B Shape Intensity
positive data vector, and x, is negative data vector. $ Feature | = Feature Histogram Feature
(w *x;) + b > 0 where, y; = +1 (6) £ =~ .
(W *x,) + b < 0 where, y; = -1 ‘ Classification
Support Vector Machine
\\
III. PROPOSED WORK el
& 7, )
In the proposed work, we have divided our process into ( Evaluation
five main parts: image preprocessing, segmentation, feature | " Malignant | " Benign |
extraction and classification. Fig. 5 shows the framework of N~ ‘ ) ;

this research.

A. Image Preprocessing

Fig. 5. The framework of the proposed system.

Mammogram images usually have noises due to

disturbances like Gaussian noise or some little darkness and

brightness noise called salt and pepper noise. In this paper,

we use median filter to remove these noises. Median filter is f

a nonlinear method effectively used for removing noise !

while retaining edges. It works by moving the little window A

called filter that moves pixel by pixel through the image and

changes the pixel value to be the median of neighboring

pixels. The median is calculated by first sorting all the pixel

values from the filter into numerical order, and then picking

:Ee middle 'plxel va!ue. The F)utput of this de-noising step is () (b) © )
e clearer image without noise.
The next step of image preprocessing is image  Fig. 6. Breast tumor images: (a) original malignant tumor, (b) malignant

enhancement. We adjust the brightness and darkness of  tumor after gamma correction, (c) original benign tumor, (d) benign tumor
after gamma correction.
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B. Segmentation

The segmentation process separates the tumor areas
from the background tissue in mammogram images. In
this step, we apply the region growing segmentation
method. Region growing is a region-based method starting
with seed points in the image, and then propagating seeds
until the specified stopping criteria are satisfied.
Appropriate seed point selection is important. Therefore,
in our proposed work, we select seed point using the
centroid of object computed from area and position of
object (centroid), as shown in (7) and (8).

Area = i i Wi, jl @)

i=1 j=1
O XEGWG X iWILT ®)
Centroid x = Area y = Area

where W is the white pixel in the image and i, j are the
position of white pixel. After the region growing process,
we will get the region of interest (ROI, white pixels) and
then we crop only the ROI (Fig. 7) to removing
background that may affect the classification and
clustering process.

(a) (b) (c)

Fig. 7. The result of region growing and the cropped image: (a) gamma
corrected image, (b) the image after applying region growing technique,
(c) cropped image.

C. Feature Extraction

The objective of feature extraction step is to represents
the image in its reduced and compact form in order to
facilitate and speed up the decision making process such as
classification and clustering. In this paper, we extract three
types of features: texture, shape, and intensity histogram
features.

1) Texture Features

Texture is one of the important features used in
identifying objects in an image. Texture features are based
on gray-level co-occurrence matrix (GLCM), also known as
the gray-level spatial dependence matrix. The GLCM
function characterizes the texture of an image by calculating
how often pairs of pixels with specific values and in a
specified spatial relationship occur in an image. We create a
GLCM, and then extract statistical measures from this
matrix such as contrast, correlation, and homogeneity in
four directions (0°, 45°, 90°, 135°). We use these properties
of texture to input into the classification process.
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2) Intensity Histogram Features

The shape of the intensity histogram features
provides several information to describe the properties of
the image. Six statistic features obtained from the histogram
are mean, variance, skewness, kurtosis, energy, and entropy.
The mean is the average intensity level, whereas the
variance is the variation of intensities around the mean. The
skewness shows whether the histogram is symmetric. The
histogram is symmetrical if the skewness is zero. For
asymmetric cases, it is skewed above the mean if the
skewness is positive, and skewed below the mean if the
skewness is negative. The kurotosis is a measure of whether
the data are peaked or flat relative to a normal distribution.
Data with high kurtosis tend to have a distinct near the
mean, and having heavy tails. Data with low kurtosis tend to
have a flat top near the mean. Entropy is a metric to measure
magnitude of disorder in a system.

3) Shape Features

In this process, we extract shape feature using the
percentage of curvature. First we drag lines from centroid to
every edge pixel and measure distance and angle from
centroid to every edge pixel. After that, we plot the graph
with angle along the x-axis and distance on the y-axis. From
the graph, we can notice difference of curvature due to the
distinct shape of malignant and benign tumor. We also do
the normalization to find the percentage of curvature. As a
result, we get the different percentage of curvature between
malignant and benign tumor. We observe that malignant
tumor shows many serrate along its contour and we can get
the higher percentage of peak in this graph. In contrast, in
the case of benign tumor, it has fewer serrate than the
malignant contour. Fig. 8 illustrates example of curvature
measurement. Fig. 9 shows the different graph of curvature
between malignant and benign contour.

(a) (b)

Fig. 8. Measuring the curvature: (a) malignant contour (b) benign contour.

D. Classification

In this research work, we use Support Vector Machine
with RBF kernel function to classify the mammogram
images using three features including texture, shape
(percentage of curvature), and intensity histogram. In the
SVM training process, we train SVM with the 133 images
(70% of 190 images selected from the DDSM database). In
the classification evaluation process, 57 images are used for
testing. Training and testing images have been preprocessed
through the same steps.
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(a)

(b)

Fig. 9. Graph of curvature: (a) malignant contour (b) benign contour.

IV. EXPERIMENTAL RESULTS

In this proposed work, we use data set from DDSM
(Digital Database for Screening Mammography). We have
selected from DDSM 190 images that include both cases of
tumor, that is, malignant and benign (malignant case
consists of 110 images and benign case consists of 90
images). This work has been implemented using
MATLAB. We run our experiments on a core i5/2.4 GHZ
computer with 4 GB RAM.

TABLE I
Classification results between features.
Features Accuracy (%) AUC
Texture, Shape, Histogram (TSH) 89.47 0.89
Histogram, Shape (HS) 87.37 0.87
Texture, Shape (TS) 85.26 0.84
Histogram, Texture (HT) 81.58 0.79

In the classification process, we compare between
features using SVM classifier. The results are illustrated in
Table I.

It can be noticed from the -classification results
summarized in Table I that the classification accuracy
recognizing the benign and malignant images of the SVM
(with RBF — radial basis kernel function) using
combination between three features (texture, shape and
intensity histrogram) represents the highest rate at 89.47%.
In other three combining features as shown in Table I, the

ISBN: 978-988-19253-8-1
ISSN: 2078-0958 (Print); ISSN: 2078-0966 (Online)

accuracy are 87.37%, 85.26% and 81.58%, respectively.
We can conclude from this result that our proposed work
using three types of feature and SVM classification has a
higher accuracy than using only texture feature and
intensity histogram feature.

We also show in Fig. 10, the area under curve (AUC) of
the four features combination: TSH, HS, TS and HT have
the AUC value, 089, 0.87, 0.84 and 0.79, respectively. The
higher the AUC value indicates the more precise detection
of true positive cases with less inclusion of unwanted false
positive.

Fig. 10. Area under curve of four combination features.

V. CONCLUSIONS

Mammography classification using support vector
machine with image enhancement and three types of
extracted features that we proposed in our framework is the
main contribution of this paper. Image enhancement using
gamma correction can improve contrast of mammogram
images to be seen clearly. After the image enhancement
process, we extract the region of interest (ROI) using a well-
known algorithm called region growing that can help the
cropping of only the tumor object and at the same time
eliminating the unnecessary background. After the ROI
extraction, the three types of image features including
texture, shape, and intensity histogram can be constructed.
The processed images are then sent as input to the
classification process using SVM with RBF kernel. The
classification accuracy of SVM using all three features,
especially when add the shape feature (89.47%) is higher

than the other (87.37%, 85.26% and 81.58%).

Therefore, it is expected that undulated and ill-defined
tumors tend to produce higher percentage of curvature than
round and regular shapes, as illustrated in Table I. Among
combination of features, percentage of curvature showed
the most significant feature to distinguishing malignant and
benign tumors.
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MAMMOGRAPHY IMAGES CATEGORIZATION
WITH K-MEANS CLUTERING

Kedkarn Chaiyakhan*, Nittaya Kerdprasop, and Kittisak Kerdprasop
School of Computer Engineering, Suranaree University of Technology, Thailand

ABSTRACT

Mammography is an extraordinary type of low-powered
x-ray process that provides detailed images of the internal
structure of the breast. Many researches show that the
dense masses in the breast density are one of the strongest
indicators of developing breast cancer. In this paper, we
proposed an approach to automatically appraise the density
of breast using gamma correction to increase the intensity
dense pixels which has light intensity vice versa decrease
the intensity sparse pixels which has dark intensity. In
clustering process we use k-means clustering to cluster
image into 3 categories: benign, malignant and normal.
The result shows that our approach be able to cluster three
type of mammography after gamma correction process in
the correct class which has rather high accuracy.

1. INTRODUCTION

Breast cancer is a type of cancer origination from
breast tissue, and it accounts for 23% of all cancers in
women. The most effective way to detect breast cancer is
through the breast mammogram screening. However, the
major limitation for mammography diagnosis is sensitivity.
Mammography is the most common imaging technique to
detect breast cancer. Many methodologies have been
proposed to solve the problem providing assistance on the
advanced cancer detection and diagnosis tools.

During the last year, different algorithms have been
proposed for breast density segmentation. For instance,
Oliver. et al.(2010), proposed a statistical approach for
breast density segmentation They provide connected
density clusters taking the spatial information of the breast
into account. Quantitative and qualitative results show that
their approach is able to correctly detect dense breasts,
segmentation the tissue type accordingly. Brzakovic. et al.
(2009), was presented a methodology that based on
modeling a set of patched of either fatty or dense
parenchyma using statistical analysis. They analyzed two
different strategies to perform this modeling process such
as principal component analysis and linear-discriminant-
based model. Once the tissue models have been learned,
each pixel of a new mammogram is classified as being
fatty or dense tissue, taking its corresponding
neighborhood into account. Ferrari, etal. (2004) and

Aylward, et al. (1998), used mixtures of Gaussian for
modeling and segmentation the breast into four and five
regions, respectively. However, these related approaches
do not take spatial information into account providing
segmentations with too many disconnected regions.
Moreover, an initial pre-processing step is needed to
remove noisy pixels. Aiming to include this spatial
information into account, Saha, et al. (2001), included a
fuzzy affinity function in their proposed work, while
Zwiggelarar (2004), employed textural features to take the
spatial distribution of the pixel and its neighborhood into
account. Shi, et al. (2010), presented fuzzy support vector
machine to automatically detect and classify mass using
ultrasound images. They also provided the feature
extraction and feature selection using image preprocessing
and membership value, respectively.

In this paper, we proposed the clustering method using
k-means clustering, we also used image preprocessing
technique algorithm namely gamma correction. After
preprocessing process, we input the data into k-means
clustering which set k=3, since we know that each image
belong to one of three classes from the well-known DDSM
database which annotated from the experts. In the
experimental result shows that our purposed work has
capability to categorized the images correctly, with pretty
high accuracy that illustrated by the confusion matrix, the
cluster plot and the silhouette plot.

2. METERIALS AND METHODS

2.1 Gamma Correction

Gamma correction is the name of nonlinear operation
used to code anddecode luminance on image systems.
Each pixel in an image has brightness level, called
luminance. This value is between 0 to 1, where 0 means
absolute darkness (black), and 1 is brightest (white).
Different camera devices do not correctly capture
luminance and do not display luminance precisely. So, we
need to correct them using gamma correction function.
Gamma correction function is used to correct image’s
luminance. It controls the whole brightness of an image.
Images which are not corrected can look either light
region darker or dark region lighter. Suppose a computer
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monitor has 2.2 powers function as intensity to voltage
response curve. This just means that if we send a message
to the monitor that a certain pixel should have intensity
equal to x, it will actually display a pixel which has
intensity equal to x22. Because the range of voltages sent
to monitor are between 0 and 1, it means that the intensity
value displayed will be less than what we wanted it to be.
Hence, the gamma corrected formula is written as

1
Corrected = 255 * (1"21%)(7) (1)

where 7 is the encoding or decoding value. If value y <
1 is called and encoding gamma or gamma
compression, conversely if y > 1 1is called a decoding
gamma or gamma expansion. The effect of gamma
correction on an image if y > 1 shadow in image will

be darker, whereas, if y < 1 dark region will be
lighter.

Gamma
correction _~
1/2.2 7
/7
05 {
/ 05
/
/ Y
/0.218’ 0218
CRT gamma
! 2.2

Fig. 1 Gamma correction model.

2.2 K-means Clustering

K-means clustering is one of the easiest unsupervised
learning algorithms that solve the clustering problem. The
procedure follows a simple and uncomplicated way to
cluster a given data set through a certain number of
clusters (suppose k clusters). The main concept is to
determine k centers, one of each cluster. These centers
should be locating them in the brilliant way because of
different location causes different result. Therefore, the
optimal choice is to locate them as much as possible far
away from each other. The next step is to take each point
belonging to a given data set and associate it to the nearest
center. Clustering data are represented as D = {xy, ..., Xy }.

Since the data is p-dimensional, then represent it as
X, = {xnll, ...,xn,p}. The distance function is d(X,,X,,)
between two data points. The k groups has distinguish the
data into {z,, ..., zy} where x e {1, ..., K}.

3. PROPOSED WORK

In our proposed medical image clustering system, we
get benefit from the gamma correction and k-means
clustering algorithm. As shown in Fig. 2, the proposed

medical image clustering system consists of 6 stages:
image acquisition, image resize, gamma correction, image
to vector, vector to CSV and clustering images. In the first
process we acquired images from DDSM database.
Because of each image has very larch size about
3000x5000 pixels which effect long computation time.
Thus, in the second process, we resized image to 300x500
pixels.

The main idea of doing the 3 classes (malignant,
benign and normal) of image to the different properties is
image preprocessing using gamma correction. Because the
images from DDSM are gray scale image which 3 classes
look rather similar intensity and low contrast. Therefore,
we used gamma correction to increase bright pixel and
decrease dark pixel. So we will get the different properties
of 3 classes image because malignant case has the lighter
intensity and dense pixel more than benign case. Likewise,
benign image has the lighter intensity and dense pixel
more than normal case. In the fourth and fifth process we
converted every pre-pressing images to vector and save
data in to CSV file, this process make less computation
time because no need to read every images in the
clustering process. In the last process, we input the CSV
file into the clustering process using k-means that
set k =3.

Im_ag_e_: P Image resize > Gamrr_\a
acquisition correction
Convert vector Convert 2D-
Clustering (k=3) - to CSV file -t image data to
vector

Fig. 2 The framework of the proposed work.

3.1 Image Preprocessing using Gamma

Correction

In the image pre-processing process, we adjusted the
brightness and darkness of image using gamma correction
algorithm. In Fig. 3 shows the result of gamma correction

with malignant case, benign case and normal case. In Fig.
3a illustrates the malignant tumor before gamma
correction, it seem not clear between the tumor area and
fatty area.

In Fig. 3(a), this image is malignant case, after we
used gamma correction and get the result in Fig. 3(d), we
will see that the tumor area has lighter intensity and
density more than original image, that we can input the
image after pre-processing in to clustering process using
k-means. In Fig. 3(b), and Fig. 3(c) we use the gamma
correction process same as Fig 3(a). In Fig 3(b) and Fig.
3(c) are benign tumor and normal tumor respectively.
Consequently, we will see the result in Fig 3(e) that it is
the benign tumor and after gamma correction process, the
area of benign tumor is lighter more than original. If we
compare between Fig. 3(d) and Fig. 3(e), they are rather
different because Fig. 3(d) is the malignant tumor and it
has light intensity pixel and dense intensity pixel more
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than Fig. 3(e) that it is benign tumor. Accordingly, in Fig.
3(c), we also apply gamma correction in the image, it is
normal case and it has no tumor in this image. Thus the
result in Fig. 3(f) has poor light intensity pixel and low
dense pixel.

3.2 K-means Clustering on Mammogram Images

After image preprocessing using gamma correction
process. We obtained images that corrected brightness and
darkness which illustrate in Fig. 3. Subsequently, we input
images in clustering process using k-means which set k=3,
because after image preprocessing step, the intensity and
density of pixels in each image (malignant, benign and
normal) rather different. Therefore, k-means can cluster
images in the correct class accurately.

(b)

(d) (e)

Fig. 3 (a) Original malignant, (b) original benign,
(c) original normal, (d) corrected malignant,
(e) corrected benign, (f) corrected normal.

4. EXPERIMENTAL RESULTS

In this research we used data set from DDSM (Digital
Database for Screening Mammography). We selected 60
images from DDSM that include 3 cases such as
malignant, benign and normal (each 20 images). This

work was implemented using R language. We run our

experiments on a core i5/2.4 GHZ computer with 4 GB
RAM. Table 1 shows the result of clustering that pretty
good clustering. The clustering process using k-means can
clustered the images in a correct class such as benign case
can clustered in class 1 which has 18 out of 20, malignant
case can clustered in class 2 which has 19 out of 20 and
normal case can clustered in class 3 which has 18 out of
20. Consequently, the accuracy rate of our proposed work
is 91.67%.

In Fig. 4 demonstrates the two components of 3
clusters plot which are malignant case, benign case and
normal case. The two-dimensional clustering plot of the
three clusters and lines show the distance between
clusters.

The result of clustering seems rather good, because it
identifies three clusters, corresponding to three classes.
Moreover, in Fig. 5 show their silhouettes plot. From the
silhouette plot, the averages S; are 0.22, 0.85 and 0.74,
respectively. According to the silhouette, the first cluster
is not well clustered, but the second and third clusters are
well clustered. As a result, the average silhouette width is
0.62.

Table 1 Confusion matrix of 3 clusters.
Benign Malignant Normal
1 18 0 1
2 19 1
3 0 1 18

Fig. 4 Two components of clustering plot.
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Fig. 5 The silhouette plot when k=3.
5. CONCLUSION

The k-means clustering with gamma correction
method that we proposed in this paper can cluster the
mammography images from the well-known DDSM
database correctly. It clustered images into malignant
case, benign case and normal case which has the
accuracy 91.67%. Since gamma correction be able to
improve the clearness of brightness intensity and it can
decrease the poor dark intensity which mean that the area
of malignant and benign tumor will appear explicitly and
in the normal case which has no tumor area, it appear
only fatty which dark intensity pixels. When we input the
image after gamma correction process into k-means
clustering with k=3, then the k-means be able to cluster
the images into correct class, because of an intensity

brightness level in  images was  different.

In our future work we will extract the region of
interest (ROI) of tumor using other image preprocessing
techniques and we will also use other classification
techniques such as support vector machine or artificial
neural network to improve the performance of classify
and increase the accuracy rate.
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