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MAMMOGRAPHY CLASSIFICATION/SUPPORT VECTOR MACHINE/

FEATURE SELECTION/IMAGE SEGMENTATION

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 Bays. The results of classification show that SVM gives

good classification accuracy more than Artificial Neural Network and Naive Bays.
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A ' g A a a YA a
31]1/1 2.5 §20819MIVRAIUNUN Iaenasannnsalnames 8 Wokwa
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23 MSHANHUSTIAYVBINN

2.3.1 anyazdIAYYeIaINaIY (Texture Feature)
I & [ 0 o A v A A
mamemelunmitlunihudnyazdvgnldlunmsseying nievouwan
1 [ I 1 J
rgulalunim Tdd1928un ma1em1901018 (Aerial Photograph) N1WB1891NAITEN
' 4 % 1 1
(Satellite Images) MNIDNINENNTUNNG (Medical Tmages) Faadeaelunmariainise
93U IAUANTAVDININ LA EINTDAANUKT BUBNANUUANA NI |A andiAveq
g’/ Y o o d
aamenudiannsoti 1 lFunmssuunawnenmsunndisu amuunTuunsy wag am
[ v o v @ ES I { A @
dan3 194 anyuzdiny i enadnyuzvealameiuIziudeyaineatunsnizaoues

Y [
5UnUUTNUR (Tone) Molunn dniudnpauzmsdounlasvesInudarelunmiailu

'
o w =K o

%’agammgmumﬂ%”l,uﬂmi’muﬂmw‘lﬁ'
[ o @ glJ 9 a 4 v A d' a d%l
amgmgmﬂmﬂmm@awuuamﬁam”l@fﬂmmmﬂwmsmuammmmu
1 [ J o g‘/ o o
3IUNU (Grey-level Co-occurrence Matrix) %39 GLCM #W4n¥u 1y GLCM Hu9gyinsaiuia
= a 49! v A A v A 1
uamﬁ"ﬂumﬂumimﬂmummimuﬁmﬂumwmagﬂuuu (Pattern) UD45$AVTNITSHIN
a 9 [} I Y]
wneya lunn TaglgauiiziulunisugainavesnuFalnuvesalInaie (Contrast) N5
a 3 1 o I 4 = o %
AU INAUVBIAIAANY (Correlation) Haznsiiuiia@eriuvesalnaiy (Homogeneity) 9
Fa
ﬁﬂymzt’?ﬁmﬂmmﬂmﬂmmﬁﬂxgﬂﬁﬂﬂiﬁ%’hﬂizmumﬁi’muﬂmw
) & 7 Y Y < ’ 2 A
M3a319 GLCM Wuiiesntlseneavne PG, i, d, 0) Fudumsmanuiiiezdlui
Y v
AATUTINAUVBITEADUFN (Joint Probability) AFuMue i uaz j TaelinsmuuaTzesrie
[ 1 a o A 1 1 9 o a A d a 4? 1 o
JENUARL WAL UABDAT d 3aumamimwuwwnmﬂu”lﬂ”lﬁ'ﬁlumﬁ@,mﬁmmumuﬂu
v v v Y \
senauazineaiufeal 0 aalaend liiuianenldazlian 0°,900,45° way 135°
(Horizontal, Vertical, Right Diagonal and Left Diagonal) ﬁﬂLlﬁﬂﬁiug U 2.6 uazdmsum d
v
Y 1 [} < @ ] 1 v W . ) o
uumu“lﬁﬂuj%z“l%'!,ﬂummmzﬂzmﬁzmwﬂqmmmmuawu (Manhattan Distance) @115U
Y Y ]
M3 PG, j, d, ) U89 GLCM TuiANIaNg 4 AANIUUEINTOLAAIAIaNNITN (2-5) D4

(2-8)
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90 degree
135 degree T 45 degree

6 7 8

!
5+%1+ 11>

I 0 degree

4 3 2
|
d

317 2.6 AN IMTHUANUTUNUT 4 Nemlumsadaasng GLCM

U

P(i,j,d,0°) = [{((X1'Y1); (Xz»YZ)) Taoit X, —x;| = d,y, —y; = 0}] (2-5)

P(i,j,d,45°) = [{((Xl'Y1); (Xz»YZ)) Tawit (x; —%; = d, Y2 —y1 = d) vie (2-6)
(X —x; = =d,y, —y; = —d)}]

P(i,j,d,90°) = [{((Xl' y1), (X2, YZ)) Tawi X, — %1 = 0, |y, —y1| = d}] 2-7

P(L j; d; 1350) = [{((Xll yl)l (XZI y2)) Iﬂﬂﬁ (XZ - Xl = dl y2 - yl = _d) ‘H%@ (2-8)
(xz =% = =d,y, —y; = —d)}]
~ @ (] o o w ~ I
319 2.7 uaasdigansmdnyuz didyvetalnals 313N 2.7 (n) 1ugl
Tnufmmauia 4 X 4 Ainwa F9lar Inudde 0, 1, 2 uaz 3 31U 2.7 (V) vaasgduyvves
a 4 @ a 49! 1 [ = (Y [l [ A
AT NFUBINMTUUMIAATUTINAUVEI Inuam Tuniw sndredrusu 91ngUn 2.7 ()
o 1 d' o v =) d‘ =) -y o d' a dﬂ( 1 [
AWHUIN (0, 0) WINTIMTHD INUTNT (ATOINNIY 4 ABNITHUTIUIU) MNATUTINAU T
o 1 ~ o ok Y]
LUIUOU (Horizontal) Y03 INUT (0,0) tagmuuan d=1 Tugii 2.7 (n) waans lumsiuInu
= dl a ds! 1 [ o ] [ d' é 1 d' v Y A v A
ammavuswiuludnia 0, 0) uaasasgli 2.7 (@) Femmivld e 4 (Tudiamg
g’; 9 = [ ~ <A @ a
HUIUIUNIBLazYy) Tuvaz@edny 31 2.7 (1) 2.7 (3) waz 2.7 (1) naemsiulunang

9
LUIAN LL'IJ’JT]LLEJ\?HN&HH“]%EJ Lgammmwwuﬁmﬂm SRITLREELT

Grey Tone
0 1 2 3

0 |#(0, 0)|#(0, 1)|#(0, 2)|#(0, 3)

1 |#(1,0)[#(1, 1)|#(1, 2)|#(1, 3)

2 |#(2,0)[#(2, 1)[#(2, 2)[#(2, 3)

Grey Tone

3 |#(3,0)|#(3, 1)|#(3, 2)|#(3, 3)

(N (V)
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0 / \ o \
0 [4 21 0] 90 /6 0 2 0|
p,= 2 400 p,= 0 4 20
"T106 1 Tl22 2 2
1001 2] 1002 2
() ()
o \ o \
135 [2 13 0] 4> /4 10 0]
1 2 1 0 | 1 2 2 0 |
P=“ | P—\ |
®7 310 2 70241
1002 0] 100 10
€)) ®)

(% ]

1 2.7 G]’JE)EJNﬂﬁﬁ%}NLiJG]Qiﬂ“I? GLCM

Can

@ 9 a A o o @ a g 1 @ = Y Y o
ﬁa\'li]'lﬂhlﬂlll@]iﬂclﬁ/]!,ﬂ'l]i]'l‘Ll'J’L!‘L!‘U"UENﬂ'lil,ﬂﬂ"llui'ﬁJﬂuﬂl'ﬂﬁi‘ﬂuﬁl‘ﬂ’llmﬁ 11’?‘1/]1

[} < A a X @ v A a o '
ﬂ'lﬁ'l’i'lﬂ')11J1!'li]$£ﬂ1!ﬂlﬂﬂﬂluiﬁﬂﬂuﬂl@\iﬁgﬂﬂﬁl‘ﬂ'lslu‘i/]ﬂ 1 NANN Tﬂﬂu’lﬂai’)ﬂm@ﬁﬂW

& a 4 [ o l " . a ] o o {
‘ﬂ\'i'l"illﬂll!LN@?ﬂ%NWWWiﬂUﬂWHﬂ@HL’HuQ G, j) GLUUJ@]‘Eﬂ“B‘ﬁLﬂUiﬂH'JUUU gﬂ“ﬁ 2.8 HHAN

=2 ' v v

@ ] 1 I { A 2 = a (% g 2
G]'J’EJEHQfﬂ3W1ﬂ31uu1ﬂ%kﬂuﬁlﬂﬂﬂlui’]3\lﬂuﬂl@ﬁi%ﬂﬂﬁl‘ﬂWiu‘ﬂﬁ‘ﬂWﬁ 0° A INUUNDL

(%

o @ o Y IS ! a o
ﬁWNWiﬂﬂWU?ﬂ!ﬁWﬁﬂ‘Hﬂ!gﬁWﬂﬂlﬂJ@\iﬁ’Jﬂﬁ181lﬁjﬂ YNI1INN ﬂ’NﬂJlﬂJulﬁﬂlﬂEJ'Jﬂu"UfNﬁ’JﬂﬁWJ

9

Y 1
AITUTALIUVDIAINAY LA fﬂilﬂﬂ%uﬁ’)ﬂﬂuﬂl@ﬁﬁ’)ﬂa1ﬂﬂ1ﬂﬁuﬂ1i‘ﬁ (2-9) (2-10) uag

(2-11) muanau

/ \ / \
|

[ 0.167 0.083 0.041 0
“ | 0.083 0.167 0 0 ‘
| | 0.041 O 0.250 0.041 |
/ |0 0 0.041 0.083 |

\ / \ /

oo ~N

= OO

N = OO
I

(J ]

A [} G Aa X2 . @ v A a o
glhﬂ 2.8 ﬁ')'f)f]"Nﬂ1iﬁ1ﬂ'J”Illu"lfﬂgL‘]_Iu‘ﬂLﬂﬂﬂ]uﬁ?ﬂﬂu‘“ﬂﬁﬁgﬂﬂﬁlﬂ”ﬂﬂﬂﬁﬂ”lﬂ 0

Homogeneity = Z Z (%) (2-9)
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SR (2-10)
Contrast = Z (i —)2P3,j)
i=1 j=1
e UxxPGD - X} @)
Correlation = Z
. Oy X Oy
i=1 j=1

Taofi m uag n Ao AnwnaazaNugIUELNATAG GLCM
PG, §) Ao Anuiwzilufidunia G, §) Tuwasnd GLCM
Lx 1oz Ly AosimAsuoamaing GLCM auuniiaznodiil
Ox iay Gy ABANTIBULIIATINVDUNATAS GLCM M0 iag

v J
ADANU

2.3.2 é’nymxﬁﬁmﬂm%ﬂmmm (Histogram Based Feature)

[ @

1 = a IS v o v A & A
sUsdnvazuazauauiavesda launsy Wiuanvedinyonlssinnniian

a ) Y I @ o ) = a Y Y aa
uElaJumﬂmﬂuaﬂHmzmﬂmMﬂ13%1Lmﬂm‘w 303519 E’lﬁiﬁllﬂilmzslﬂ"llﬂyjaﬁﬂﬁm@ﬁﬂﬁWN

]
v A A Aa

Y AA a 49! ] I Y A 49! o
muﬁmﬂﬂmuiumw LLﬁ%’ﬁn\lWiiWﬂﬂ’NNHW%ZL‘]JHQI@Q‘F]’NSJHIN’ET?'%ﬂ‘]JﬁL‘ﬂW]Lﬂﬂ"lluGluﬂWW AN

ANMIN (2-12)

h(» (2-12)

Taef i 7190,1,2, ... ,G-1
A o a A a 43! 1 Y A v A A LA 9
hfo i]TLlTLlWﬂ!,G]ﬁﬁ‘VILﬂﬂellurluLL@ﬁZﬂﬁWﬁJLﬂlﬂJﬁﬁ%ﬂUﬁl‘ﬂuN@ 1 ADAITULUVY

=S =S I~ g’} 1 =
AILAVANIUAINULA 0 DI 255

o szau Inuamluan

D 2D

G
N 719 TIUIUNNEAVININ TULUIUDY (Width)
A

Y
M A9 TIUIUNNBAVDIN TN IULUIAT (Height)

= o o v =)

9 9
ﬂiTV\laﬁImLﬂﬂJuuﬂJﬂmﬁﬂ‘Hm$ﬁ'lﬂiy‘l/l']ﬂﬁﬂﬂ (Statistic Feature) N191uA 4 AN

Taun

1 ~ A 1 = Y 2 o Y =
1. AURAY (Mean) A9 AURFIAIUANE G]Nﬂ'lll'\]ﬂ!hlﬂﬂWﬂﬁﬁJﬂ'ﬁVl (2-13)

G—-1
_ iP(i (2-13)
" Z iP(i)
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Anunl5159u (Variance) Ao manlasunlasanudu@seuaunde L a9

munaldnnaunsn (2-14)

G-1
0% = Z (i — w?P(D) (2-14)

1

Y A A =2 Aa
A1 (Skewness) AD ﬂ1VIL!ﬁﬂ\‘1’0\1ﬂ’J’lllﬁiJ3ﬂﬁi"llﬁ)\‘lﬂi'l‘wEK‘TIG]LLﬂiiJ nn

s

a A Y 9 < & ° Y
?Iﬁimlﬂillllﬂ’ﬂllﬁlliﬂ@]i!m? ﬂ’JHJL‘Ui]%ﬂJﬂHﬂu 0 G]Nﬁﬁﬂiﬂﬂ?ﬂ?]mllﬂiﬂﬂ

aumsn (2-15)

G-1
5= 0-32._1 (i — W?P() (2-15)

1

v
1 A o

' . A o a
A 1A (Kurtosis) Ao Andagagagauazaganialunsmluaalaunsy

% v o do 9 a . . °
%Qﬁﬂ’ﬂﬂ\lﬁhwu‘ﬁﬂﬂﬂ?iﬂi%*ﬂ?ﬁlﬂlﬂyjmlﬂﬂﬂﬂﬁ (Normal Dlstrlbutlon) ATUIT

Tannaunisn (2-16)

G-1
k = 0-421_1 (i — W*P() (2-16)

1

~ [ Y a [ ~ ] 9
iﬂﬂgﬂ‘ﬂ 2.9 uﬁmaﬂymzmmmmmﬂimaaimmmiuaﬂymzmmﬂ@mﬂu

1) Tawgit 2.9(n) uaasnswmaaTaunsuriniaun Taviiaranuafifludan 318 2.9v)

a Y = I 1 { a
ueraansmaa Taunsudniede Taeliannualiiluaiay uazgilh 2.9a) uaainsngala

J

I~ A v 9 v A "W 4
UATUNTUUING IﬂEJ?JWﬂ’JHJL‘UHﬂiﬂﬁﬁfHEJHﬁﬂmm‘uﬁuﬂ

Frequency

80
70
&0

40
30
20
10

Skewness =160 Skewness =-1.60

80
70
&0

40
30
20
10

Frequency

s o6 1 o5 8 m oM o1 1 1 2 3 4 5 & 7 & 9§ 10 11 12 13

Measurement Measurement

(n) (V)
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Skewness =0

= s -
-

L= - |

F requency

1 2 3 4 5 & 7 8 9 10 M 12

Meaz urement

(a)

517 2.9 dnvaganuvesnswdalaunsy (n) Wimeun @) wnedhe () auuas

(https://www.spcforexcel.com/knowledge/basic-statistics)

910317 2.10 naasanvazaNy Iasvensmaa launsuludnyagnuanaenu
1l Taegalii 2.10(n) uaasnivda Taunsuifidnnu Taales Taolisnnulauiiudran dau

{ a { 1 1 v 13 1
31U 2.10%) uaaansmaa launsundmanulawn Tagiainnulaudluainn

Kurtosis =-1.10 Kurtosiz = 1.51

B RaoLd o Ga
@ th @

Frequency
Frequency

= o

=

1.2 3 4 5 6 T8 9§ 10 N 1.2 3 4 5 € T & 9 10 N

Measurement Measurement

(M) ()

1% 2.10 dnpaganu Tasweanswdd Taunsu (n) A Taaios (u) A Tawn

(https://www.spcforexcel.com/knowledge/basic-statistics)

233  an¥azdfgved31/913 (Shape Feature)

]
v ) =

@ o o 1 Y g 4 A o
ﬂ']iﬁ']aﬂ‘]%lmzﬁ']ﬂﬂluﬂlﬂ\ig1]5']\Tuul‘lluﬂﬂﬂﬂﬁgﬂﬂﬂﬂﬁ']ﬂﬂlﬂﬂ'lﬂﬁuxiﬁluﬂ'ﬁ

9

TUUNNN AUVAIIMINGIRDINTNIZTWUNIAgToHad ez 15198197 U NN AN UL

U

2l

Y 1 Y I o 1 @ 1 a @ o o 1
1 flJusll@QgﬂiNﬂlﬂﬂﬁﬂqfﬂglﬂH@I?iguﬂ'JTﬂJllﬂﬂ@]']\iﬂl’f)\i')ﬂi}&!ﬂﬁ%‘lﬂ!ﬂ ﬁﬂi&lﬂ!gﬁ'lﬂtysllﬂ\‘]g‘ﬂi”lﬂ

9 Yy d” = Y 1 J . 1 U
dhaa ldun fun (Area) UAIFHENAN (Diameter) mug}ummgﬂin (Convex Area) 1A59

9

=3).
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1 4 @
319 (Skeleton) Lﬁ’usaugﬂ (Perimeter) SSEJ%VIN%]”Iﬂﬁ;ﬂf‘{‘LlEJﬂaNllﬂﬂﬂlf%juﬂlﬂ‘u (Centroid to
Distance)

o <3 S o 1Y 1
Tumsswunuzd admuanamuun Tuunsuiu Taena ldudranvaz gl

1 A v A

y A dyag o y X g - v A Ay g o
"Uf’)\iﬂ@ulu@ﬂqmlﬂu@uGIiTﬂllﬂgﬂﬂuluﬂﬁ]ﬁﬁlguﬁﬂﬁ1\1‘1/]?’”\‘1ﬂu D ﬂﬂuluﬂﬂlINLﬂuﬂu@iTﬂ

U

Y
(2

~ I 1 1 9 Y A =\ v Y = v o
ITY mslngﬂugﬂﬁNﬂaumNﬂammzwmJmﬂaummzmaamﬂuea c]NGlfL!‘I/]”I\Tf‘lﬁ‘]_lﬂ°Lll

=) a

v 9 Y
it TduesdlungFaiudnvazgdine: ludlugings Tanudadioanay 18

U

vy A g
NOULUDT
1Y = A

F4 9 Y
10N HagveveINewtiorzliseondnuin auinlunuitelitudenldanuusdirgued

v
9 & an =1

' o [ J Y dy @ I
5U51 Tasrhmsdaszezneningaguinannvenouile llduduveu ¥a35msiiazilunsg

. . ) .
anulasuntlasesnnuldenngaguinans hlduduven Fedriinsnlasuuasniulds

4 v Y 9 S v Aa ] Y dy (Y =)
i]'lﬂi!ﬂﬁuﬂﬂﬁ%‘lhlﬂENL’ﬁ‘uﬂl@‘ﬂuﬂﬂﬂﬁ'uu‘]ﬂ§1uUl@i]ﬂl]uﬂ’f]ulu’ﬂhlﬂﬂuﬁ318 HAagUINUNIT

Y
a

{ Y ¢ ) ' D) g o Y 3 9 {
Lﬂaﬂullﬂaﬂﬂ’)TNIﬂii]Wﬂi}ﬂﬂuﬂﬂaNllﬂENLT(T“L!"UﬂUﬂﬂuﬂlNM1ﬂﬂﬁ'u‘L!’]eIﬁTL! mnﬂuﬂamﬁaﬁ

LX)

= I 4 = J v 9y [ =i
Niﬂﬂ’]alﬂungﬁ\j G]f\‘ll!ﬁﬂ\?ﬂ’lﬁfﬂ']igﬂ$ﬂ1ﬁﬂ1ﬂﬂﬂﬂuElﬂa']\ih],ﬂﬂ\uﬁum’ﬂUQQﬁiJﬂ']iﬂ (2-17)

r(n) = [(x(n) — gx)? + (y(n) — gy)?]"/? (2-17)

{ 4 @
Taed r(n) Ao szeznINgaguanas liliduvenla 9 vesiag
A A o a A d Y
x(n) A9 WA x VoIgANAaNdudUUL
A A o a A d Y
y(n) AD NNA y maaﬁmwmmamﬂumumau
g 19 NNA x YOIYANINAIIAY
g, fin #iiA y vosgAnanaadng
4 @ 1 1
UONMNMIHITZEZNNNINAgUENA Tduduvoundl Ay (Angle) 521719
A o 33 = 1 & Ao o Y = o A 9
yaaeegaedavnuny X nudnaimiland iy lagaealinsaiuiauv e lylunis

vIvonanyasd1AyYeIg I dunNITN (2-18) HAAINITHIYNILHINYATDIYA

n) — 180
0 = arctan <Y( ) gy) X (2-18)

x(n) — gy T

{ @ 1 o J
UN 2.1 uaAIRI9e19NITAIUINTZIZTN I INYAAUINAN g = 123 U
Y

3
WAALFUVOU x(n) = 190 1A y(n) = 80 eMI5OAIUIN |

[

f
Yo A
AANU

g, =150 11Jds
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F(n) = [(190 — 123)2 + (80 — 150)2]2 = 96.90

x(n)=190, y(n)=80

A 7 )
iﬂ‘ﬂ 2.11 ﬂﬁ‘ﬂﬁzEJZ‘V]N%Wﬂi}ﬂﬂu‘c’lﬂaanﬂﬂﬁlﬁuﬂJ@‘U

U

o Y 1% U d d =
24 msmamnﬂszmﬂmayjamﬂmwwamnnmasamwu
o 0 ) . . < a ¢y £ Aq o
Tutlagiiumssunvoya (Data Classification) 11114 AATITHYDYANUFTIUNTIATY
9 4 . . an R ) o
ﬂlmm‘iﬁmugﬂlmm%q (Machine learning) 1Az @0@ (Statistics) M3TwUNeINIT01 1)
9 Yo Y 9y a o ° 9
Uszgnaldnudeyalavarsiszimn o1fimu msdwundoyaningiudoya (Database) N3
o Y . 7 I Y
TWUNUVDYANIN (Image Classification) 1T e
@ J 4 I3 a o [}
FUNOTAINADITUNBFY (Support Vector Machine : SVM) 1 uITmMsdmiuduiun
] A Aa 9 ' ™ @ o I = 2 ax = 9 A Y
Poyantsulredraunivarsluilagiu dnnesanniaesuuyyudulIsmsFeuguuuig
) . . . ) L Y v o 9
uuzd1 (Supervised Learning) #3e11501 lszgna g 1dnulyminissmundoya (Data
a ¢ o o 4
Classification) (4% N1TUATITUNITNANDY (Regression Analysis) A5MUN Tagsunesa
4 =~ E A o & A ° Y 4 o 3 Y Y
nawesuNBFUIY Tnanmsiuguaezimsadielanlesmavniiveunsadesaiundriaun
= . . A o I3 9 Ao 9 = @ A
Nga (Maximum-margin Hyperplane) 10133 munvoyaniigi uaz luvaizi@ginuiie
¢ A & v v A y ¥ vy 3 Y
18lanlosmauifivevnsdesmunanniigands iduvesveuuaazmuiuIzAosdar 1Y
A 9 o ¥ qYy A v & ¢ o A
wsonsounquieymind Iidesnge aAniumsmauns lenlosmaunazyuiaveuwnsaui
murzay vz ldasodinundeyaldedrafidszdnsaiw awnaacluglh 2.12
A J ooy A = v v Yy 9 = v A
nfFsueioumsdaauurmuuiEeullszm sy Farzdesaisouulinnannigamineg

I o { %] ]
Aul1d nazazdeaihaerhuiseuilssnyulidsenaaaie duilsa199 (Parameter) Y04

Q
v v
aAa A a

a ¢ e a o 7 .
ﬁmim"lmﬂ’aimauuu hli‘?llll"lfﬂ"l'ﬂ'J%'f]"li“l’i"li?l"lﬁf)“l_l ANFALUUUAIDATINNEG (Quadratic

q

Programming Optimization Problem)
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° <3| { o o o %
vuald D = {(xy;)1r, Fuwwavesdoyanazinisswun Taslisuiugada
unudeyauAazA N n 9a wag TAdeyaniiny d U@ (d-dimension) HazauNAINT 19
o ' o I
NMITWUNAAIE (Class) Hiisauadenand Ao y; € {+1,—13, Tasimvuaitluaaie +1 uay
o & & o v 7 J 4 14
Ae -1 ANUTUARUMTINNUHANYBITHWEIANNMOTLNTTY Av Mav lanfesiwau ns
[ 9 o J 3 Ja o J 4
MumszezniaInyadeya lldalanlosmauy msfmuamssunazdwnesnnmoives

Talosimau

X3
A
N O
N, e
|, Q0 o
\ "Uxé\ /‘b

A % Py O

AN

‘ Y 'Of’"?? O

m margin
X,

Maxi
AN

A ° ] an ) 7 I ~
3‘]_]‘14 2.12 ﬂTﬁnLLuﬂ"U@Hﬁ 2 AAE TﬂfJ'J"D'ﬂTiGBWW?J‘i@lL’Jﬂlﬁ@ilm‘]ﬂ“ﬁu

d
2.4.1 Nawlesimau (Hyperplane)
o a Yy Y J v 9 aa & Y
mimuummmumﬂagﬂaimau h NUVBYA x YUIN due l.!l.!ffﬂiﬂﬁmlﬁﬂﬂllﬂ

AaaUNITN (2-19)

h(x) =wTx+b (2-19)
= W;1Xq + WyX, + -+ WgXq + b

1 J 1 g o . .
Tag w nual Weight Vector M301INAD5 9291111 N 11 d-dimension Lag b
I J [ 1 { 1 J & @
iudinans (Scalar) Goni1a1 luned (Bias) Tasluuaazyaneguulanledmanivu naaea

aunsn (2-20)

h(X) = WTX +b=0 (2_20)
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4 o [ . . ] gé té
larloSiwau h(x) 22113029180 d-dimension space PONDENAZATI F4
3on3115009enBUdY (Linear Separable) 1A w itaz b Ao dudshldbeaumdunly

U g’; I a g I 9 g// I A
gnnaNe aIu X uugﬂuauwm’mmai aIUy ilzu,ﬂumizu’mayjaumﬂuﬂmﬁ +1 %50

L 9 9 Ao v ° aa gy < s A g
-1 cmmsuay,amumnnmmmmuummuamai"lﬂ mﬂ%mmsam“lmﬂmmaumﬂu
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X=X, +T " (2-25)
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. o [ 14 o 1
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_Y (WX +Db) (2-38)
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2.4.4 MSUUUENIBUEY (Linear Separation)
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2.4.5 “”WW'ﬂiﬂﬂﬂ!ﬂﬂﬁ!!u‘lﬁ%u!!ﬂﬂ“ﬁﬂwﬂu1iﬂu (Soft Margin SVM)

v 9 A 9 a o aa J g’/ o ) 1
i]"IﬂTi’J"lJi’J‘V]N"Iull"ILi"Illﬂﬁllim’J"l mimuummuamﬂiuummm‘wﬂﬂamq

4 o 4 4 1 @ 1 Ia 1 g}/ ' I a
TUYITULUY Tﬂﬂcmwmm’mmmgmam’J%ﬂgumﬁ’ummmﬁmmmu waluanudues

v
=1

) ° o & 9 7 & ) & W I Sy 1
LA ﬂ”lii]”llmﬂﬂ”ﬁ]hlﬂinlﬂuﬂ’EN?T?J‘]J”imLLlIlI cmmimzaytymimmmﬂucuwweim’mmai vlll
o I Y 1 9 ia Y o 4 4 1
inuJummguumummummllﬂ Li"lﬁ”lll”liﬂ’f]‘lgﬂuﬂ@]iﬁ“H‘W‘Wi’)ﬁmilﬂmaii_lﬁim aq"lu

' Ia o s YR o q 9 o y a A 2 o
ﬂl@ﬂﬂlﬁig‘ﬂ’JNNﬁFﬂUﬂUVlEllﬂ@imﬂullﬂ C]f\‘l‘l/lﬂﬁﬂﬁmlmﬂuuwﬂ31%8@148;1!61]1! mumﬂu

[ E4 v
51 2.15 3n15H021M1311A1 Slack Variable tindnlunsdaduanudanguvoaniiiu

U

A s da 7 = AR =2 o 2 s 1
31]14 2.15 G]ff]T\lﬁﬁJWi%ull?‘l!ﬂ@ﬂWﬁu ﬁ;ﬂ‘ﬂﬁ$‘1J1EJ’GTVI‘1J1/?1]']EJE‘I\1“])’WW?J'§§IL’Jﬂm’f’)i HIUAIY

SO |
Ae I IUMIAY ”— (Zaki, 2014)

wl|

AN Y 1 Y o o 9 aa < Y s
ﬂWﬂVIVlﬂﬂﬁ'l'JiJ']Lm')LﬁWﬁHﬂﬁﬂ“ﬂ'lﬂ']ﬁEDHL'L!ﬂﬂl@yﬁu‘ﬂ‘ﬂﬁlu&iLLﬁgllﬂll‘é!‘iJﬂﬁ

A T o 4 4 ~ v A
NAUNUR W TUINTUNIT Yi(w X + b) =>1 G]iWWfJﬁﬁL'Jﬂm@ilmcﬁcﬁuﬁ1ﬂ1iﬂﬂﬂﬁuﬁ;ﬂiﬂ 9

nliannsadwunlddaensiiansanai Slack Variables & A9aumsf (2-54)

Vi (WTXi +b)>1- F’i (2-54)

] |1 £4
iiio & > 0 Apf Slack Variable §113U7A x; 4471 Slack Variable Hazuandds
1 S o J 4 a Ia 1 .
ANVANANYAVDIATHNOTAINABST M8 TUUTNUVOIWTIY ANYBY Slack Variable ¥

- ) v ' ¢ v oy
LL‘]J\H‘]J'L! 3 ﬂ’izm‘ﬂmu 1 ai =0 ﬂﬂmayja%aqmﬁmﬂ"la!,ﬂasmaummwzmmmmaﬂ
1

Iwl|

1 gﬁ 1 Ia o ] y
0 < & < 1uaasinanuegmeluinituuazgniwunldgnaaauazedgnidaves



29

Y v
Y o a

4 1 <] 1 1A
"larﬂaimau i’JEJNhliﬂ@]"IlIﬂTﬂ éi >1 Llﬁﬂﬂ’ﬂi]ﬂuuﬂﬂiﬂuuﬂﬂﬂﬂﬁ?ﬁll’d%ﬂgﬂ@PQIQ"U’EN

Tanlosimau
{ 1 o ' o
Tunsaiues Non-separable #3oyadoyah luannsadwunaae ldedeauysol
g v a S da Ry o ) ¢ A o Y @
vz ldimatia verdunsiu Fuihwinewanvesdnwesannmeinaedidesn laulesiman
A A da Yy A ya . Yy 1y @ 1A
Mvnzauuaziinisundeiiga Tasouna il Slack Variable lauadeuiluamimungay

Tuwnnseeanuli Taauaaadaaunis (2-55) uag (2-56)

2
Objective Function: miny,p, { @ +C Z{‘zl(ﬁi)k} (2-55)
Linear Constraints: y;(w'x; +b) > 1 — &, VX €D (2-56)
E-’i =0 VXi eD

v
A R

A I 1 I [ 1 = 1 FI o ~
e C U k Lﬂuﬂ1ﬂ\11/l°lf\1!ﬂuﬁﬂﬂﬂﬂ@ﬂﬂ\?ﬂ'ﬂ%ﬂ?ﬂ (Cost) UBINITIULUNN

Aa A 3 ) @ A ' A g A 9 v o = '
WAWAA (Misclassification) 1908 19AD 1NN C Mﬂ'”fllu 0 Wﬁﬂl"u'ﬂﬂa 0 uuﬂu']ﬂﬂ\i"luﬂlgiy']ﬁ

Yy A

Y o a o & 2 o Ja A a
Glfl’ii]ﬂclﬂ 7 QNVIUNAA AN UUTNNIT (2-55) i]\‘1ﬂ1ﬂ1§ﬁ1h15%uﬂﬂ’ﬂx‘l‘ﬂﬁjﬂﬁ1hﬂﬂ@l Tunig

v v A X 1 9 Y . < =) Y 1 Ja A
AAUNUYIN C UAINVU 13U C 191 1nanT 00 (Infinity) NISUNANTENUNUNITHIATNITIUN

! o @ 1 A & ~ 2 g T Y oA Y
MU FAUDYINNUIN GIHITUAIAIN k uu%umimmtﬂu 2 AMANU AD 1 LAaS 2 FIDNT1HN k=1

v
=

' A J 9 h ' i A 9
i]ZLdﬁfJﬂ'ﬂ nge Loss i]ﬂﬂigﬁﬁﬂﬁ@@@\iﬂ’lﬁﬁ’]ﬁ]’]u’)uwaijmﬂl@\‘iﬂ'l Slack Variables ﬂu@ﬂﬂq@

=

J ' 4 J ' o w { o
UAYIN k=2 (38N Quadratic Loss i]ﬂﬂigﬁﬁﬂﬁ@ﬁﬂﬂﬂ1ﬁﬂ1ﬂ1waiﬁmﬂﬂﬂWﬁQﬁﬂQﬁH@ﬂﬂQ’ﬂ

U943 Slack Variables

dJ Jdou v w d d
2.4.6 meimaﬁan“vunumwwmmanmamm%u (Kernel Function with SVM)

- o ) aa 2 ! A ° ) Y
Glu‘lJNﬂﬁleﬂ13ﬂ1lluﬂﬂlﬁ]yﬁllﬂﬂmuﬂﬁ u”lwmmmmzmuuﬂﬂmga"lﬂasm

Y 2 o & £y o J Jd o . Y1 v @ J J ~
ANAvdY WIntuassinnesananyu (Kernel Function) 11']51553QMﬂUGﬁWWﬂﬁﬂljﬂlﬂﬂillusﬂsﬁu

[ o . . a I
WaNNITADIZADIINITUUN (Map) 13 0111)a4 d-dimensional Y0999 x, Tudunnenlalahiilu

v Y
9 O(x;) Gluumsfay,awqﬁu (High-dimensional Feature Space)

=

= @ [] [ 9 { o 9 aAa o 1 ~
51U 2.16 LLﬁﬂ\iﬂ'Jf’)fJNaﬂ‘ngsU’ﬂiJaﬂﬂ']ﬁENLL'L!ﬂsllﬂiq\l‘ﬁll‘]J‘]JﬁLUﬂﬁllﬂJﬁ"lﬁﬂiﬂVl

G Rl

] [

° ] <3 { g . .
wimun ldvdegnaes g1 lsnamaindoeyansgl 2.16 Tua111501% Quadratic Classifier

a

unnalsvunn 2 06 X = (xq,%,)T

q

@)D

Tumssuwunamadesnaald Tasfmualideyalu
Y

a

=

gnudaslifluilnes ales (Feature Space) WIHATIU (xq, x,, x2%2, X1, %X,) Taoldgas

v Y [
msuasdadl 0(X) = (V2xq, V2xy, X2, X2,V2x,x,) T dariudadlu 1 1dfeesiimssuun



30

a 4 AaA 2 4 % { < 1 { g
Joyanvvaiesvudoyadangayuluilaesmily ¥z 2.16 viuldhgiaGmi

U

Y ==X

FUNVFN 2@ TUUNAANE 2 ﬂmﬁaaﬂmﬂﬁ’u"lﬁ'(ﬂmmmmgﬂammﬁammmmau)
1 1 A d Y] 4 4 g// ~ ~ R & 1 9 A
TIUYAAN 9 %Lﬂu“BWW@iﬁ!’Jﬂmﬂiuuﬂgllﬁﬂﬂi}ﬂ‘ﬂigﬂ18ﬁ‘ﬂﬂ FIDYUUITUNITIY (155N

Maduilsy)

0 1 2 3 1 5 G 7

A ) 2 7 ~ g a9 A AR A o s s
31]14 2.16 G]fW‘IN’E]iﬁL'Jﬂm@iLLNGKGHuLLUUVlNLﬂHLGHQ!ﬁu i]ﬂﬂﬁﬁUWﬂﬁ‘ﬂ‘UﬂﬂcﬁWWﬂiﬁDﬂm@i

(Zaki, 2014)

9 o I 7w Y A 9 £ o ] 1
ﬁWﬁﬁULﬂ@iLuaﬁ\‘lﬂ%uuﬁa1ﬂllﬂﬂ1ﬁmﬂﬂ1“ﬁ\ﬂu mmﬂaﬂymmawaua%

=~ ° aa ¢ 9 A ) s 7w ' Y A
ﬁnﬂiﬂﬂﬁmﬁﬂlluml‘ﬂﬂmuﬂillﬁ'lﬁ']ﬂJ']ﬁﬂmeﬂi‘lﬂﬂ@ﬂuaﬁ\‘]ﬂﬂfuLmaZLLU‘Uklﬂ LHBN ﬁ]']ﬂ“quﬂ

9 3 g’/

=1 an 9 d‘ 1 1Y é 1 1 9 v Aa o A 9
VBDYAUAASYAUUNNITNISUUASHAVDYANUANATINNUY GINmuslﬁagumumﬁnﬂ%maﬂh
J I o o 1 = =] m 9 4
ADFIANINTUTIANY q HuYy wazihwaaNuuuu s eumeuny G]f\‘i’fﬂzﬂ‘ﬂﬁﬂllilhlﬂ’ﬂ!ﬂﬂﬁluﬁ

Jd v 9 [ g’l = 9 =\ [ 14 Jd v 1 =&
ﬂ\‘iﬂ%uiﬂlﬁﬂ1$ﬂﬂﬂlﬂyjaﬂi$mﬂ1ﬂ AIUUIABIUNITNAADINUADTIUAWINTUNINAINHY

o [ 4 du Aa Y o @ Y o ~
Uy ﬁWﬁiUlﬂ@ﬁluaﬂ\iﬂ%u‘l’lu&ﬂﬂlsﬁﬂuﬁlu‘ﬂﬂﬂﬂua1m1ﬁﬂllﬁﬂqqﬂﬂ\1@]’]3’]\17] 2.1

A s Ju Aa 9 o W 2 s ~
AT NN 2.1 LﬂﬂiLuaﬂﬂﬂ%u‘lﬂuleIGlEIﬁ'JﬁJﬂ‘]J“IfWW’E)iﬂ!'JﬂW]E)iLL?JGD'GHu

Kernel Type Function K(x, X;):

2
Radial Basis Function (RBF) exp(—vllx — x| %), y>0
1

VI =xill +n

Inverse multiquadratic




31

A s Ju Aa Y v W s o ~ ,
AT NN 2.1 Lﬂ@ﬁluﬁﬂﬂﬂGIf‘Ll‘VI'Llflllslclﬁ'Jllﬂ‘]J‘ﬂfWW@iﬁnﬂm@ﬁ!LﬂJﬂf%u (919)

Kernel Type Function K(x, X;):
Polynomial of degree d (xT.xp) +m)d
Sigmoidal tanh(y(x".x;) + ),y >0
Linear XX

2.5 e idlumsdadszanimnvesluaa

251 INENANNUNY (Accuracy)

s g NG Yo Y 9 A ' °
mmmmmgmuLﬂummmﬂmmzﬂ‘}mamgﬂﬁawiammlmu1uﬂ15ﬂ1gguﬂ

s

) { ) 9 @ ° Y1 g
ﬂﬁgmmmagamaﬂumaﬁﬁﬂuginﬂﬁlgﬂmayla?]ﬂ LmZi]Zl,L’dﬂQNﬁﬁW‘ﬁﬂ%Mluﬂllﬂ’JuﬂuﬂaTﬁ

Y

.. A A = o oA ~A Y A
UIN (Positive Class: P) 159 AA1aa1 (Negative Class: N) FIHaantn laenuson 14 4 1 Ao

1.

' o dA [ 1 a
True Positive (TP) H18AINI HAGNTN 1A1NNITNIUI8AD P HaZAI934 9
A 9 ' o DAl = R 3 Y Y
NAD P AY 1B WWﬂINLﬂaﬂ1u1ﬂﬁﬂ'§‘(’Jﬂ‘HWH\3'JHﬂuﬂJ&‘iﬁWﬂullLlﬁ')NﬁﬂTﬁ
3 < Y =

mai]ﬁ@uuamuﬂummmmmaq

.. ' v Jay Y o 11 1 A
False Positive (FP) H18A141 WﬁaWﬁﬂqﬂQWﬂﬂ15ﬂ1u1ﬂﬁﬂ P L171A1934 9

Y A ' o Y 2 1 g 3 9 1
Hadne N %Y ‘mﬂTmmamuw&gﬂ’sﬂﬂuwumuﬂumwwnuu UAHANTT
1 1 & < 9
sv“li3%ﬁ@ummﬂmﬂummmmm
. 1 v Ay Y o 1
True Negative (TN) N804 WﬁﬂW‘ﬁ‘ﬁhlﬂ%1ﬂﬂ15‘Vﬂu1fJﬁ@ N uagnn
a 3 A v ' o 91 &£ 1 g 3 9
939 91 NAD N AY LB 1"i1ﬂTlllﬂﬁi’ﬂuWfJIZj]’]J’JEJﬂlH’TlN'NlliJLﬂuugli\imTHM
Y 1 1 a3 < 9 a
LLﬁ'JWﬁﬂWiﬁ'i'J%ﬁ’ff)‘iJ“]JfJﬂ'NUliJﬂJuuzlﬁﬂm11«!3Jﬁ]3\‘1
[ % P o [ 1

False Negative (FN) ¥i18a3141 WﬁaW‘ﬁﬁulﬁlﬂ"lﬂﬂﬁ'Vl'IU']ﬂﬁﬂ N 481123191
a Y A 1 o Y & 13 3 Y 1
939 € 1AIAD P LB ‘Vi1ﬂTm@a°nmw@,ﬂwﬂuwumﬂmLﬂummmmn L6

13 < 9
HaNsAsINEeVUDN UL UNIT UM U

& o 1 ] Y v d‘
«mﬁmﬁammmmmmzmu%mﬁmmi‘n (2-57)

TP+ TN

A = (2-57)
CCuracy = TP+ TN + FP + FN




32

2.5.2 A1 Sensitivity
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89.47% 90.91% 87.50% 1101£90.91% A1 L!ﬁ$’d11’ii‘Uﬂ1ii]1LL1Jﬂﬂ’JEJu1§WLUEJ GlfﬂﬂWﬂ’Nll
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SVM(ADSF-TH) AININD39 (Actual)
Positive Negative
AU | Positive | True Positive (TP) = False Positive Accuracy
(Predict) 31 (FP)=2 =((31+22) /
Negative False Negative True Negative (314+22+2+2))*100
(FN)=2 (TN) =22 =92.98%
Precision Sensitivity Specificity F-measure
=31/31+2) = (31/(31+2))*100 =(22/(2+22))*100 | = (2X0.9394X0.93944) /
=0.9394 =93.94%, =91.67% (0.9394+0.9394)
=0.9394
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(Predict) (TP)=30 (FP)=3 =((30+21) /
Negative False Negative True Negative (30+21+3+3))*100
(FN)=3 (TN) =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
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Naive(ADSF-TH) AININD33 (Actual)
Positive Negative
Mme | Positive True Positive False Positive Accuracy
(Predict) (TP) =27 (FP)=6 = ((27+20) /
Negative False Negative True Negative (274+20+6+4) )*100
(FN)=4 (TN) =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
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nosannmes I IdHanNUILNUAD 87.27% A1 Sensitivity A1 Specificity 1ALA1 F-measure
A9 90.63% 84.00% 118£89.23% aud1ay MIsuunalelaseiielszaniionliainuiv
A1 Sensitivity A1 Specificity LAYA1 F-measure A9 84.21% 87.50% 80.00% LaL86.15%
MuAA azdmSumssuundeudvliug 1Ay A1 Sensitivity A1 Specificity ag
A1 F-measure 710 78.95% 83.87% 73.08% 118 81.25% AN 161
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SVM(STH) AININD34 (Actual)
Positive Negative
AU | Positive | True Positive (TP) = False Positive Accuracy
(Predict) 29 (FP)=4 =((29+21) /
Negative False Negative True Negative (29+21+4+3))*100
(FN)=3 (TN) =21 =87.72%
Precision Sensitivity Specificity F-measure
=29/(29+4) =(29/(29+3))*100 =(21/(4+21))*100 | = (2X0.8788X0.9063) /
=0.8788 =90.63% = 84.00% (0.8788+0.9063)
=0.8923
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ANN(STH) A1AN1ND59 (Actual)
Positive Negative
MUY | Positive True Positive False Positive Accuracy
(Predict) (TP)=28 (FP)=5 = ((28+20) /
Negative False Negative True Negative (28+20+5+4))*100
(FN) =4 (TN) =20 =84.21%
Precision Sensitivity Specificity F-measure
=28/(28+5) = (28/(28+4))*100 =(20/(5+20))*100 | = (2X0.8485X0.8750) /
=(0.8485 =87.50% =80.00% (0.8485+0.8750)
=0.8615
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Naive(STH) ANNNDII (Actual)
Positive Negative
Amme | Positive True Positive False Positive Accuracy
(Predict) (TP) =26 (FP) =17 =((26+19) /
Negative False Negative True Negative (26+19+7+5) )*100
(FN)=5 (TN) =19 =78.95%
Precision Sensitivity Specificity F-measure
=26/(26+7) = (25/(25+7))*100 =17/(8+17))*100 | = (2X0.7879%0.8387) /
=0.7879 =83.87% =73.08% (0.7879+0.8387)
=0.8125
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Algorithm | Features Accuracy | Sensitivity | Specificity | F-measure AUC
(%) (%) (%) (%)

SVM ADSF-TH 92.98% 93.94% 91.67% 93.94% 0.94
STH 87.72% 90.63% 84.00% 89.23% 0.86

ANN ADSF-TH 89.47% 90.91% 87.50% 90.91% 0.89
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
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%ﬂ'ﬂﬁ%’unﬁﬂ%’uﬂ;mnum (MATLAB)

% Author: Pranam Janney 02/11/2003 14:30

% Outputs:

% Correction = gamma correction for the input image

% Inputs:

% Image = input image file

% GammaValue= gamma correction factor, if not specified gamma = 1

function Y=gamma_correction(X, in_interval, out_interval, gamma);
% Default return value
% X is an input image. Y is an output image
Y=[I;
% Parameter check
if nargin~=4
disp('Error: The function takes exactly four arguments.");
return;
end
% Init. Operations
X=double(X);
[a,b]=size(X);
% Map to input interval
if ~isempty(in_interval)
if length(in_interval)==2
X=adjust_range(X.,in_interval);
else
disp('Error: Input interval needs to be a two-component vector.');
return;
end
end
% Do gamma correction

X=X.gamma;
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% Map to output interval
if ~isempty(out_interval)
if length(out_interval)==2
Y=adjust_range(X,out_interval);
else
disp("Error: Output interval needs to be a two-component vector.");
return;
end

end
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% WanFumsvenga NN (MATLB)

% Author: D. Kroon, University of Twente

% Outpur

% J : logical output image of region

%Input

% I : input image

% X,y : the position of the seedpoint (if not given uses function getpts)
% t : maximum intensity distance (defaults to 0.2)

function J=regiongrowing(I,x,y,reg_maxdist)
if(exist('reg_maxdist','var)==0), reg_maxdist=0.2; end

if(exist('y','var')==0), figure, imshow(I,[]); [y,x]=getpts; y=round(y(1)); x=round(x(1)); end
J = zeros(size(I)); % Output
Isizes = size(I); % Dimensions of input image

reg_mean = I(x,y); % The mean of the segmented region

reg_size = 1; % Number of pixels in region

% Free memory to store neighbours of the (segmented) region
neg_free = 10000; neg_pos=0;
neg_list = zeros(neg_free,3);

pixdist=0; % Distance of the region newest pixel to the regio mean

% Neighbor locations (footprint)

neigb=[-10;10;0-1;0 1];

% Start regiogrowing until distance between regio and posible new pixels become
% higher than a certain threshold
while(pixdist<reg_maxdist&&reg_size<numel(I))

% Add new neighbors pixels

for j=1:4,
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% Calculate the neighbour coordinate
xn = X tneigb(j,1); yn =y +neigb(j,2);
% Check if neighbour is inside or outside the image
ins=(xn>=1)&&(yn>=1)&&(xn<=Isizes(1))&&(yn<=Isizes(2));
% Add neighbor if inside and not already part of the segmented area
if(ins&&(J(xn,yn)==0))
neg_pos =neg_pos+l;
neg_list(neg_pos,:) = [xn yn I(xn,yn)]; J(xn,yn)=1;
end
end
% Add a new block of free memory
if(neg_pos+10>neg_free), neg free=neg_free+10000; neg_list((neg_pos+1):neg_free,:)=0; end
% Add pixel with intensity nearest to the mean of the region, to the region
dist = abs(neg_list(1:neg_pos,3)-reg_mean);
[pixdist, index] = min(dist);
J(x,y)=2; reg_size=reg_size+1;
% Calculate the new mean of the region
reg_mean= (reg_mean*reg_size + neg_list(index,3))/(reg_size+1);
% Save the x and y coordinates of the pixel (for the neighbour add proccess)
x = neg_list(index,1); y = neg_list(index,2);
% Remove the pixel from the neighbour (check) list
neg_list(index,:)=neg_list(neg pos,:); neg pos=neg pos-1;
end
% Return the segmented area as logical matrix

J=1>1;
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dou o o w a
%ﬁan%uanymzmmgmmaaimmw (MATLAB)

function [meanGL varianceGL skew kurtosis] = GetSkewAndKurtosis(GLs, pixelCounts)
try
% Get the number of pixels in the histogram.
numberOfPixels = sum(pixelCounts);
% Get the mean gray lavel.
meanGL = sum(GLs .* pixelCounts) / numberOfPixels;
% Get the variance, which is the second central moment.
varianceGL = sum((GLs - meanGL) .» 2 .* pixelCounts) / (numberOfPixels-1);
% Get the standard deviation.
sd = sqrt(varianceGL);
% Get the skew.
skew = sum((GLs - meanGL) . 3 .* pixelCounts) / ((numberOfPixels - 1) * sd"3);
% Get the kurtosis.
kurtosis = sum((GLs - meanGL) . 4 .* pixelCounts) / ((numberOfPixels - 1) * sd"4);
catch ME
errorMessage = sprintf('Error in GetSkewAndKurtosis().\nThe error reported by MATLAB
is:\n\n%s', ME.message);
uiwait(warndlg(errorMessage));
set(handles.txtInfo, 'String', errorMessage);
end

return; % from GetSkewAndKurto
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%ﬁ'ﬂﬁ%’ué’nymxﬁﬁtymaagﬂén (MATLAB)

% Eli Billauer, 3.4.05

% Output

% maxtab: maximum peak
% mintab: minimum peak
% Input

% v: Vector delta: x:

function [maxtab, mintab]=detectpeak(v, delta, x)
%Detect peaks in a vector
maxtab = [];
mintab = [];
v =v(:); % Just in case this wasn't a proper vector
if nargin <3
x = (1:length(v))";
else
x=x(2);
if length(v)~= length(x)
error('Input vectors v and x must have same length");
end

end

if (Iength(delta(:)))>1
error('Input argument DELTA must be a scalar');

end
if delta <=0
error('Input argument DELTA must be positive');

end

mn = Inf; mx = -Inf;
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mnpos = NaN; mxpos = NaN;

lookformax = 1;
for i=1:length(v)
this = v(i);
if this > mx, mx = this; mxpos = x(i); end

if this < mn, mn = this; mnpos = x(i); end

if lookformax
if this < mx-delta
maxtab = [maxtab ; mxpos mx];
mn = this; mnpos = x(i);
lookformax = 0;
end
else
if this > mn+delta
mintab = [mintab ; mnpos mn];
mx = this; mxpos = x(i);
lookformax = 1;
end
end

end
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function [outclass, fl=my svm()

outclass = []; Yeoutput class

f=[]; %output score

rrow = 190;

classcol = 20;

dat = csvread('total shape.csv');

data = dat(1:rrow, 1:classcol);

groups = dat(1:rrow,classcol+1);

groups2 = vertcat(dat(1:56,classcol+1),dat(81:157 classcol+1));
groups3 = vertcat(dat(57:80,classcol+1),dat(158:190.classcol+1));
% Matlab build-in SVM

[g, gn] = grp2idx(dat(1:rrow,classcol+1)); % Nominal class to numeric

% Split training and testing sets

[trainIdx, testldx] = crossvalind('"HoldOut', dat(1:rrow,classcol+1),0.3,'classes',{'0",'1'});

pairwise = nchoosek(1:length(gn),2); % 1-vs-1 pairwise models
svmModel = cell(size(pairwise,1),1); % Store binary-classifers
predTest = zeros(sum(testldx),numel(svmModel)); % Store binary predictions

% classify using one-against-one approach, SVM with rbf
for k=1:mnumel(svmModel)
% get only training instances belonging to this pair
idx = trainldx
% train
svmModel{k} = svmtrain(data(idx,:), g(idx), ...
'Autoscale',true, 'Showplot',false, 'Method','QP", ...
'BoxConstraint',2e-1, 'Kernel Function','tbf, 'RBF_Sigma',1);

% test
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predTest(:,k) = svmclassify(svmModel{k}, data(testldx,:));
[outclass,f] = svmclassify2(svmModel{k}, data(testldx,:));
end

pred = mode(predTest,2); % Voting: clasify as the class receiving most votes

% performance

cmat = confusionmat(g(testldx),pred);

acc = 100*sum(diag(cmat))./sum(cmat(:));
fprintf('SVM (1-against-1):\naccuracy = %.2f%%\n', acc);

fprintf('Confusion Matrix:\n'), disp(cmat)
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% Wan¥uns vl ROC (MATLAB)

% Output

% Tps: True positive rate  Fps: False positive rate

% Input

% Scores : Score from classification labels: Label of class from classification

function [Tps, Fps] = ROC(scores, labels)
% Sort Labels and Scores by Scores

sl = [scores; labels];

[d1 d2] = sort(sl(1,:));

sorted_sl = sl(:,d2);

s_scores = sorted_sl(1,:);

s_labels = round(sorted_sl(2,:));

% Constants

counts = histc(s_labels, unique(s_labels));
Tps = zeros(1, size(s_labels,2) + 1);

Fps = zeros(1, size(s labels,2) + 1);
negCount = counts(1);

posCount = counts(2);

% Shift threshold to find the ROC
for thresIdx = 1:(size(s_scores,2)+1)
% for each Threshold Index
tpCount = 0;
fpCount = 0;
for i = [1:size(s_scores,2)]
if (i >= thresldx) % We think it is positive
if (s_labels(i) ==1) % Right!
tpCount = tpCount + 1;
else % Wrong!

fpCount = fpCount + 1;
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end
end
end
Tps(thresIdx) = tpCount/posCount;
Fps(thresldx) = fpCount/negCount;

end

% Draw the Curve

% Sort [Tps;Fps]

x =Tps;

y = Fps;

% Interplotion to draw spline line
count = 100;

dist = (x(1) - x(size(x,2)))/100;
xx = [x(1):-dist:x(size(x,2))];

% In order to get the interpolations, we remove all the unique numbers
[d1 d2] = unique(x);

uni_x = x(1,d2);

uni_y = y(1,d2);

yy = spline(uni_x,uni_y,xx);

% No value should exceed 1
yy = min(yy, 1);

plot(x,y,'x',xx,yy);
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#7111 R (3an1 3R plotOverlappingHist

library(EbayesThresh)

library(ggplot2)

df <- read.csv(file= "C:/Users/Kedkarn/Documents/R_SVR/total shape.csv",header =

TRUE,sep=",")

peakk <- df[1:190,20]

tfromx(peakk, prior="laplace")

bb <- data.frame(df[1:77,20])

mm <- data.frame(df[81:136,20])

threshold <- quantile(peakk, probs=0.48)

threshold

ggplot(df, aes(x=peakk, color="blue")) + geom_density() + geom_vline(xintercept=threshold)

TR R R 3

#combine two dataframes into one. First make a new column in each.

bb$veg <- 'benign'

mm$veg <- 'malignant’

colnames(bb) <- ¢("peak”, "veg")

colnames(mm) <- ¢("peak”, "veg")

#combine into the new data frame vegLengths

vegLengths <- rbind(bb, mm)

#make your plot

ggplot(vegLengths, aes(peak, fill = veg),xlim=NULL,ylim=NULL) + geom_density(alpha = 0.2)

R R R

ov <- plotOverlappingHist(bb$peak, mm$peak, colors=c("white","gray20","yellow"),
breaks=NULL, xlim=NULL, ylim=NULL)
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# Output

# overlap: Overlap value from two histogram

# Input

# a:vectora b:vectorb colors : Colors for histograml histogram2 and overlapping

arca

library(ggplot2)
plotOverlappingHist <- function(a, b, colors=c("white","gray20","gray50"),
breaks=NULL, xlim=NULL, ylim=NULL){
ahist=NULL
bhist=NULL
if(!(is.null(breaks))) {
ahist=hist(a,breaks=breaks,plot=F)
bhist=hist(b,breaks=breaks,plot=F)
}else {
ahist=hist(a,plot=F)
bhist=hist(b,plot=F)
dist = ahist$breaks[2]-ahist$breaks[1]
breaks = seq(min(ahist§breaks,bhist§breaks),max(ahist$breaks,bhist$breaks),dist
ahist=hist(a,breaks=breaks,plot=F)
bhist=hist(b,breaks=breaks,plot=F)
H
if(is.null(xlim)) {
xlim = c(min(ahist$breaks,bhist$breaks),max(ahist$breaks,bhist$breaks))
§
if(is.null(ylim)) {
ylim = ¢(0,max(ahist$counts,bhist$counts))
§
overlap = ahist

for(i in 1:length(overlap$counts)) {
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if(ahist$counts[i] > 0 & bhist$counts[i] > 0){
overlapS$counts[i] = min(ahist$counts[i],bhist$counts[i])
}else {
overlapS$counts[i] = 0
h
}
xlim = ¢(30,150)
ylim = ¢(0,20)
plot(ahist, xlim=xlim, ylim=ylim, col=colors[1])
plot(bhist, xlim=xlim, ylim=ylim, col=colors[2], add=T)
plot(overlap, xlim=xlim, ylim=ylim, col=colors[3], add=T)
return(overlap)

}




MANUIN U

a d' Yo A A d ¥ v =®
uﬂmm’mnmsﬂ"lmummwuwmmmﬂmzmnmiﬂﬂm



92

A a d' Yo a2 A d 1 v =]
3181‘”@‘1]7]?]31313‘“1ﬂ1§1’lulﬂi'iJﬂ]iﬂWNW!NE]E!WﬂN‘J%?‘i’J1Qﬂ1‘JﬂﬂH1

Kedkarn Chaiyakhan, Nittaya Kerdprasop and Kittisak Kerdprasop. (2015). Mammography
ImagesCategorization with k-Means Clustering. SEATUC 2015 the 9" South East Asia
Technical University Consortium (SEATUC) Symposium 2015, Suranaree University of
Technology, Thailand. 27-30 July 2015.

Kedkarn Chaiyakhan, Nittaya Kerdprasop and Kittisak Kerdprasop. (2016). Feature Selection
Techniques for Breast Cancer Image Classification with Support Vector Machine.
IMECS’2016, International MultiConference of Engineers and Computer Scientists 2016,

Hong Kong. 16-18 March 2016.

Kedkarn Chaiyakhan, Nittaya Kerdprasop and Kittisak Kerdprasop. (2016). Mammography
Image Classification and Clustering using Support Vector Machine and k-Means.
ICIC Express Letters, Part B: Applications, International Journal of Research and Surveys,

7(5) : 961-967.



93

MAMMOGRAPHY IMAGES CATEGORIZATION
WITH K-MEANS CLUSTERING

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 fo 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 ftissue, 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 and decode 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 + (o) ¥’ (1)
where v 1s the encoding or decoding value. If value y <
1 is called and encoding gamma or gamma
compression, conversely if y > 1 is 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 -
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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 1s 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 = {x;, ..., xy}.
Since the data is p-dimensional, then represent it as
X, = [xn.l'""xn.p]' The distance function is d(X,,X,)
between two data points. The k groups has distinguish the
data into {z,, ..., zy} where xe {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.

Image oo _ Gamma
acquisition . g “|  correction
. _ | Convert vector Canvert 20-
Clustering (k=3) |- toCSVile |* 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(¢), 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 1s benign tumor. Accordingly, in Fig.
3(c), we also apply gamma correction in the image, it 1s
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
1mages 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.

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 15/2.4 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
1s 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, i 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 1s
0.62.

Table 1 Confusion matrix of 3 clusters.
Benign Malignant Normal
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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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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 ROl 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 ANDMETHODS

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 x22. 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 « (i)’ (1)
where v is the encoding or decoding value. If value of y <

1, it 1s 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 _-
1/2.2 -~
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Fig. 1. Gamma correction model.
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Fig. 2. Two different gamma correction settings.

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.

-~ I
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| ALY Y | AN
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(a)
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.

R= ULk

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
hyperplanes. An assumption is made that the larger of this
margin, the better of data classification.

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

D={(x,y)..(x,y) L x; eR™y, € {-1,1} (5)

A

N
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N Rz xé\\ \ﬁz‘*_ O

Y

Fig. 4. Optimal hyperplane with maximum margin.

where [ denotes the total data instances, i denotes the
sequence of data, m is number of dimensions, and y is a
class label (+1 or -1) to denote each group of data after
separation process. If the training data are linearly separable,
we classify each data instance as either positive, or negative
based on the computation given in (6). In this equation, w
denotes weight of data vector on the separation line, x; is
positive data vector, and x; is negative data vector.

(w *x,) + b > 0 where, y; = +1 (6)
(w#x,) + b <0 where, y;=-1

III. PROPOSED WORK

In the proposed work, we have divided our process into
five main parts: image preprocessing, segmentation, feature
extraction and classification. Fig. 5 shows the framework of
this research.

A. Image Preprocessing

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
a nonlinear method effectively used for removing noise
while retaining edges. It works by moving the little window
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
the middle pixel value. The output of this de-noising step is
the clearer image without noise.

The next step of image preprocessing is image
enhancement. We adjust the brightness and darkness of

images using gamma correction algorithm. Fig. 6 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. 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
process, the area of benign tumor is lighter than original
image. If we compare between Fig. 6(b) and Fig. 6(d), they
are rather different because Fig. 6(b) is the malignant case
and it has more light and dense intensity pixels than those
in Fig. 6(d) which is a benign case.
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o
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Fig. 5. The framework of the proposed system.

(a) (b) (© (d)

Fig. 6. Breast tumor images: (a) original malignant tumor, (b) malignant
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 = iiW[i,j] @)

i=1 j=1
o LW o BXiWIL] ©®)
Centroid X = Area y= Area

where W 1s 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) (©

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

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 ftraining 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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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 80
images). This work has been implemented using
MATLAB. We run our experiments on a core 15/2.4 GHZ
computer with 4 GB RAM.

TABLEI
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 L.

It can be noticed from the -classification results
summarized in Table 1 that the classification accuracy
recognizing the benign and malignant images of the SVM
(with RBF - basis function) using
combination between three features (texture, shape and
intensity histrogram) represents the highest rate at 89.47%.

radial kernel

In other three combining features as shown in Table I, the

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.

AUC(TSH=082 AUCHS)=087 AUC(TS)=084 AUCHT)=072
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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 kemnel. 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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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 o 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 pizels with light intensity and vice versa to decrease the sparse in-
tensily pizels showing dark mtensity. In the segmentalion 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 lwo 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 gemma correction feature erlraction process.

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

1. Imtroduction. 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 tvpes. 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], thev 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 algorithins.

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.

y
Image Preprocessing Segmentation Feature Extraction
Mammogram Median Filter | Texture Feature | | Shape Feature |
Images : Region Growing _

I Gamma Correction I

s ™
Classification Clustering

Recognition Evaluation
| Malignant | [ Benign | [ svM | [ ANN | | k-Means |

J

FiGurg 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).

225225 dWIi, ]

Area

.5, i

Centroid x =
Area

(1)
where W is the white pixel in the image, Area is summation of white pixels, 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 (Figure 3) removing background that
may affect the classification and clustering process.

Y=
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(a) (b) (c) (d)

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

(a) (b) (¢)

F1GURE 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 identifving 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
yv-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.

(a) (b)

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

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 15/2.4 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%, respecetively. 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




108

966 K. CHATYAKHAN, N. KERDPRASOP AND K. KERDPRASOP

AUC(SVM)=0.87 AUC(Naive)=0.83 AUC(ANN)=0.85
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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
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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 (ROT)
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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