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ABSTRACT

Nowadays, there are many breast cancer patients because of the change in their lifestyle
has been changed. Medical technology needs to produce medicine for breast cancer treatment and has a
method to determine appropriate type of medicine for the patients. This thesis proposes an Automatic
Breast Cancer Cell Image Segmentation Approach or ABC_CIS to count a number of breast cancer cells
from tissue breast cancer cells images through the tint without having to specify different parts of the
medical images from the experts. The system can detect cancer cells automatically using color model in
images to segment cells from the background image and check the accuracy. Five main processes in this
system are 1) preparing breast cancer images 2) segmenting breast cancer cells from the background
image 3) removing noise from image 4) counting cells in image and 5) comparing the cell counted with
the experts. A result is compared with the cells counted from the experts. We found that the automated
breast cancer cell image segmentation is able to accelerate doctor’s diagnosis quickly. The sensitivity and
specificity of the proposed system tested using K-Means and K-Median are 62.58 %, 92.89 % and

73.65 %, 82.37 %, respectively.
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C: Estrogen Helper Proteins
D: Tamoxifen Helper Proteins
E: Nucleus

F: DNA Genetic Material

2.4 M3 gV IMNAINea

4 Y 4

FY an ~ 9 Ay AA W [N | =1 < o @ dy A
M3 Iduvesnmadneanlylunuideiidunouasne 11 1) unndimsdaiiione
a ) 9 o A A \ Y Ay v a A oA g
VINAUNYIRIE 2) Ui IHIUNTEoNTAI8AIILBUALBA ER Iad i) ulIndsueaas
& Al P K Al a \ 2 & "y v
ponitudiima vazsaaniuavszuaaieo Ml UFWUIU 3) AUMTINNVUIAT Y 400 (N1AI8NAD4
Jan ] 1
NITIAUAINDA (Microscope) 4) FUATONENININNADY Eclipse 80i Advanced Research Microscope
aa AN ¥ v KX g = . < J o
uaz 5) mwasaean ldaziiunntlumndvuin 2560%3200 Pixels 1y WdUszian JPEG duaouns

Tauvesnmimiumaasataad ldaannasznon 2.5

Optical Image

| v |

'l Microscope |1

I I

Nikon | |
Eclipse 801 | v |
' Digital l

! Camera I

I I

|

Digital Image

k4
amilsznau 2.5 siTumumi‘lﬁ’ammmwsamma



17

@
> -

o ' Jd 3 A 9 =
Mnsenoau 2.6 Ar0dMNTaaNSITINYNIONT

U

o 1 J 3 A .
Mnisenau 2.6 Llﬁﬂ\‘]ﬂ'Jf]fJ'NGUfNﬂ'IWLG]faaingﬁ\?ﬁQﬂgJ}@iJaﬁ]']ﬂ Microscope ?‘?]}'Jﬂfni

1 an 9 a9 9 o a L4 A A J S 9
WY1y 400 1N nmiﬂauﬁ%ﬂizTwuiumiwqﬁ]ummagmm ER 1790 PR Glm@mammmmu

4 3 A 9 s I A doy dqu d'd: v A &
mmamzimgﬂaﬂummﬂizmﬂu 2 @9 aUINILASTUINU Tﬂsmﬁmma%umumammﬂumn

1 oy a o PR (% I~
(P Cell) rumiduazununadninidluan (N Cell) aauaaslunmisznov 2.6 iumsdouddie ER
o ' ° v o 3 A I o o 4 o ° 9
gasrdIuvesiIuHaaNsvouraauzs snilundumaduzs sanualunmezgmir Ul ums

MauMssnu Tasunndae 11

2.5 Morphological Operations

I o a a SR A o a [ a 9
Morphology  tilumsduiiumsnieasiasnaasgalimsduiumsunnliidhogadu
. =1 ° [ o I A A A Aa A A 9 o
(Nonlinear)  Tasinmsiinuuuzilsnevesdag Whuaiesenidszansamie l9iuilyvinis
Uszarananin Ared1ugu mawieunimnoumsilszuiana msuiwenlasldglsvesiaguay
a @ a @ : 0 oA J o @
a5 UM IAlTImveTag Feawnsniin1s@uiunsved Morphology 11915 Temidmsuns

v v F4
nsesdesunmuazmstldgls wawnsadnlelddes i

a o Y ' [

a wa I o
Morphological Operations (M3 iiamsiFIdugIv) Wumsmlnglsvesinglu

&9 1]
Y
A o

= 1 a A o Yo 128 a Yo <
ﬂTWL‘]JﬁEJ‘LlLLiJaQUlﬂ YU ﬂ"li"l]Eﬂﬂwﬂ!‘ﬂfﬁﬁii’)ﬂ"ﬁﬂﬂﬁ?@]ﬂiﬁﬂ]ﬂlu msaﬂwm%amammﬂw’mqmﬂ

Q

a 4 dy A a RIS 3| 9
ad MIUANNUN LLE‘]%ﬂTﬁaUWﬂL%ﬁT}"bJﬁﬂQﬂTS Wuau



18

(M) Q)

(V) Q)

(M) ®)

ANYsZNOV 2.7 AI9819WANI591 Morphology (Phukpattaranont et al., 2007)

o o J § @ [ @ [
(n) ﬁaﬂ%’]ﬂﬂﬁlﬁ‘vnﬂﬁgll'31!ﬂ']ﬁLlﬂﬂlcﬁﬁﬁ’E)f]ﬂ%']ﬂWdUWaQGU’OQﬂ']W Ll,ammlmmlmmqﬁlﬁll,ﬂu 3
1 9 1 < 1
IGEY llﬂllﬂ YHIALEaN NN Lmﬂﬁm

(V) 1¥aaLABIAD U Morphological Closing

[

7 a o . . A o 79 Y ! 72
(A) FAAUAYINAIIINNT Morphologlcal Closmg m’emuwaaiwugﬂﬁﬁﬂauﬁummmu

[ U

4 s 1a o . .
Q) maawmm«naaﬁagmﬂﬂuﬂaumim Morphological Opening
o U d‘ o

J s 1a o . . o JAa <]
€)) FAAHAUFAANOIAANUNAINITI Morphological Opening WTiﬁL“]ﬁﬁﬁ%@ﬂ ulaﬂﬁﬂﬂ

U

] Y
HENDONIINHU Ia

) Jaa o o Y
@) HAIMSHENFaaNAANUoeNIINAUAIY Marker-Controlled Watershed



19

a wva a o = an A A Y Y] av dy 9 1 .
miﬂgummigmﬁmgmuummwawaﬁ NINYIVDINVITUIIYU ]lﬂll,ﬂ Closing,

Y Y
Opening, Region Filling, Border Clearing (i6i¥ Watershed Segmentation Tag Operations 19 5 35 e

- o d! = = % 1 dy
NITNINUNINUIIN mmwazmaﬂﬂma'lﬂu

2.5.1 Morphological Closing
Y o o o A 1A Yy [ ~ o'd? o 1 ~ Y

lddmsumsturadnegiaenldigdseiauysaladu  dednwnanlavanly
amilsznau 2.7(a)

2.5.2 Morphological Opening

) [ o 4 P a o < ] LY 1 § @

Gl,%}’(?fﬂ’iTUﬂﬁ‘ﬂ1lclfﬁﬁ1/iﬁ18L%ﬁﬁﬁﬁ]g@]ﬂﬂulaﬂﬁ}ﬂfJLLEJﬂ’E'JE]ﬂiﬂﬂﬂu]lg]} mamwaﬁ"lﬁ’m

waaslunmnilseneu 2.7(2)
. I o dy A 9 4?1 ~ o a [ A a

Opening Lﬂuﬂ1i!ﬂﬂWH1ﬂ’JNiuﬂ1Wiﬂiﬂﬂﬂlu UNITAUUUNITHAN)ADNITAANNLYA
(Erosion) maﬁ@qmgfaﬂ Structuring Element Afviue  wazvengnnsa (Dilation) maﬁ@q@a{m
Structuring Element @n (P. Soille, 2002) N3 Opening uaadldaaanms (2-1) (R. C. Gonzalez et al.,
2001 ; A. McAndrew, 2004)

. I o_=q 9 . S !
Structuring Element Wunmunranlslunszuiums Erosion 1 Dilation gﬂiNLlﬁ%

YUIAVDY Structuring Element 9zniviua lininzauiuns 1991 @10619909 Structuring Element

1aun Diamond, Disk, Octagon, I8¢ Square aannilsznev 2.8

e Origin  Diigin
o [i} o 1 o o o o 0 1 D o
0 0 1 1 1 0 0 o 1 1 1 1 1 o
0 1 1 1 1 1 0 0 1 R=31 1 1 o
1 R=3 1 1 1 1 1 1 1
il 1 1 1 1 9 i} o 1 1 1 1 1 o
0 o 1 1 1 0 0 0 1 1 1 1 1 0
0 0 0 1 0 ] 0 ] o 0 1 ] ] o
Diamond Disk
o Drigin
o o 1 1 1 1]
] 1 1 1 1 1 o
1 1R=31 1 1 1 1 i
| Diigin
1 i 1 @ 1 1 1 1 1;/ 4
1 1 1 1 1 1 1 1 @ 1
] 1 1 1 1 1 0
1 1 1
] o 1 1 1 0 o
w=3
Octagon Square
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2.5.3 Region Filling
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2.6 Marker-Controlled Watershed
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Euclidean City block
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wlsenew 2.17 3 1/4111)904 Distance Transformation (The MathWorks, 2008: Online)

() ()

v 9

AMseney 2.18 MIAALENIAYNAANUAIY Watershed Segmentation (M. Sonka et al., 2008)

a
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cityblock = xl o xﬁ + .})] - y2 (2-6)

‘xl - xz + (-\/5 _1]};1 _ yz‘ s {Ff‘xl _xz > ‘yl — J;Z
(2-7)

quasi—euclidean —

(ﬁ—l)‘xl —x2‘ +‘y1 - yz‘ , otherwise
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Clustering Hierarchical Clustering
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2.8.2.1 K-Means Clustering
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2.8.2.2 K-Median Clustering
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2.8.2.3 K-Medoids Clustering
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2.8.2.4 K-Mode Clustering
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2.10.1 RGB Color Cube (RGB Color Model)
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7N1/52no1 2.23 RGB and CMYK Color Cube (Rafael C. Gonzalez et al., 2002)
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2.10.2 CMYK Color Model
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mwlsenow 2.24 ﬂi%ﬂ’luﬂﬁﬂﬂﬁffﬂﬁ (Subtractive Process) (Maria Larrondo, 2008: Online)
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IBMsuuengn | TP FP FN | Expert S (%) PPV (%)
K-Means 36 1 14 50 72.00 97.30
v K-Median 46 5 4 50 92.00 90.20
K-Means 42 4 20 62 67.74 91.30
v K-Median 44 2 18 62 70.97 95.65
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K-Means 37 2 20 57 64.91 94.87
v K-Median 38 5 19 57 66.67 88.37
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IBMsuuengn | TP FP FN | Expert S (%) PPV (%)
K-Means 23 6 4 27 85.19 79.31
2 K-Median 23 6 4 27 85.19 79.31
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K-Means 15 1 15 30 50.00 93.75
* K-Median 18 14 12 30 60.00 56.25
K-Means 18 2 11 29 62.07 90.00
> K-Median 23 10 6 29 79.31 69.70
K-Means 15 0 25 40 37.50 100.00
¥ K-Median 30 3 10 40 75.00 90.91
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Abstract

This paper presents a comparison of nuclear stained breast
cancer cell image segmentation using unsupervised clustering methods
which are K-Means clustering and Farthest-First. These methods are
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cell. These outputs will use to assists a specialist to treat the dosage for
breast cancer patients.
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