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ABSTRACT

The segmentation of white blood cells (WBCs) provides invaluable information
to hematologist for diagnosis and treatment of many diseases. However, manually
segmenting the WBCs is a time-consuming and susceptible to error procedure. Then
an automatic and efficient system seems necessary and helpful. In this thesis, we
propose a new algorithm to segment the white blood cell images. The algorithm
consists of two processes: mean shift (MS) filter and region growing algorithm. The
proposed algorithm was tested in RGB color space and CIE L*a*b* color space
respectively. The experimental results show that segmenting the WBCs in CIE L*a*b*

color space is superior than in RGB color space.


CLP13
Textbox


ARANISUUSEN A

= = ¢ w & =3 ' v ! =l EY o =f war a a = &
Inenlinusatuidnioganliodnd  fMudinwuarlaiuusvdnissamivnnaus
v ¢ & Pl g cal ot a a ¢
910 57.05.859%05 1Balnyad Fuduensdivineivendwus
v £ a @ [ a ¢ o v o
VOVOUNIEAN ATIVDAFNG 8 MDY Uag SA.AT.NTE dusdal AlaldaUinwinay
él 1% I 2/ o & o [ !
FuwegmsunUgmaneg gaindnendnusvoreunsyaanduetig

i

veveuAn ATEUATIAN (Monkey Family) ilinsaduayunisviningndnusd aeveu
Anudesluiesl juRnsynau

= oA o L

wezgavine  weveuanlndinineduaodumeluladnsyasundudmummsainnse

74 fiaduayunisvinfinerinudasil

dmivgunuanufdulafiiinnneninusatul Pidweseuldiudanansen @

| & a ¢al i ay v a £ a o
Wufidhuazinnsnds saonsuyswaanasdiinswnvinuilddssdvivssaminanuiuay
angvenUsraunsanaLn g

IR Treenuud

ee



#1508y

arg
UNARIDOTENINIE ..o e eeese s eeees e ees s oo |
UNARTDATIIBINN B, oo et ese s esessssee s eos e [
R T o oo S s ——] I
B i) \Y
BTTUIIM TN oo s se e s s et Y
BTTUBYTU s seses e e Vi
A DB UNIFEYRNIYN cooovvor e eeeessesessseseeeesessress e ee s sesessesenemessssesessssss s sssssssssssss s X
T T B 1
1.1 AU ZAIUE VBTG oo eseenseen 1
1.2 A3MsNBULay INQUIEEIAYBINTITANT oo 5
13 NOWAMIOUUIAINLARTIFIUNITITY oo 6
L8 UDULIAUBINNT IV vt s s 6
1.5 FUPDUNTTIIIT e 7
unil 2 v ’] fjﬁt FEIBY ettt e 9
1 USQIE RGB (RGB COLOM SPACE) ....oororoereveeoee e ceereoseseesessesssesssessessessesere oo 9
2.2 USQIE CIE L*a*b* (CIE L*a*0* COLOr SPACE) covvvvrrereeereesssseresreeseeres e 10
2.3 8115 Mean Shift (Mean Shift ProCRAUIE) ... eeeoseoeeeooeo i
2.3.1 M5USEAIUAIAINUNUILULLUULIABS LU
(Kernel Density ESTIMELION) ... .eersisessesssssmsessssesssssessesessessesssensessses 13
2.3.2 n1sUsranuen Gradient 94ANLAUILUY
(Density Gradient EStiMation)...........ooveeeeeoeeeeereseceeseseerseessesseesseses. 14
2.3.3 NITGA (CONVEIGENCE) ....oovoeeesoee e esses e seseseres s 16
2.3.4 MINIIIUFIVTLUKUY Mean Shift
(Mean Shift Based Mode Detection) ... 19
2.3.5 doyavawnumiuazdlulaimsau (Spatial - Range Domain).............20
2.3.6 NINTBILUU Mean Shift (Mean Shift FIltering) . ..o, 20
2.4 MIUUNFIUNIN (IMage SEEMENTATION).....vv.ovoroeoeeeeo e 21
2.4.1 NISNTDININAIYID Mean Shift
(Image Filter by Mean Shift Method) ... 21
2.0.2 NIWENEIUNINFITT Region Growing
(Reginh EieWing Seememtation) . s 22
2.4.3 MIUNUAIUNTIN (Image Representation) ... 23


CLP13
Textbox


d15Uey(si@)

N

UNT 3 UNAIIUAEIIUITITAREITL e 25
3.1 Mswendunmwiwadidadionunasied’ Distance Mapping Active Contour...25

3.1.1 Convex-Hull v@etpdsaiasnsusranuaviiueetlalnsnaidy.. . 25

3.1.2 ASUWSUUY Active Contour (Active Contour Propagation)........cc...... 26

3.1.3 danadfiun1suundiunwaaeis Distance Mapping Active Contour....29

T D 30
4.1 9anoddiy Mean Shift (Mean Shift ALGOMtAM) ...ovvovooeeereeeeees oo 30
4.2 9anaddial Region Growing (Region Growing AlGOrthm). ... 32
4.3 danedfiunisunuerdluzuaiw (Color Image Representation Algorithm).....33
T e 35
5.1 mswendrunwigasdinidenvileelddanadiy
Mean Shift & ReGION GIrOWING .....c..vvuieviereieeee et a5
5.1.1 6aNINARDIUUSYIE RGB ....ooovvoeeoeeoeeoeeeceeee e 35
5.1.2 WamSNAABIIUUTHRA CIE L*aD* oo 53
5.2 AIULENEIUNTNTAE ALEaAY1IR2835NNS
Distance Mapping Active CoONtOUN ..o 70
5.3 Wisumsukanisuengiunmneadidinidenuiseningdsnig
Mean Shift & Region Growing W Distance Mapping Active Contour......... T
UNT 6 ATUNBUAEIEINTTIATIEN .ot 76
UTTEUTUNTH ©orveeeverevsssssasssssssssssssseesseeessesssssssssssossssessssseessseseseseassasasssesesssasesesessssesssssssssesssessssssesens ¥
AT LT UNITFRAI e 79
USROS bimmrssm st 80



A15U8YM1919

H597 NN
2.1 UAPNAT TriStiMULUS YOIAUITDNB c.oovorovoesoveeeeoeeeeeeoseeenmesssneeesmesressesessesses s 12
4.1 WAPNTANDRTNUVBITTNTT MEAN SHIft oovroooooeeoeeeees e cereesee e 31
4.2 ugmtumouTaIENg RegionGrow(z,,,zm,Idx) ................................................................ 32
4.3 uanslusunsamdnildlunisvnaoswedaneddiy Region Growing ... 33

VI


CLP13
Textbox


U Wi
YO T T T O 1
1.2 AM58gINiusEnIeaaliadon v Il aB A MDA .o 7
1.3 ASEIAEOAUIIG 5 YO e 2
1.8 @diondon U AT ATNG oo 3
1.5 aadintdon Ut TnB OB UNA oo 3
1.6 AR SIAEDAUIIYTAUTHITE oo 3
1.7 @@ adon v a0 BORLINIE oo q
1.8 @@ aAoAUTITRATLIULEN oo q
1.9 DIAUTENOUYBLUATEY FLOW CYEOMETY oo 5
110 nsuanInanIInsIstularkengduead dndenlaeinios Flow Cytometry.......... 5
111 JumeunInIIetuLar LN @I ad RGP IWUUSHTUSR oo 6
112 SuRounSwenEIunTWEaS AT ORI IO TUEN oo 7
2.1 NVSHEUBUDIUIE RGB.ovvovovoveseeeeeeseseeseeesesseseeeeeseeseeeeese oo seeeeseeessmsmsessssessseseeesssseeessseeee oo 9
T8 TS TG sstisinssssssrssmssnssonsssssssssssstsasssessiomssossmstosss mmsssorspes s sstssiesmpsensresiacs 10
2.3 NI5UTTENU4EIUIEUU CIE L*a*0* Ua9lUSEUIU 2 T8 oo 10
2.4 NI5UTTUNLUIALUSEUY CIE L*a*b* UBIIUTEUIU 3 DB oo 11
2.5 AVIENNUSTENINUTYIA RGB UAE CIE L¥a*0" oovreverenserscnenseseers oo 12
2.6 JURUUTDUABLUATTAUNF (NOrMal KEMEL. . vvvvossrervvvvvcvessssiceseenseceeoneoe e 13
2.7 uamaduneininlguinaiiinnamuiuvugagaues Mean Shift Vector ... 16
2.8 WAPFIDENA NI FTBINITVEUINENU oo 22
2.9 UAPNNTSIMUAYASUAULDIN N TAENITFONRTALAY oo 22
2,10 WAPIMTYEIBvDI T AT AT ARSI o 25
2.11 LLaﬂwmwgwmmaqﬁuﬁﬁgn%’m%’ﬂasgﬂfcjmﬁmﬁ’u ......................................................... 73
212 WAANFIBEANTR DINITIET AN TEUIUNITUIUE oo 24
2.13  UAPSNARWEUBINITUNUATIUATN ooorsoecoees s eses e 24
3.1 UaEeFAI9E9 Convex — HUl UBITUABUR ooovvoeeeeeeeeeeeeeeeeeeeeeeoeeoeeee oo 26
3.2 UARINIY N UT D N SNV AT UUSEIY oo 26
3.3 WAGNAIT IRAUDWIALADT GrATIENT v 27
3.4 UAPNTEEEVNYBINIT Map 1843UnW 2 T TR 27
BE BTN oMU s s e el 28
3.6 UVDULYAUDIATWATAGIAEDAUNY 1ooooeoes oo eee oo 28
3.7 9an0dNUNITWENdIUAINAILTD Distance Mapping Active CONtOUr ..o 29
4.1 fumeunsuendiunmeadidinidonu1iiaeIinng Mean Shift & Region Growing......30
4.2 wadwsueIn WA LaTUTRIUNSEUIUNITATOIUY MEAN SAIft oo 31

Vil


CLP13
Textbox


'
=

JUN
4.3
4.4
5.1
52
5.3
5.4
S
56
2l
5.8
59
a.10
5.11
5.12
513
5.14

5.15

3.16

d1sUgysU (siv)

Tary
HASWSNITRUNETUNINAILTINTT Mean Shift & Region GrOWING.........rvrroroeseoeereren. 33
HASWSNITULUNEIUATNAILITNISUNUAIRUAY REGION GIOWING...orroseeeeeeseeoeooeo 33
WEN1INAEDINTSHENE UM WTBITadIdndonrvlndalnsila (Neutrophil)
TUUSQRE RGB BT Lottt 36
HANTNAGBINISHENdIUNTIIBTAGaEaRTdadalnsia (Neutrophil)
TUUSIE RGB FUBEIT 2.ttt 37
HANSNARBINTITHENEIUN MDA WinEenrIvdndlodlufla (Eosinophil)
luu3niid RGB TR 39
WEN1INAGDINTSUENE U ML TadIdndenurindlodluila (Eosinophil)
luU3glid rRGB FABENT 2. 40
HANTINARBINTSHENdIUAMWYsLTasdndonuvlaiulaia (Basophil)
TWUSQRE RGB HI0E1T L.ttt 42
HANSNARRINISRENdIUNMWIRLTadInEanvrdauleila (Basophil)
TUUTHIE RGB FBEIM 2.ttt 43
NaNNINARINTSLENdIUNWBaadnE onvrdnduiwled (Lymphocyte)
TUUZQRE RGB FIBEIM Lottt as
HANSVARBINISHENdIUN WYasadIdndanuTnaullesd (Lymphocyte)
TUUSQRE RGB HIDE 1M 2.ttt a6
HANSNAREINTSHENdIuMwTasaddiadenungtaaulnled (Lymphocyte)
TUUSTB RGB FUBHIMN 3ot a8
HANINAGBINISLENdIunmaBgaddniionuivinlululed (Monocyte)
TUUSGIE RGB FA0HIT L .ot 49
HaNTVARBINITHENdIUNMTBLTaa nEanv e dnlululed (Monocyte)
TWUSHRE RGB FI0ENT 2 ettt 51
HAN1SNAABINIShENdIUATWTBsmad Windondadalasila (Neutrophil)
TUUSGRE CIE L¥0%0% HIDEUNT 1 oo 53
HANSNARBINSHENEd LM NYsTas Wndonv il lnsia (Neutrophil)
TUUSIE CIE L¥@*D* FI8E19T 2 oot 55
HANTNARBINTSHENEIUNMNYBIasdiadanwvTindledluila (Eosinophil)
TUUSQRE CIE L%a*0% B18819T 1 oot 56
NENSVAGDINTISWENEUNMNIBTad ey riedlodluila (Eosinophil)
TUUTORE CIE L*a*D* FIBEMM 2 oottt 58
HANINARBINITUENETUA WY DA WinLdanudaiuleNa (Basophil)
TUUSORE CIE L*a*0* AI0E1T 1o 59

VIl


CLP13
Textbox


219

5.20

521

5.22

5.23

5.24

5.25

5.26

527

5.28

5.29

5.30

d13Ugysu (siv)

HANTNARBINITULENEIUN WD ad Wadenvsdaiulaila (Basophil)
TUUTQRE CIE L¥a*0% FI0HNT 2 ottt
WANTINARBINSWENEd U WYBTad adonvvdaaulwlas (Lymphocyte)
TUUSGRE CIE L¥a0% B0 1 oottt
HaNIRaRINsuendunwYenwaddadosviviindniwled (Lymphocyte)
TUUSIE CIE L%a*D* FI0817 2 oot
HANSNARBINISULENEIUN WD Iad Wadonvrdndulwled (Lymphocyte)
TUUTORR CIE L¥a*D* FABENT 3 oo
HANTNARBINISLENdIUNWTBIEaaRE oav v dalaluled (Monocyte)
LT EE ey Rl e S Y L
HaNNIAABINTTLEnNEn IR Tas Wadanuednlululed (Monocyte)
TUUSGRE CIE L¥a"0* FIDE1T 2 ..ottt
Nan1sAaBINshENduAITaanden luls ad RGB seitnns

Elistance Mapping ACtiVe COMEOUN ammisimmmmmmmmmemssssmsssmasissssesesssissessssissonss
Wivuigunanisuendunmirasdiaidonsiedainlnsia (Neutrophil)
5¥MI9TBN1S Mean Shift & Region Growing Wayisnns

Distance Mappirg Aetive: Commbemiig aumsmssssss o mssmomiEaii s
Wisuifisunanisuendiunmieadidaidonvivingladluila (Eosinophil)
5¥NI438N15 Mean Shift & Region Growing Laz39n19

Distance Mapping ActiVe CONTOU ..o
Wiguiigunaniswendrunwgasidaiiontivieiuleila (Basophil)

¥MINTEN5 Mean Shift & Region Growing ka¥isnns

Distance Mapping ACtive CONTOUN ..ot
Wivufunanisuendiunwirasiinidenviviadulnled (Lymphocyte)
5¥MIN9I5N15 Mean Shift & Region Growing Lag 85
Distance Mapping Active CONtour BABEMT 1 oo
Wibuiisunanisuendrunweadifiniontavinaulnles (Lymphocyte)
T¥NITBN1T Mean Shift & Region Growing Kagisn1g
Distance Mapping Active CONtour SA8ET 2.....ooooceeoeoeooooooo
Wiguweunansuendiunwiraaisiniionuvialululed (Monocyte)
58MINIBN1T Mean Shift & Region Growing wagisnns
Distance Mapping ACtIVE CONTOU ... eeeen s
msfvuaveulalglnswanduvesgasdndonuiviaialnsiia (Neutrophil)
AIEIENS Distance Mapping ACHVE COMTOU......vvvoerresoerssrresees oo oeee oo


CLP13
Textbox


d13Unysy (siv)

JUa w
5.31 msmvuavauwalelnswanFuveseadilindenunvialulules (Monocyte)
#2875M15 Distance Mapping Active Contour


CLP13
Textbox


o
2,

~

23 > rQ

o

Q Q Q9

ANSUNdyAnwal

U308 Euclidean Tu o 0@
Hanguimasiua

w &

auWusvasilandumesiua
HeanduimesiuarinUn® (Gaussian Kernel)
FATUNTUSEL AN ALV LU E TR
HeAtun1sUsERIMAT Gradient 29ANUNUILLY
ANYOIINLIBS Mean Shift

ANYBI5EEEY Mahalanobis

ANUDILUUATS

ANYBILUUAIS bulaluu Spatial

AYDILUUA IS LULALLY Range

Al


CLP13
Textbox


1.1 anuduauazanuddyvasdaym
wadlusyuunyuieulafevessenieaysdduunsentdidu 3 nqu fe wadidaiden
wAd (Red Blood Cell: RBQ), wadidlaidanv1n (White Blood Cell: WBC) wazindeiden
(Blood Platelets) Ineialy wadifindonunsiionavssan 6 - 8 lalasuns Sdnwae
Aeutnan dhessnanedeladnudlifignzateiu lWififiedea fdues fuandugui 1.1

d < e
UM 1.1 waadaidonun

wadldnidonunignasneiiviinlunsegnusssteniemaiisngeluindy Taglansygnd
fuszAnsnmlunisadne laun lensvenvihen lunsegndlass lunsegndunds uarlunsen
nselvanefur  Shsnsadeasnsnwdsuuladdlasiuegfuunaveseandauluden
51@%%@14&5"7%‘%’9‘5"1@maqmﬁmﬁam%ﬁwaLi@’lﬁi‘unssrﬂﬂa%qLﬁmé"ammtﬁ'ﬁu \adLdln
FeaunlongUsssna 120 Fu Wevamengmslduudiargnvinanediiing Tnsusneenidiy
2 dw Ao dndidusigmdn suneaniulilisn wevdndlilismmin asgninlufisu
ietussnmainiuazusdugnivesnmile Frugadidinidenundludresziviinm
unniguds fe gureiivsvana 5 Suadsioidon 1 avay. luvaeigudeiivsvanm 4.5
Sumadsoden 1 avey. waddindenuninihivhesndauldeusadanegiiidnenie
iaivauleeenledesninnizadiglen  wavilhidosiidunadosnnidlulnadunaeg
wihfiddydnusemniivedlilnady Ao Shwirruaugaszwinsauazswendonld
agluineusined

waaidisidenvndvialugningadidindeswn Huradiitedes Liislulnady
wazilongussunn 13 Ju Snuvsswadiindentnadvssana 5,000 - 7,000 waddeiden
1 auas. legenadsuudadldmuey e uazannzdue wadidnidontmiiniaineoon
wmasnviiouradifindenuas oluizdmivaiaadidadonun Wun lunszan sesnh
wies sewmenda seulndda Hudu wihiveusedidnidonvrvdaelunisinane delsaile



a

ﬁ?ﬁqLLﬂaﬂﬂaawﬁ'ﬂgji'Nmm wagasgdl
LHDATILALHARLIALADALAY

L. = (] L2 | ¢ @
F]Mﬂﬂi'ﬁﬂ E‘LJ‘W 1.2 LEAINTTDYTINAUTEMINLLAALUA

wadfindonvufueadinulsmlulusune  sauluiidudenuarlussuutimdes
waddlaidenyudseeniiu 2 vin Ao waddaideavinviindiunsya Sondn unsyalalesi
(Granulocyte) uagigadidinidenuivdabifiunsya Sendn ezunsyalales (Agranulocyte)
Tnefiwadiindenuniviaiunsyassiidnuarresduedoauiaiiundu (Lobe) wwadreuths
nas gnadreiilunsegn wiieenldiBu 3 wdages I alnsila (Neutrophil), Sledluila
(Eosinophil) uaziuleila  (Basophil) dueadilndenvivdalifiunsyassiidnunzaed
Tpdvareutnay Sndudes weslvualng adeeinseuiivdes sesllva wasiou
nouda fSwudesunnfiaennlensegn wseenldidu 2 wdedes Wun Aulnles
(Lymphocyte) uaglalules (Monocyte) [1] wadidadanwnita 5 ‘ﬁﬁﬁgmmmﬂugﬂﬁ 1.3

o ¢ g . s
JUT 1.3 wadudsidonu1ani 5 via

Tlasfla JusuUssanm 60 - 70 % veuwaamndennaluauund Svuiauseann
10 - 15 lulAsiums druunnitdneasd 3 - 5 nau suuandluguil 1.4 dninhdivianaelsauas
gavanUaaulusianie WuwaainevauaslussazusnuesnIsen@ULUUEeUNSY a1ansn



wisansinamaeadilivaneriin wu a1sfivannndt 50 vda aseyyedaseene q uay

a

caig o S A a d A o & a
L@Ulﬁ@‘m’ﬁ&laﬂiﬂimuaﬂ‘ﬂﬁ']&i‘ti‘umLW@G\@QMSEJV]’]@’]EJL‘UE)QﬁUMiE} [1]

d = = ) =
JUN 1.4 wandadenviiaialesiia

dledluila d9wilsuna 1 - 6 % veuvadidnidenvnluauund waddvum 12 -
15 llasiuns fluadea 2 ndu Suanduzul 1.5 dmihiiAsdestunsiind fisengiul
LansAaidTInvuEUNeTS Tneflwaddlodluilatisniununissniaudentsvdaeonles
lUgevaanansionatsniaadl [1]

< ¢ o o a
UM 1.5 waddiaidenvviadledluila

wWleWNa J9uiulszana 0.5 - 1 % vevwasdindesvluauund waddvunaussana
10 - 14 lulaswas daunnniifaeded 2 - 3 nav ﬁqtaﬁmﬂugﬂﬁ 1.6 Yt fiadneansiounsy
(Heparin) Fafuanstosiulildidonlusranoudes waradedamiu (Histamine) diavene
NUIUBIaDRLaen [1]




aulwled Jvwausnsneiusaud 6 - 25 lulasiues Taedearowdnenaunie wavd
vunalvgiioufuwad daanduzui 1.7 Seuaansaluniseniuasiisvesadainy
91 (Memory Cells) vilbiAngiiuiuwuuisufiauisuwglunasnnia [1]

=] ¢ a a ¢
JUN 1.7 waddadesivindulnlesd

Tululest fvunaupnsaiudaud 15 - 35 lulaswns duedeaiidnuuivss susuade
& & w < o v oo & o v - s a A a
dinda senansluguil 1.8 dniniivhanedelsafidngsrame wasiivseaninwlunisnduiu
waagandihilesila uenanddudinnuddglunssviunsdouuey 1wy wanlsAudldly
| a o ) i &
nszvIuNsTourLsaELNG warlushunidueulsivivdosaaaiiiods [1]

d < = <
JUN 1.8 waddladanuivdalalules

Iumaaidndenunifiaeviogenn  wiednwarvesluedvauaglalnswandud
sUslaUnd aunsaldiduiiudenniseeddsameqgld Wy Sdudadoasidannes
a | a v 13 1 4 a a & o =
Winanlseiislgifumudmuiedn wiaidaannisiadelfaunvssinn  vielsansinng
o | a a ' | . . = o 8 wal ] =]
asndiaennNaung Ly Iﬁﬂi‘ﬂﬂigﬂﬂﬁl@ (Aplastic Amemia) &szyiladnisasiadiaiden

- 3 1 o = = < lj’ = %3
nnedeanasianun  uitdnudisdenvngunnetaiaanmsindemniuailse wed
o [ = =4 = [ @ e [~ = =1 = .
PwngunniduvanegninvialuwauanviniasdeinluusiSadadontnn  (Leukemia)
ratunsnItatuLazuenvinveeadidinidenuna (Differential Blood Counting: DBC) 533
fn1smsaeuUarawsvesidmduaaslelnsnandy Jufuisnsildtuannluni
nsuwngd  wsesinudidgsenmsiasaniiguaimessitaeiilusunisidadelse  uay
nsinw [2, 3]



1.2 anugsvanguazingussasiyasnsane
nMswuiuazwenduwaddindenvnilogdeiunainvaneds  laeialddinlade
WenagastuLazLenduvetadilindonualaegnnilduden (Blood Film) H1WNW
napegansIm uwiluiosufoRnismemsunmdunauiddiudounnldinies Flow Cytometry
Feanunsansetuuasuendiutestadidin denldatresnlud [a]

. i
Laser Derector
e Lo R
L@ |
/# . { T rs (A Crmritr iy
! @
e
Ll
." /
H: ® ¢ g .
Electromagnets 4] - @ o
+| « -

@

®
Negatve Pontwe
Ssrple ) Sample
X

> ¢ =
JUN 1.9 03RUsenauvemIes Flow Cytometry

Flow Cytometry 1Juisn1snsatiunasuendiuieasisinidonsionisianisiSoaunaad
iweifansatuuiwdeneluwad ssUsznoutes Flow Cytometry Qmmm‘lugﬂﬁ 1.9
lusinSesaeiifuniumsinmuenaniondt “Detector” Fsrinrnnisinimasaniy
ypuaunsnuniiliasnsavawevenesdld  warinsnisinmusiuadisanainead
lasnsadadiudseneuneglusgad mmj:um?awmﬂé‘ﬂuﬁ’fy@wmuaﬂﬁﬂawLﬂué'gyﬁgm
i wavdsteyaludarSosneuiimesifeussuanaoeninifuamaiineanans Juwune
uazgUsnvensed duaedluguil 1.10 Wunisendendnnismeidnd faedl uavanaaR
megfiduiu Wellunsastuuaviendiuadidinden

a Y | ¢ ]
JUN 110 nsuamenanisesIauLazuendIugaddadonlaemies Flow Cytometry



fuwfdueies Flow Cytometry asfimnusindalunisssaduiasuendiueadisn
Gon eglafinn nsestetfuleziendruadidnund (Abnormal cells) Agslaifianny
gndesnninuasiiesended gy sufuyursnaiosdeutiags vldlutagty
fensdmsordeaulunisnsiatiuuasuendrumad ifinsinundivend (4]

Fade guiiouisguunismstuiasuenadiugasdndessniuusaluTRnldnuie
finruusiudigs werduyuin Jedlenudndy waslutngussasdndnvosuiseatull

1.3 ngufjussuudnnudniildlunside

TurAdvatudidhiaue B nmsnnetuuasienduwadSndonmuuusaludd o
awnsouusdutuneuld 4 duseu Ae nstuTinam (Acquisition), A1TAUMINTAALLR
\fear (Detection), MsAsANYEYETaE (Feature Extraction) Lagn1sszyviinues
\as (Classification) [5, 6] Slauamslugudl 1.11

L4 o L4 a L'
mstiinnm [ matunrad | msRegudnvuzvouyad MITEYFLIATDITIA

(ACquisllion) il (Dctcclion) B (Fcaturc Exlrauliun) (Classciﬁcalion)

d g s | (2 = L2 e
E‘U‘W 1.11 ﬂUMBUH’ﬁﬂi’J‘{r‘UULLagLLUﬂﬁ?ULeﬁﬁﬁLﬁﬂLﬁ@ﬂ‘UT?LLUU@WTUNC‘I

FupsunisTufinamw Guvniderunthovuuualas, feud udinlurenesiondes
Qansie waztuiindunmidnes dumoudiaes ﬂ'mmawaéaamﬂuehu Faanansouvionn
Tondu 3 mu Ao Daedva, lelvswandy wasiunds Jumoudian N9AdAAN YUE A1)
?Jawejaam & (Color), ®eAUsENBU (Texture), WargUsNeveeas (Shape) oanun waylu
‘uumauamma nsseystinvaagasleonisuiadumata (Classification) Imwumawmw
mam’ummimmmwLLazLLﬁmafmmaammaammLmuacﬂuﬁﬁ Ao AsWULTaseantdudy
Luaamﬂmmmmaum LmuawaamﬂmqLsaaamaam\mmamﬁvmmanwmy wazrinued
wad [6 - 8] wenand lumnufusieuds sﬂm‘wwmwwnmﬂnaawammumﬁ]maa
‘U‘uL‘UEJ‘U“VMﬁ]ﬁﬂﬁlu%i@a’liLmW]LﬂG]‘UuIUH‘i”U'JUﬂ’ﬁEJEJQJa wiommulilashiausvosuasay
anﬂmw Snienadinnsviutou (Overlap) fuweswad sfavwIALGYFUTIIUDULAE L)
ashiaue viliuneumsuaradesnidudruiauen bty ann,ﬂw‘flgywmmmﬂ

1.4 Y9ULUAYINITINY

mATetutmtuluifumeuntsuamadesn duday Fedausafnuiatogty
danediia (Algorithm) 1AgafuNsWseadeenduduanning endetiady Shitong ay
Min lihauedanediunsnsinaeumadiiserdaives Threshold Segmentation #dld
9an2a¥u Mathematical Morphology (TSMM) uas Fuzzy Cellular Neural Network
(FCNN) ilonsraaeuieadidaidonts [9] sgnlshmy nsamnailunsiumnuaznnsadn
gunsal (Hardware) titeldlussuufifudsiidniu fdusuonaliduruasliazaindmsy
NuUUUIEIN v3aweda Active Contour Wultveunmasawaddindonena [2, 10,



12] Inedndudesfmunidy Contour Budutas Convex Hull Teswsuavaiiedeanoy
FeooviliiAnnsaanaiedeunazidullgmile feBnsuuusilufilavauysafeainaia
Active Contour J98Mn6BNITNMUT

Tunuddetnd  Ihauesanediilmifilfuvwedooniduday Lﬁaﬁ’waﬂwﬁmm
Lsaaammaam'ma Tneldgunnd (Color Image) filsnndesqanssa Sanediufithiaueil
awuwumwmammmu 2 o Ao aufgnuLIn AMWYBLYaRdaEBnY1IEITIgRNERS
1¢m'wLsdmmawmmwumiwaauuﬂawaeﬁsmwm wazazdinadsuulasegnesanga
Avpuvenwas oenslsin lunsldaussioneiidislilimavnelioglunm 1deswin
mwmwwﬂmmmmﬂmﬂ@u (Noise) \daUueg 1ﬁmiLmﬁﬁwmyaﬂuammmwawaao
maawwumwmmnmsww Umm‘uawamaaavmmﬂaEmwaq‘umaamﬁmm;rm
niuinvesdsulou fy ausfgiudotians fo vurnvasnadsuuvasasdiivey
vauasaziivunaluginivuievemisdsuulandesndsuidou s, 6

g (=] -9 "
1.5 YuUnaunN1ITNIIvY

& | ¢ 2 a = \ | a v o

Tumounsuliwadidiaifonyioenidudu gnuaalugufl 1.12 nausRgrudofians
Amadidinidonvnvvgnnses (Filter) #ae38n15 Mean Shift (MS) FafwiSnrsnsedlae
Snw1weun W lme Barash way Comaniciu louameliifiundainisns Mean Shift u3s
NNINIIMUUTNWIMBUN WA INaANIINIsATEIMUUDYY TaiTnasidunisnsaawuy Nonlinear
Diffusion %38 Bilateral [13]

Region Growing

Segmentation

“
1 nadiiadonasn =
fiitndmndos yangsi

Haaw Iﬂll’N '\J“LM o4
nan NL"M](.]EIEI mﬁu‘mu

=
JUN 1.12 mumauﬂmwnmumwLﬁaaammaammw@nLﬂumu

FBnsnseswun Mean Shift udanedfinuwuuiusiildmgnileuiesiy  (Local
Mode) Tulauusaa Spatial - Range %‘fqmmmnsaqﬁ;wmﬁauaaﬂlﬁiu‘amaﬁé’am%’wwau
AwEASnsidenaALuLsis (Bandwidth) Tivsnzesiwes Spatial waz Range junW
mnm@wvﬂmwﬂaaﬂLﬂumuima%aaﬂaam Region Growing uwuulwa smﬂuaaﬂaam
LL“U‘UQ'TEJ‘?%‘E]HU?LHUBMTﬁJﬁNQJmﬁ’mWf’JV}‘ViUQ Inedanediu Region Growing ummmmaam
Tdmwmluiw,wﬂinm RGB ugy CIE L*a*b* LwaLﬂiaumaummmmm [5, 6] 9N

Umsﬂmwwmuni UIUNTS Region Growing IULquﬂwmEmeu‘uad?ﬂmmazmumw
(Image Representation) wazazinluueneanduaiusienseuiunig Region Growing &
ad1 iilemammewadidingenun efioidudunougaie



Tududuquesumprwilussnevse wnit 2 nuififetes Feznanienguiives
U3nfidie RGB war CIE L*a*b*, mqwiiin1snsesuuu Mean Shift, nisuendruniwdae
78n13 Region Growing Lagn1sunuAIgUn (Image Representation) Tuundl 3 9gndn
femguivesitnsuendrunmesd dadonuadieisoug Fwsthuldlunsuisudiouna
veenIsuendrunmeadivenidetud unil 4 wandliifuidaneaiiuildlunise i 5
YUAAIHANITNAGEY UazgaTneunaslua: ndnnTieseiaruandluund 6



unii 2
RLOIGERERE

ﬂxumau’l,um‘sﬁﬁ%’ﬂ%}uﬁmﬁwqwﬁﬁLF’{m%’mﬁwmﬂmawﬂixmw Wnguiiietes
AudluU3Qld RGB way CIE L¥a*b*, nasuszanaenfleddunnumuiuy, 38n01snseeuuy
Mean Shift, nsusndunmlaelddanediia Region Growing uavmsunuFIzUAW Fagy
aBusetazBunmuddy fil

2.1 U39id RGB (RGB Color Space)

RGB 8817910 Red (R), Green (G) uae Blue (B) mugsiu Aeszuvduesuad 1inain
nsvinmeanaedudds 7 8 Fufutiuasdimesasiamsoueiuls wasdiiage
fimuiigegn Sunin gamirlalewsn (Ultraviolet) nazuasduntasiaauidnge 1Fendn
Junisa  (nfrared)  Tmemdunasiifinnudganindinuassnindunsaionussanuorll
anansaueadiuld wasdriomaifnnuasd 3 o duns Red), 81587 (Green) Lardthidu
(Blue) eitoifunsidvosuas wazusezwiddlosiufuforlddag Fauamdlugud 2.1

1) &usd (Red) + #1087 (Green) = Awndng (Yellow)

2) A\Tu7 (Green) + 8113 (Blue) = A4 (Cyan)

3) Aums Red) + Aunidy = duntouruy (Magenta)

4) wifivasuasnic 3 naufuluinausaiaintuegldfunadun (White)

Magenta l

d =i 1=
U 2.1 nswauEveusld RGB

a a & v a e ; s e =
U3lid RGB gnadetuunlmetdnidewes Hewlett - Packard $3fU Microsoft e
Aualiendvonwilldanndesnienmdddnd:  Juuigidfiinanmsnuiureusad
| o 8 a Qs d = { o =1 o
e (Red), @WWeq (Green) wagdu Ry (Blue) TuseauauaIeiuanaaiy Wunissausu
WUU Additive #San1SNALELUUUIN LUET 3 imwmﬁﬂﬁagswiw 0 — 255 EUNINLA"
o aa ° ! = i o I o @ ¢ o
U3glid RGB avgninluldlunivesdonldsvuuuadlunmsuaninim wu ndednsiimd ndes
AARDE ADUNINDST AULAULLDS 1TUAY UYindd RGB %ﬁé’ﬂwmzlﬂugﬂqﬂmﬂﬁ (RGB Cube)
aanandlugui 2.2
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Magenia

Blue White

Black Yaliow

2.2 U3giid CIE L*a*b* (CIE L*a*b* Color Space)

Tutlaqliu U39l CIE Lra*o* gnldifusivununsgiunised dadufiveniuegng
nfrnduansivinsuasniside WessnifussuuddlaBafadugunsal lihesduae
poufiuned wosia vieaunuwed uasSuduspuudfiaseunqumndiimnsnudananse
upaiiule wisvAdvviideya Spectrum vosuasesiy unaun1TITEves Commission
International de U Eclairage (CIE) v3eluodingwin International Commission on
Ilumination Sldtineulugjeglulssimaniaea

lusspsiuusn CE Idiwueanansindidu x-v-z fdldussoenndnuvazresdii
fume A7 worAdu euddu widessnseuuaanailiianansausseneddnuae
AsdiauavAuaINvedEld CE SeldwWausonndussuy Xyl Seusseneferdun
AWy waveuadng (Lightness) aghalsfiinny szuudinanfinnadiuiiazusseneiorng
vy CE lsifaunsguudsionnudussuuiivesiunarldfusgaunivanglutiagiu fe
s¥uU L*a*b* dafussuumsussensnndnurdwuy 3 99 [14 - 17] fauandlusui 2.3 uay
2.4 piddiu Taed

D unu L* Tdussenefivrnanuanneandenn (+L%) luauieds (L9

2) unu a* WlumsiSeuieusenineduas (+a*) fudides (-a%)
3) unu b* lWSeuifisuseninedivdes (+b%) fudvidu (b9

A15USTYNUEALUSEUU CIE L*a*b* wasluszuiu 2 08

Calt
c
=n
N
[SN]


CLP13
Textbox
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d = a8,
UM 2.4 msussengvesdlusyuy CIE L*a*b* wedlusyuu 3 47

nsAuINAlUUTYIE CIE L*a*b* Usznause 2 dumeundneg fe n1suuasengnn
U3niid RGB Tl XYZ uazan Xz Wilu Lxa*b* Tagldaunisi (2.1) uag (2.2) anudsu

X
R RrTT
7

$le R,G,Be[0,255]

100
—X

0.412453 0.357580 0.180423 R
0.212671 0.715160 0.072169 |x| G (2.1)
0.019334 0.119193 0.950227 B
. L
L =116f| = |-16

f[Y“
a =500| f (2.2)

io X, ¥, uag Z, \Jue Tristimulus v03du178199e fauandunnsni 2.1 Sauda
Ay ¥, =100 lwedseduiiavidenld CIE Day-Light Illuminant D65 Fuluendidesldly
naesATnea [18] fatu wzdeeAily X, =95.02, ¥, =100 uay Z, =108.82 uawilariiu

£ (q) awnsamlessamnsi (2.3)
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p (q)={ Yg.  (g>0.008856) -

7.787q, (g <0.008856)

d 1 ” " = } 2 =
A9 2.1 WEm9An Tristimulus U89g91719748 4

IWuminant X, Z,

A 109.83 35.55

C 98.05 118.11

Dgs 95.02 108.82

F2 98.09 67.53
TLA4 101.40 65.90
UL3000 107.99 33.91
Ds, 96.38 82.45
Dy 95.23 100.86
Dy 94.96 122.53

a aa

NN (2.1) waw (2.2) ssuiuldin3glid CIE Lra*b* Tanuduiusiudighd ReB
Fapnmdiudvasie 2 U3gRadgnuandusdil 2.5

b |2
G AN
4 a
N\
\
"'. £ a*
.\“\)‘ ‘ 3
42
SRGB gamut
in CIELAB space,
top view

d = = al
3UN 2.5 ANHFUNUTIENIN9UT 3944 RGB Wag CIE L*a*b*

2.3 73015 Mean Shift (Mean Shift Procedure)

s Mean Shift (funssurunisuguuuingy wieldidpunsiargnvasdoyalud
guiloaiadiu (Local Mode) lulpiusay Spatial - Range dalumedianissaungu
(Clustering) wuu Non-Parametric Felaigndudomsnissuaunga Lt.au'sﬂmwaaﬂamau
msdansPgiu (19] annsoesunedunearBondesldnuite du
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2.3.1 MSUTTAUAIAIINNUILLLLUULABSIUA (Kernel Density Estimation)
N15UTLUIUAIAMUAWILUULUUPBS WA [WWITNISUsEINUAIA MU LU LiDeuld

wndigeluleqiu (200 dwueld {x}  Gudevesgedeys 7 qaleq Tu d e

=l..n

Euclidean Space R msUssanauanfeniduminumuuuumasdd (Multivariate Density
Estimation) sheleesiua K(x) 7uuusiisouin o gndwindyn x denaldiaunisd

(2.4) [20]

TR T X—X,
f(x)-m_d;K( - ) (2.9)

Tullgluiiresiuslvidenldvansydaudaunnnumnganwesiu 1wy Epanechnikov
Kernel, Uniform Kernel, Normal (Gaussian) Kernel fudu lusuddetuiasdenld
iesiuatiln Normal (Gaussian) Kernel v3aiasiuauuuund Wosanidumesivaiianwise
lifudoyaldnanuaeuszian [20] fdnwasduduldcnfisusedond dauldmeindae
uazwdiinuasaianns  Aemiloufuuasvinfunnusens drugeredulfastuagiu
ArIUsYsiu ideansusiugaduldsiidugidostassiunine  usdiilanaa
LUSUSIUAEIUGIILINNUALT LAY fauansluguil 2.6

d -y -y
suUn 2.6 sUnvurnAaluarinUn®@ (Normal Kernel)

u

aunsTeuAnsiuarilaUnA (Normal (Gaussian) Kernel) wanaleisaannst (2.5) [20]
it |
K, (x)=(2m) d*’“exp(—;”x“z) (2.5)

wazldloTiNaun1sh (2.4) wag (2.5) Wvheiu azanunsaeulndlasuandduanniss
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] (2.6)

x=x]

.r,(x)_ Cea Zk(

So ¢, Duraddl uay k(x)zexp(—%”x”z)

2.3.2 M3UszaTAT Gradient ¥99AMUMUIMLUL (Density Gradient Estimation)
N13UszanuAn Gradient vespnuvwLuy Wunsmeneywusosandunisusyanc
ANAMUMUIMUULUULADS UG AILERIluaNni1sy (2.7) [20]

(x"xf ] (2.7)
o}

NEUNISN (2.7) @awnuastaveueosiuaiidonldady  anunsomilesdunisdse

2
] (2.8)

”fi musld g(x) =—k'(x) way xe[0,00) ApuABsiua G(x) Jzannsauanslds

A n 1
Vi) =Vf(x)=—
no

17A" Gradient YasAunLILLUle faLaasluaunisd (2.8)

— X

v/, K(X)—Vf“(x)— ‘(;LZ(X . % (

AUNISY) (2 9)
G(X) = Cg.dg(l |X| |2) (29)

B c,, Wuiediiuiudhguinsgiu (Normalization Constant) uawidlaunuen

g(x) adluaunisi (2.8) avle
-

[

N X% i
()

n =
=~ X—X. & a ' ' I o 17 a wa
loe Zg(H—H ] gnesauuRgrudnduduan evirliielumeujoR [20]
o

-
X; J (2.10)

x x|
| o |

n
Cra 2
d+2 g
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o =3 ' ' = e 4 & e o W &

INFNNNTA (2.10) uiuaunIsgneiisendy 2 wad Favis 2 waullanud ey Ae

WU UANIYIN1SUSEINUAIAILMUNLLUANELNTSTT (2.6) e X ONFUIAIY
wWesiua G aawansluaunisi (2.11)

n

- C".{
foa®) ==Y ¢

no i

|x—-x,.[2

(2.11)
| o |

uarlunafiaos gniend1 Mean Shift Vector (m, ;) Fuduriuansainuuwnnsing
smineediignliiminlesdnauaniaesiva G dusumb x Sudugaguénansves
imesiua dauansluaunisi (2.12)

28
m, . (x)= ;=1n - X (2.12)

;,g[ x-x, 2]

o
INEUNTTT (2.11) WAy (2.12) @UNSOREUENNITRIATUNISUSEaNEUAT Gradient Y84

2
x—X.

AuuuLlalml sananduaunisi (2.13)

6]frr.fs’(x)zf?cr.c';("")Cglk_'dmcr,(;(") (2.13)
o,
Toed
m, o(x) = o dex(®) (2.10)
fcr.G(x)

Mnaums# (2.13) uay (2.14) uandliifuin figa x 1ng Awes Mean Shift Vector
figninasnerefiua G wnwdsdupsefufleidumsusssnae  Gradient  wesman
nuuiudseesiua K Sgninliidusnmsgiudeiliddunisussnaeamumnuiugae
wosiua G

{9991nA1es Mean Shift Vector %‘*?T"LiﬂuﬁﬂmaqqEjm‘amm'il,ﬁu%waaﬁqﬁ%umm
vuuiENe (19, 21, 22 Sufamnsafmundundailuguinaitamamuuugege
(Local Density Maximum) shuelufigusumasaumunuv duandugud 2.7
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-10 =5 ] 5 10

o o d o | a aa | "
JUN 2.7 wanadunnsidnlugusinaidinmumuuiugegavos Mean Shift Vector

aa 2 Y o oA
Bn15U9¢ Mean Shift lau197nn15vieuLuuseLileses

1) A15AWIM Mean Shift Vector : m,

2) msideunt1Ene (Window) veupesiua G(x) se m,

F9I5N15089 Mean Shift asgniuuseiuntsgunludeiumisilndifssiunisussan
ANANUAUUUNTAT Gradient wirtuud denvzuandluidonsly

2.3.3 n13gid (Convergence)

Avua {yf.} \uaunsuveshunmisiredestureunoiiua G 9naunisi

i=12...

(2.12) dwsuusazaies j=1,2,.. als

n

zxfg

i=1

Y
i=1

2
X—X,

i

(2.15)

J+1 2

XX
o

U

et <, | a A v s LY ° ¢ < ¢
7%y, Wurnadeiignliumdnlagdnnmaneesiva G wez y, [Wugeudnans
YoumdaNA Mty aynsuresilaitunsustanuaumuiuisunserefiua

K, {f;.x(f)}.] , EWiunsarAIvey j=1,2,.. gnuaneeannish (2.16)
J=12...

BV 2 09) (2.16)

ey {ﬁ,_ﬁ(.i)} , uduals

PInmannIsAnasndesu n1sguinveseynsy {y,}_ ) ~
4 j=12.. j=12

¢ dpesiua K (ulumudeulvvamguiselli (20]



frlinveauanan wizeeuamaanszil .

ol dumesiua K denwaz Convex uarilAramasuvuyiuges  (Monotonically
Decreasing) dvilviavns {y].}, GE {f;,K(j)} . alv7 uay {f;rk(j)} . (i
1 j=12.. " j=l2. ¥ ; J=1.2..

BUNTUMIUT UMY 18T (Monotonically Increasing)

wged (fesn n WWuinsuedeyafifiduaudnta fuiu suns £, Tuaunisd (2.16)

u

= @ da o @ o w = - v o | o> [~ a a
Jaduoynsundiveuninin #afuiismeiszuandiiiuin synsy f, . Wuoynsudlidfiu
é/ = E 73

Tuuuumaied wavdn y, =y, aeld

FoxDN< for+1) (2.17)

dmSuunazAves j=1,2,... wagd y, =0 1naunisi (2.11) uag (2.16) kel

f;r.;\’(j+l fck(])_ [ L ( ] (2.18)
LLazmﬂﬂmé’ﬂwms Convex Y8uARsIua k(X) Usuanil
k(x,) = k(X,)+k'(x,)(X, —X,) (2.19)

o o 1 ﬂ‘ ’ rd gj
dMIUNNIANURY XX, €[0,%0), X, £X, wAnlBN g(x) = —k'(X) FTuEAINTD

Feuaaunisi (2.19) Talvaidy
k(x,)—k(x,) = g(x,)(x, —X,) (2.20)

Founusaunisi (2.20) adluaunisd (2.18) w¢ld

hesn-Luzt o[ Jior -
i=1
no_dp zg[H\H ] J+lx

WA¥INANNIST (2.15) enunsaideusgunish (2.21) lalvaify

o]

} (2.21)

2021

y;+l

A(.’

= d.,.o y;+1 :g[
i=1

_,i+l

132709
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(2.22)

j‘oﬂ.’((j-i_l) fcrk’(.])-— d+o y;—;—l

2
Xf
— o

Lmaﬂwaqmmma k(x) anaqluuynaLmen awmwmmmm x =0 uay Zg H

a1 [ u g = ¢ v
ganduuon falu asuled i #y.:O LLﬁSW%UWNQWU‘U?’T‘UENE]E?JJH’]SW (2.22) AN

24

\Juuan dude f, D> () esilieynsy {j(‘,_K(j)}‘ L gun
J=12...

A A a < Y = =i
LW@WQ%WQ"UU?W@HTT?QJ {yj} - Al gIUNT0EUeFENNITN  (2.22) léﬂfiﬂ&lﬁqwiu
J=12...

U

\esiualag fduvis y, =0 ald

2
Fealj+D)- f“u)_ i lly .~ vf Zg (2.23)
AFanasismosdomativesaunsi (2.23) e j,j+1.j+m-1 axldnaswiiiy
y 2
fai(.]'l"’n)_/;'k’(.])— r1‘+2 y_,l+.'li y,l+m l” Z L‘ +...
i r’((f "
el LAy “ 2‘5 (2.24)
Cra 2 ?
== I’lGd+2 |:”y_,l+m _y_,i+rrﬂ—1” +"'+||y,i+l —yj” i|M
Cra 2
- n0.d+2 y,H-m y-’H M
< & 18 a1 & - yJ — X, i o w
loedl M Duaenga  @anduuon) wes D.g }7 NTUNN BUNTY
o

{y J } j=i2..

\U9991neUnsY {j;,((j)} i a1t uazilusunsy Cauchy dehauaudRvieansi
9 ¥ j=12... q q

U

a

wnldfmrdvaunisit (2.24) awvinldeynsy {y,} ., \Dusynsa Cauchy uazgiinludigd
A =125

U

Euclidean

ﬂumﬂm‘imﬁauﬁmaqé’aﬂaﬁﬁyﬁagwﬁugmﬁummiﬂitmmﬂ‘wLLW Gradient il
audfiysieUssaviamleesimmeinisgidn Ao dnsiedoudiivunelvg Sanediuey
goon lwvasfidnisiedeuiifiownidn Snsinisiedeufivesnisgidrastunn dedu Fof

b

D

adc o LY & = o N a = ' ' =1 aa
?ﬁﬂqi‘ﬂ’]u?umqﬂgﬂwwuwﬂuy’}L‘WE]I?iLﬁ@ﬂ‘UU']WUENﬂW?LF’TEBM‘VI [23] LL‘F]@EJ'NI‘EFIGT]EJ 8N
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Mean Shift axSudseiunisgidn iiesanuuiemes Mean Shift Vector @ansauuie:
I vilAlidndudesditunoulunmsidentunavesnisindoud FrommHatviliiEnTg Mean
Shift WuIBARnIwuUALY [20]

dmdudeyailsisiodos (Discrete) ﬁ‘]”lmuﬁ%ﬁnmﬂ13mﬁaw‘7’f1,ﬁ@%§jL%’ﬂﬁuagﬁwﬁﬂ

-

voumesiuaiidontd o G uresiuaviaund (Gaussian Kernel) S1uanaeenisiaoui
Lﬁ@ﬁ]:ﬁ@jrfﬁﬁlzﬁﬁ’lu’mﬁ’ﬁ@l desnnsuauvssumafindadiadeiuansefuiisu
910 ueegalsieny waswa G ﬁmﬂﬁﬁﬂﬁwﬁﬂmmLm‘as‘i’amhjmﬁu Pleuiunss
‘uaamiammuuwawm (Infinitety) Lm"[,wmilgummmw“mmmﬁmmﬂivmummum

{N‘U‘U ﬂ’]‘éﬂ?‘lﬁﬂ@‘ﬂ@ﬂL“UC‘WT'}EW]‘U@Q'EJU’W@‘UEN Mean Shift Vector mmmu'ﬂm

2.3.4 n1575293UFTBULUY Mean Shift (Mean Shift Based Mode Detection)

o o e o [ 3 ' o
el y, uag [ =1 (y.) Juduwninisgdhveseynsy {yj} kA
b 1 L 1 f=12...

{_fa,((j)} wEey ngeinnsgiiiaansoeiunladn aunnves Mean  Shift
! J=12..

Vector azghtgaud wazamnaunisf (2.12) uay (2.15) @runsadue Mean Shift Vector
Tugsu 9 j lefeaunisi (2.25)

mo’_G(yJ‘) :y_f+1 _yj (2.25)

lnpfgadugares Mean Shift Vector fidn m,  (y.)=y.-y.=0 wIenanlsan
Upwilvin fn Gradient ¥e4n15UsEINMAATIIVLLLY 1AEUANST (2.6) T4 fue y, &

Andugud

Vi, (y.)=0 (2.26)

"
Y

Jufe v (Huqs 3 3 f Laziioe9n AR LLUUN
Y. PNYAUIVDY [, (¥,.) LaZIUBITIN /”(j) ”y

me ¥l mmwwansms Mean Shift L{lu’lﬂmmaaulwawqwg Capture [23]
Fananain Laum\:ﬂmﬂaawmanmw Gradiient gnigeRIeegegaviosiu fuiduge
nepdaiilaialasmeluuiinondng dude e y, virlndgnulea (Mode) wea f, , o8

v

LNERWED Y, %BQL%WQgWUHSM LL@SL"HG]EUENC‘HLL‘VWQWQMJJ@V]QL’UT%EWU‘UH&IL@B’JHUQEQH 1S8A77

Basin of Attraction ‘naqgmﬁﬂuﬂgu
nndafunmymanguiiinaandadiu \SEnaNsIeRNLUUdaNaiun1sATIaTug Uiy
Yail
1#38ms Mean shift lunnsvqemeadses £, ,

2) swgemusiigidiggudsudeaiulfidungy
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2.3.5 Yoyavasdumisuazdlulawusiu (Spatial - Range Domain)
Taiialy pmaneaggnuandulaseine 2 38 Fadunsuansdoyavawiumds gnisen
ey Spatial wavdlipwes r I/ (Pixel) muuavdavasnm laed r wiadu 1 Tunsdl
@ (- = =l aa g 2
VOIMNWSEAUAWN, Wiy 3 lunsalvesnwd war >3 Tunsdfilfuniwuuu Mult-
Spectral gnisnnlaiu Range atilsfony ndswnmsvildidusmsglaeld o, way
o, Fadusudsuuu Global lulpiuu Spatial waz Range MuEWU LaAmesTeaDs
anansagnideulsadeiuieliidulawusn Spatial - Range lagasiififuun d=2+r
aawsrdaveann  Faluuldedul  fideldifenvmassiuguninadsindonuritly
JULUUYI A RGB waw CIE L*a*b* ¢eldu ffves Euclidean Space 3ailvun d =5 [20]
Avualdt x, [Wugalaquesdeyauuguam ewrdsznaunemesues x, Usenousie
Y | & o o ' y . a1 T o =
TBYa 2 @IUPD UBYavDwiIvUY (Spatial Domain) fIFn x, =(x,y,) uwardeyavesd

(Range Domain) &A1 x, =(cy,cipocis) A9 ¢, €, UAE ¢ DupsAUsENOUVDIET

17
Qs

o ' o .] @ ! ]
sumie (x,,,) 15, 61 ety x, =(x1,x7) Fadugavesdeyalulpuugau spatial - Range

NHUVWAIEUUIS A 1AgEInsavMTEaEvne Mahalanobis (M) leeananslugunisy (2.27)

M (x.x,.k) = ”x,;;z HXF); (2.27)
fiBsvevinsveeumitaansonldsannisi (2.28)
[x-x,|f = (x=x) +(y-y) (2.28)

wayszarvinavesdluligll RGB uay CIE L*a*b* @nansowildseaunisdi (2.29) uaz
(2.30) ueey

|IX'XJ'5,Eg;JE(r_rf)z"'(g_gi)z"'(b_bf)z (2.29)

|Ix-x,, b (L*—Lj)2+(a*—a:)2+(b*fb;)2 (2.30)

I

2.3.6 N13NTBWUU Mean Shift (Mean Shift Filtering)
Al x, wae z, dlo i=1,2,...n \Jugavesdoyalulauusiy Spatial - Range Tu
d ffvesnmiuatuusznadnsuesgunmiignnsaadnenszuiunis Mean Shift sudsy
dwivluwsazqrvasdoys
L el j=1 uas y,, =
I Awae y, ., AANN1ST (2.15) aumzﬁy’azjl,%"], V=¥

. Anue z, :(xf.y{(.)
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logdl s uay r UusrUseneuvssnameslugiuves Spatial uay Range MIUARU
910 1l Quiiud yavesteyafignnsosdisunds x| 9zileedusynaues Range figauaanis

gwin y;, [20]

2.4 MIENaIUNIN (Image Segmentation)

MSUENEIUAT  ABRsEUIUNSUENBIAUsEN UM oLUrauAvasinglunmeenidy
dauq dnwarnsuendiuasiuegiuinguszasiiasiluldonude Wy Welmssignuae
voring  iafwINTInTesing viouetuiiuauingnielunw  Jun1sussnanaan
sesushitilenuddgiign vdnnislunmsusnesddsenevresnmazutseondy 2 wdnas
vy Ao

. nswenesAUsEneuRmANLmile (Similarity) v meutRvasiingg (Pixel)
voagunmneluinui (Region) wivafu
I msugnasddseneulaegennulsisiowdes (Discontinuity) vesnmasiRves
Whwa (Pixel) USnseesasenivinglunimiuainudy
mswengunmiivannvane®  lueiddetudel¥iinsuendaunmiaensyuiung
Region Growing lpgazldsauiunszuiunmsnsesnndaedsns Mean Shift [20] Fesiautas
wandanediiuildinamlieulneddnsinwenulsdedemenmls aunsaesueld

i = LY =’d“
pUNNASIDYA AN

2.4.1 N1INTBINIMNALLIS Mean Shift (Image Filter by Mean Shift Method)

3 Mean shift ansnsathludszandldfunisvirenldnanmanevsaom widluduie
nsthlulgnseenmn Lﬁaﬁﬂﬁ‘i’mﬁ'ﬁwmiUﬂauLLazﬁ"ﬂLLﬂaﬂﬂaauﬁﬂuﬁauag”Lumw‘Lummx‘fﬂ"
faasinveunmlily GuititedldreuiiaziendrunwideSoudisuiuisnisnsesamn
wuudue 1y Mansesdiyauanufien (Low Pass Filter) wutu FIR %38 IR 1usy

ASNTBINMEIETBNS Mean Shift Wunsnsesustazgeawitgnyiiliifeadosiugm
fonvosnrmmuuiilulasmsay Spatial - Range  a siuisileglndfuganiwiu fvus
W x, uay z, o i=1,2,..,n \Jugaresdeyalulawusiu Spatial - Range Tu ¢ Hfves
amduatuiazkadnsvessUnwiignnsewnenssuauns Mean Shift mwddy uay L,
Duaua (Label) vesgadoyadiduil ith Tugunmiignuendau [20]

| siulumsaBnnsnseanuy Mean Shift dwiusunmly d 87 uasifiuwadws
veennsguinly z, Yude z, =y,

L dwunngu Clusten) {C, ] Tulawusa Tnenssw z, ianeileglnd
p=l. .

Y e ' : o ' o
M Agedeendt o, Tulawu Spatial waztiosnin o, lulauwu Range tiufe
AN3998 Basin of Attraction ¥243agitnfiing e

Il dwsuwiasan i=1,2,....,n fvun L{.={p|zi ecp}

a a o o & dd i a . .
IV, LAy - MaaiuAidnn M Anwa (Pixel) Tulsi spatial
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NTUABUNITNINATNALITAUIT TUABUNITNSDIANEI8ITATS Mean Shift Sianu
dfty WeannduiunounsnueInsEuUNISRENEIUNW THATNETLAINTuRauUnISATeN
A ndiuseavsnmardalvnadwsveanisuendiun wiuseansanena

2.4.2 NTHENEWNINA28IS Region Growing (Region Growing Segmentation)

MSUENAUAMENETEN1S Region Growing (lunisuenesdusznauvasnmlnggain

o ' = = Qs V2N a & i a a e
PuvusrasinigaLazaNmiiounuvasraaaAvesinisanmeluiud  lnedineaiiogfs
fudlmuaniBmiouiuezgnialiidingudienty  Jureuvesnssurunsuengiunnies
. . = w4 o &

Region Growing gnansnesunalamudisu [24] sail

. Aedennwiifainisasuengiu Awaegndiuandugud 2.8

= @ ! v !
JUN 2.8 UEPNAIDENNTNTINDINTALLENEIY

I Awusgaduduresn i laemsidenfinwaniauiuilieuiisuamau i

fuinimatrufes Aauandlugun 2.9

< o a o =4 =
EUVI 2.9 LL’ﬁ@Qﬂ']'ﬁﬂ’mﬂﬂ’ﬂqﬂLiﬂJ@ﬂ‘?.l@ﬁﬂ"lWIﬂEJﬂ'ﬁLa@ﬂ'WﬂLsﬂﬁiﬂ"]

Il 9wnmswWisuidisuauantAsswinfingasusuiuineatiufss Tageaay

= e L= s &J = =
\DunnsiSeuiflevnnaudRvesd (Color), Audnuwarmeiuiia (Texture) vi3e
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| . ( o q v E . e wan v o )
AAAIY (Light) Fedwravinlinunnveiuil (Region) NilnmantflndlAusiy
verweanluds uandlugui 2.10

;SJUVI 2.10 LLﬂ[ﬂﬂﬂﬁ‘i‘ﬂ&l’]&’ﬂ@ﬁWUWWNF}ﬂJﬁMUWlﬂﬁLﬂH\WU

= ! & o E9 & = ! = ot
V. Asvuunsegvgeaaiieliansnsaveneiuiisenluldunnnini wienadnde
b | o @ & wa A s Y
wilsodieruiureuresinglunm  Iaeuiidlinaaudmiloutuasgniadh
stnguneiu Anandugull 2.11 uarduisunssuIun1siIvuRgRISLAuYea
= oo & A e~ waq wa @
Analnsivemiuiilnifidnaaudilndidueiusely

@ 9 ' i = a

o & & A4
E‘U“VI 2.11 LLﬁﬂ\?‘UU’]C‘m\?MQJﬂ’MN‘WUV}%ﬂﬂ‘ﬂ@]L‘U’]E]EIﬂEjﬂJLG]EJ'JﬂU

Y U

2.4.3 n1sunuA1IFUAMN (Image Representation)
nMswnuAiguaw  unisunuiansadesedvesusasinialugunmwitlidens

a ¢ a ¢ v ! | A g w = @ a
wnsiluselevdronsiesgiam Wdudpnuainmsedalduandnndnunsidou
! a & o a ¢ & | sy X &
agniely a Anwaly wetelinisiwszinmwlutusewselUanansavilaineiu duneu

VBINTTUIWNTUNUAIFUN W annsneSunelamuaduad
L AndenAwiidBIn1sIRNTEUINNTWILAT Asfiageiiudndlugui 2.12
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= @ | a v ° |
EU“ 2.12 LEANEIag NATWNADINITIENIATEUIUNTSILNUAN

I insneedsresruaimiodvesuinaiisnauls  weazunuenadlyluud
AENNLYE ﬁmamhgﬂﬁ 2.13 Fanduldineswsilaanunsadaelinsyuay
nsnsesinmlutumeuseluannsavildinesnndsdy iesnneadudou
YOI NN B lulsazRnealinududauiaag

=l 1Y) i
JUN 2.13 uananadwsueeInIsunuAzUnIw
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a/

UNAULAZITUIENLALIVD

Tutlaqiud  fumeruuasuidaieatunnsuendaunmeadisindosumouniaon
wwanuae s wiluduie “nisugnaun mesaiiadenv1asieis Distance Mapping
Active Contour” TuuAdvatuifldfinmsiUSouifisunavesnisuondrunmigadisandensm
583475 Distance Mapping Active Contour Wagisn15n5e9nIneae Mean Shift wazien
dunwiae Region Growing #ududansdfiudigninauslunuideatul nquijvesnis
LendIunWEAsLnIAanY1283T Distance Mapping Active Contour 9 @ansaasunele
atazBen sl

] s = = 4 ac i "

3.1 MBBNEIUATNLYAALUALADAVIINIYG Distance Mapping Active Contour
) o : 4 A A A = « o &
9anedtin Active Contour w3aiiendn¥enilain alin (Snake) gniunawsmadausnlu

- = U J’ v/ 1% |

UNAIITBYEY Kass wazAay [11] dwdnnisiliesiu Ao iduldwweuanasgniaayadld

vunwiidesnsazuendy ntuduliouniiszaey adeuiiuaziudeugdsludiing

Asdesmislunm sunseidldfagidesnisesnun feduiBnisuendrunwiifinnudeamey

Tunseenuuuuarinm  wasiannsothluussndldiunmlusnususindlidnde

MARTIEIAWMEMITEL usauenamnwinaninisineasieeldnwine  nuese

aougainwrandusilagldnmaglulsugeavnssy Budu (1)

| ¢ @ e v aa . . . & aa
NITUBNAIUAINLGRSLUALRBAY1IRAI8IS Distance Mapping Active Contour Ju7s

o w a a a = = v a ] .
msiniuluivinuvesduedeausslelnswandy  Taomsuszendldivaiianisund  Active

Contour wuvlvailudwvesiuendes Budusrssyuinuiiduiiefoavenvaddindenni

v A 8w o Ao a =l

LEERIUAIBNTEUIUNT Morphology Lwaifaixqmt.mmmﬂu Convex-Hull ¥83ulAsE
| o = = L 4&1 d L) = < i o

Inefiduseuglvasuinadiaulasgnuensludeiuiivesuinalalnswady  iefiseivun

13 - 5.5 yé’ 'q g . .

AN51970E81988 A nuueslanuAiladunsn (Closing Primary Area) veslinswanduuay

& ookl , _ ‘ .

wunlazgnuuadliilussegniawesns Map (Distance Mapping) Lieldlunsdmuaaminis

Inavedaipmes Gradient (Gradient Vector Flow) uag Active Contour vaslelnswanda

YNNTEAUIINNTSVEBTUFUMUUUNALUS waures Gradient (Gradient Boundary) ¥ilsilél

ot € 1 i 3 Jj L2 u
wadwsgavngesnulunisuendiunwseninalalnswandureseaduasnmivunds  wasdl

aunsanenaendnwasdaidoauntluus nuifivadfniulame [12]

3.1.1 Convex-Hull ¥aslimdeauwazn1sUsTuMAIUSINYRslelnTwandu

Amualdt Convex-Hull a1 A luszunu 2 SRfudavesgn € Tu Convex fidn
figalugunsdlag (Polygon) Feanansndonseu A 18 &1 B Wuleseadreftugnuiis
i=1,2,3,4 Sanedfiufildm Convex-Hull voudn A WiowhfunsIuaweensEUILNIs
Hit-or-Miss @13nsamullaannaunig
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X[ =(x*B')uA (3.1)

W81 i k=1234 wr X;=A4 wedld D'=X'  eldfeulumsquirfuansdy
gun1s9 (3.2)

X=X (3.2)
Fratiu Convex-Hull vaeidn A ansamlesaannisd (3.3) [12]
c(4) =D’ (3.3)

- o @ 1 a & A
MAVguinarsntiugnunsouasiegewes Convex-Hull vasdupdeauayvu
voslalnswanFuuuuusznalddsgud 3.1 uay 3.2 madisy

= L | = al
E‘U'VI 3.1 ua@mnI9819 Convex-Hull ¥a3uInasd

AN

A o ' 4’ i =
3UN 3.2 wansiegniuivedelnswar@unuuysyanm

3.1.2 NISHWIKUU Active Contour (Active Contour Propagation)

danediiu Active Contour iHudanedfiufilfrnuddyfunisuendiuvesdandvauas
lalnswands 91n3Uft 3.3 wanenislvavesnames Gradient fldunanlelnswanduduusn
(Primary Cytoplasm) ﬁgﬂﬁmmaaé’aaﬂizmumi Morphology wuusy (Filling) uaz@n
(Closing) Tmpfinszuauns Morphology vnlildv3namesadisindonuvasnine
Uszanaulafiavtilduvandusyosnnwaanis Map 9830 2 386U (Binary Image) &3



27

wansluguil 3.4 [10, 25] 9w awes Gradient axgnusvendldifiuiuuitaesves Active
Contour UU Dynamics saly

a < ;
JUM 3.3 uanenisivaresnmes Gradient

i @
UM 3.4 UEAITEHEVINUBINIS Map 895U W 2 Syeiu

Amuald V(s) Wuduldweuinnveiwuuingss Active Contour WUU Parametric
= =t a0 & = = 9 o = e
38 Snake &1 s daudu 0 vde 1 lnedjuwvuvendulds@snsadandonauussuruves
2 2 AAnglafnanneesiendunsivsafiedtundsnu 2 ¥dn fe Hestundwiuniely
(Internal Force) warendunassunieuan (External Force) [26] @afendungsauvianys
294 Snake gnuandluaunisf (3.4)

E

snake

=E

intenal

= (LB ()4 B () s

+E

external

(3.4)

loed E,, wer E,, Suilsidundsnunmeluuagilaitundanumeuen mugisu
wag v(s) =[X(s),Y(s)] \usunisves Snake Lo se[0,1]

WuUi@aed Active Contour LunismiAnsingauasilefidundenuuuu Snake dafarid

2 = =1 W e 14 =l =4 A e g =

wasnumeluvseussnnglududdsdld Snake Sevlasnisdaniadandanuuse Jagn
Sendnfeniein Heifundumsuideu (Smoothing Force) luwaiifleidundanungy
wanIst vy Snake IWeAumALaNTAvoInWIRRINS wu veuaw Hudu SegniSen
a = & @ s ot % [ LY
anveniedn MeAdundsaumdn (Main Force) Weiduwaasunisluwes Snake uansly

= & Y @ = ' .. A al
dunisyn (3.5) Imawugmﬂxﬂwﬂaumawmmummawqu (Elasticity Energy) Wevay
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=t ¢ v . o v a v oA
AIUANAINNANYDY Snake uazilanidunissin (Bending Energy) imihiimiuauaulAmse
GRRHIEA

vs(S)lz +B(s)e pﬂ(s)lz] (3.5)

E, =%[a(s)-

logf o waz B (Juwisdiwesfimunueyiussuiufiviuasaswes Contour A
AR
usaneguenvsefiiniuimduresnmaninsedwaldnnteyavesam  wdau
=f

Meuenfundanuiazivge Snake lufinmudnuarvomweuniodunm wasnuneuen
o < ) . o ) =
lufisenuuulyiit Active Contour TuSswauiunvssing gnuansluaunisi (3.6)

EE.z:r = _|V1(x’y)|2

: (3.6)
=—|V[G, (x.)*1(x.y)]

vnaumsil (3.6) widiuin wdrumeuenfunduuresnindegnadhenndanses
WUU Gaussian 2 9A 7 I(x,y) Wuguamsesudimdildanssesniweinis Map, o
Wuadsnuunesgiy war V fudfoinisuuy Gradient audutives Contour asiu
agiulerifundanures Snake viavun Tneiiringavomdsufuitiduwuuiass
Active Contour Wiindewil Fsariusgfuauumslvaresawes Gradient LavarvgmeEi
voUNN JUT 3.5 LAY 3.6 LARIIYNTHUBY Contour LAYIBUIARATNEYEINN ANESY

/'//"— \\
, |

‘\- -

<
3UN 3.5 aynsuwes Contour

=] ¢ d
Elh‘] 3.6 UBULIAYBNATWIRARLLIALEDAVI
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3.1.3 danediiun1suendaun1naaeds Distance Mapping Active Contour

] Nucleus Position / Image Cropping
Nucleus Convex Hull Processing

——

Perimeter Enlargement

*

| Cytoplasm Area Estimation
Distance Mapping / GVF

*

] Active Contour Propagation

Final Segmentation Cell Boundary
e S ————

e

o a e | as . 4
;aj'tJ‘VI 3.7 QanedfuN1TuendIunIne838 Distance Mapping Active Contour

sanadfiunisuendiunweadidnidony19A2878 Distance Mapping Active Contour
wanslelusudl 3.7 [12] L’%;Jﬁumnm@hmﬁq‘umﬁaLﬂﬁaauazﬁmgﬂ (Cropping) 88n31 21N
5ummﬁ'a&m'mxu Convex-Hull uazegneidusausUvasinedes uavmusn1sUsyana
ﬁuﬁmml%‘[mwm%ﬁdﬁaLﬁusﬂdumauﬁéwﬁagLLasﬁaqﬁﬂaﬂmaﬁmxi’q \omwnuagnsues
fuaggninlldlumsiunuiiiieaiinmeinsivaves Gradient waztlugnisunsves
Snake Contour %a%ﬁﬂﬁu‘%nmmmﬁamﬁ'ﬂaLLazLﬁuaﬁLﬁmLﬁawﬂgﬂLL‘aﬂahuaaﬂm Tnena
YBINTUENEIUEAG LAEaAUIF 8785 Distance Mapping Active Contour 5ﬂsgﬂﬁﬂ1ﬂ
Wisuisuivasnisuendaun wlngld Mean Shift & Region Growing #ufusanedfiufivh
aueluenAdeiul sxuandiifivluund 5
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9anaaNu

‘uumaummaﬂawmwmammLa@m"mwmmudmm’mwumam’lwmumiﬂw 4.1
mmanwﬁluww 2 mq]almmmﬂsvanm%ﬂwmawuuimﬂu,maanmu 4 d1undng Ae
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JUN 4.1 dupeunisuendriunngadidinidonv1asae35n1s Mean Shift & Region Growing

Region Growing

Segmentation

Region Growing Image

Segmentation Representation

4.1 9anedNu Mean Shift (Mean Shift Algorithm)

N1 Mean Shift (fudanedunuuiugildmgiuieantodu (Local Mode) Tu
Tnuusan Spatial - Range @anansonsesdvluidousonannmwldluvaefitinidnwvey
Amegdimsidenel o, wer o, Wivuzas anflaidunisussanaranumunuiuLuy
wosiualuaunisit (2.6) Auidenldirosiuaria Normal (Gaussian) Kernel u3e 1aesiua
wuuUnR [20] snusunsd (2.5) dedu dleunuretiaveusediuaiidonlfuarasiusznay
nawesres x, Mulawusiy Spatial - Range asluluaunisnisussanaafeaiduay
VUL Sranunsaleuaunsiainsidy

A c a ] 5
f(x):E;exP(_EM (x,xi,a)) (4.1)

WAYEIUITANIAIVDY Mean Shift Vector L@ saianslugunisi (4.2)
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Zx exp(—-—M (x; xt,G))

m(x) =+~ —-X (4.2)

Zexp(—%Mz(x,xf,cr))

= o = aa :
M990 4.1 LLﬂﬂ\‘lE]ﬁﬂ@ﬁﬁ&I‘?JEN’}]Eﬂ’ﬁ Mean Shift

1) MNUal 7 =0 WagiINUAANS LA UYDIALAATIALATEY €
2) fmual y' ' =x, e i=12,.,n
3) AUINANISEEn Y, We i=1,2,...n oy
3.1) Yiuuse
zx exp(——Mz(y,,x,,G)]

t+1 _ =1

y, :
ZeXP(—EMz(yZ,x”o)J

=1

3.2) &N Mz(y‘*‘,y§,0)>£ nauluituneud 3.1
4) fmualA z, :(xs,.,yf.f) fide y" Hudiures Range 1as y/ wam

@ a ) i i a ' =l o &

sanefifiu Mean Shift gnuanslumsedl 4.1 [5, 6] FemnsnedusldeesaviBuasii

Awueld Y={y}" uar Z={z} Hudavesgadoyalulaamion Spatial - Range
j= i=!

2 nl L I3 nl' 1 - o
VOIURYANIYNUTHINANALAYNAANTYBIFUNMNINIUNTEUIUNTS Mean Shift muaisiu lag
Avusdsuiuresgadeya y, u x, wavssminmsiuiunisgdilutuseud 3.1) uay
3.2) 99 y, WwiedeuiuuvINd e uiieniwes Gradient vislulawm Spatial waz Range

Sﬁqlu‘wam fhuargidhdgrudesiesiululamusay Spatial - Range maeﬂ,ﬂawam wagdv9
memmnsawuﬂﬂLﬂaawﬂuawawnuuamamwarﬂ,ﬂawaﬂma Fauandlugud 4.2

L7 :J 1
A, AwAuaty 2. ATWARIUATEUIUNITATD
WUU Mean Shift

o @ ] v a ; i
JUT 4.2 nadwsvesnsiuatufinIunseuaunsnsemuy Mean Shift

YOFVBIITNITNTBDIRUY Mean Shift Ao Tassadrwasnmaglaivdruuladuseminenis
= @ - & | @ @ ad o
U Lazdaninsansesdsluileusanainninlalurueidiassnwiveunnaieisnisiaen
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A1 o, way o, Wimingan [13) sedwidnisnseswuy Mean Shift Fuduisaildsnulass
a5 1vean nlerninisou

4.2 Panaany Region Growing (Region Growing Algorithm)
mvusld z, =((xi,yj)T,y:jT) Jugavesdoyavessunmiignnsasdieddns  Mean

§ =l = v = o A:%’
Shift LLasm;mamnmiﬂam&N 4 39 MUY

Tnedl z, gniendn eudnanvesudioalndifes

Tupeuazng Region Growing wandlumisnedt 4.2 [5, 6] Teermuslss L:{I,Z,K}
Juidmuosenlu Region #9 Region ﬁé’qlﬂﬁﬁwumwzgﬂL%@‘Lﬁ’l,ﬂu 0 NaEuLAFIUTOuSA
9 amveavadilinideavidansagnuandiifaeidavesuiinniiinsudeuulawes
Auuudng uazaziinaBeunasegiesniafivevveawad  aunsneonwuuSanedi
A8n13 Region Growing léead yvesdoya z, gninvusliflavindy Idy e ldrve L

T

1
|y,
Hardunisuguuu Growing gnisendnetnmiladn RegionGrow (zf.,z,.",ldx)

wazgrrasuInulndiAesns 4 gegndmuslilandu de Taed ~y! ,"Soﬁ Toed

= & a :
M 4.2 UANITURDUYDIIBNT RegionGrow (2,2, , ldk )

U 2 2/ ¢
1) @ y;T—yfﬂ > o Wesnanindu

2) @ z, iy 0 Teanandledty

3) Amuely z, iy Tdx

4) Suniendu
RegionGrow(z, z“,fdx

RegionGrow(z .z, ldx

LA

)
( )
RegionGrow(z’_,z Idx)
RegionGrow (z o Idx)

5) 88NN RIATU
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& Y ¥ Qs a . .
wenanil Wsunsuvandildlunisaasvesdanediiu Region Growing gnuansly

cmsfm‘i?'i 4.3 [5, 6]

o o o o a ) .
A15199 4.3 uassldsunsuvanildlunisneassessaneadifiu Region Growing

1)
2)

Amungnvesteyasnunidu 0

\n Idx =1

Aumyavesdeya z fidhlsignimundraingunwiignnses
ivuael z iy dx

ISunReAtu RegionGrow (zl_,zt_",ldx)

\Imen Idx = ldx +1
thisnsdiyavesdeyaidalignimunen
TinduluGudludumend 3)

cafl

= v [} v aa . . .
UN 4.3 HaaWSAITWNEIUNWAEABTNIS Mean Shift & Region Growing

4.3 vaneanun1sunuAtdlugunm (Color Image Representation Algorithm)
Amualdt rg, \Hudavesinarionuely Region Growing 7 i uag av, \Juriede

VosdnitInnsEUIUNIT Mean Shift lu Region Growing 71 i nszuunsunuAdluguaIn
fie madieA av, lWunuAndluisiasfineares rg, ianunsauandliifubusogadgy

W aq

. AMWAHIUNSLUIUNITLNUAE 9, mwwaaﬂﬁmﬁamwﬁ@mwﬂ

d1us9878015 Mean Shift &
Region Growing

o v | 2 aal oA 5 i
E‘U‘VI 4.4 NAaNINITHENFIUNIWAIBIDNITUNUAE LAY Region Growing
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9ndaneddiudiinauetrsuandiuliin fasiluusnaforty onfoiay v
vosihindealuzaddadionsn enaszgnuuisesnidu Region Growing wanuqngy us
otelsfimny wuiendadelu Region Growing wantufirlnddeeiu wazusnsnean
Addeluudnndugreudiann  fuuluinednusatud  Jeldthauelildediadoves
Region Growing \Uusunuvasdly Region Growing Ty I R L e R O RBE TR
Tinswldin adadevesuinaiisaulafiddumiile fetudwy Region Growing fidlei
ﬁLagﬁJwhﬁ'w%a“lﬂé’Lﬁmﬁwﬁﬁlé’fmﬂmimamﬁmmimsqlﬁ’hL‘ﬁ‘u Region Growing w84
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nsuendunmieadidadonunilaglidanedfin Mean Shift & Region Growing gn
weaewiiluigid RGB way CIE L'a*b* weswaddimdenunnie 5 win Ao dolasiia,
dloaluila, wizila, Aulwles waslulules uenanisaandiifiuiimayeanisuenaiunn
A7835n15 Distance Mapping Active Contour sauiaUSeuifieunavainisiendiuninass
w2 3% fvuandiiiivedvasiBen Kol

5.1 msuendrunmwadiiiadenynilaelddanaddiu Mean Shift & Region

Growing

nsusndummeadidadonrnifithauelunudseiul deufivzuendiunweadide
wonvmeeniludnlnelidanedfin Region Growing FAteldhnwiaddindesuasiu
aUUlUNIUASEUIUNTNSDILUY Mean Shift ﬁauLﬁaaué‘fwmﬁ@w?aﬁmmwmtﬂumw
INNGUNINTRINMEEIZNNT Mean Shift fefildnanaliudaluiated 24 uay 4.1
Msden1 o, WAy o, IvAiHAREIBENAANTUBINITLENEIUAI namAe Adenan
o, war o, Livngan o199svilinadwsuaInIsLENdUATNEEIEA1S Region Growing
fin1suendrunmiisnniAuly (Over-Segmentation) wiavosiiuly (Under-Segmentation)
fadunisdenen o, uer o, Sefefuddidwny fufu TurmAsetudoruanddiduie
ANSNAABINISLENEILNTWAIETENS Mean Shift & Region Growing $n1siaenan o, way
o, wanzasuarlivnyay Tneavuandiiiuianismeasiwosiianduaty, nmdiku
NSEUIUNISATOINUY Mean Shift, AMWAHIUASEUIUASUVUANE  waznnwadfinidon
vniignuensanfududieiims Region Growing VieluU3gid RGB uay CIE L*a*b* fil
[5; 6]

5.1.1 wan1vaaaslud3giid RGB

HANISNARBINTITNTOININGIETTNIT Mean Shift LaENITWENAIUNINAILTTNT Region
Growing weswadifiaidonuias 5 vie Ao Dalasia, Sledluila, Wwiwila, Aulnlesd uay
Tululesd Tu3gfd rB laemsidenlden o, uar o, sqiu gnuamdlugud 5.1 - 5.11
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. AMWRHIUNTEUIUNS UL UANE . Mweaddindeviaign
FEANLUUATT WUNATU ALEATLUURATS
o:=2500,067=81.00 o: =25.00,6%=81.00

=
UM 5.1 Nanwwmaa\m'm,wﬂﬂ'mmwmmwaammaammwummimﬂa (Neutrophil)
T‘uﬂsnma RGB #9897 1 (o)

1. AwAuatU

i [ s rn} 1
Q. WFNIUNTEUIUNITATDILUY A. NMANASNSNgNUENEIY
Mean Shift gAML UUFIS FIYATLUUATS
0 =6.76,0% =5476 o =6.75,0; =54.78

= i < a a =y "
UM 5.2 waniseaesntsuendrunmessgadifindesveiadalasila (Neutrophil)
Tud39d RGB fage? 2
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4. AINARIUNTEUIUAISATBIUUU
Mean Shift m8AILUURIS
o5 =43.56,0% =38.44

a1
QA ATMNNHTUNTEUIUNTINIDILUY

Mean Shift AI8ALUUAIS
0!=19.36,02% =81.00

Q

A I 1
9. PIWARIUNTEUIUNITUNUAE
PWANLUUATS
o;=19.36,0% =81.00
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. MNHAEWSAgNUENEIU
FRBAMMUUAIS
o =43.56,0; = 38.44

g

h‘n
s a y
¥, MWHERNSANLENEIU
AILATNLUUAIS
ol =1936,6; =81.00

& & = al
. AweadldaiGewaTign
WENEIW AILANLUUATS
gy =18.36,0 =810

A | (3 o oA = i
JUT 5.2 manisveaeinisuendrunimeesgaaidndenuivieiialasila (Neutrophil)
a aa @ " oA 1
Tu39fid RGB dnaened 2 (o)



al
Y. MNAHIUNTEUIUNTSNTDILUY
Mean Shift A28ALUUAIS
o:=243.36,0% =210.25

o
L ATWNHIUNTEUIUNITNIDILUY

Mean Shift A78ATLUURATS
s =21.16,05=36.00

2. MWAEIUNTLUIUNITNTBILUY
Mean Shift ABALUUSIS
o: =T7744.0% =64.00

. Mneuaty

A. NTNNASWETIQNUENEIY
BN UUAIE
0, =248.36,0° =210.25

9. MWHAEWETIgNUENEIY
AILATLUUATS
oy =21.16.0% = 36.00

9. NIWHAGWSTINULENE U
YRGS
0% =77.44,6% =64.00

d ! (2 4 = = = . -
3UN 5.3 wansveaaenisuendiuninvesgadidaidenvnivindlodluila (Eosinophil)

TuU3nlid RGB Mol 1
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PILATLUUATE LBNEIU AIYATUUUSID
o: =77.44,0% =64.00 o: =77.44,0% = 64.00

o
JUN 5.3 NamswﬂammiLL&Jﬂmumwwamaammaaﬂma‘dumdaﬂu% (Eosinophil)
'Luﬂiﬂua RGB fhageil 1 (die)

. MnEuaty

Y, MNAHIUNTEUIUNITATBILUY A. NMWNASWEAGNLNE Y
Mean Shift AIEANLUUFIS FIEANLUUGIT
= 484.00,6% = 256.00 0! =484.00,0% = 256.00

= | < a as a : .
JUN 5.4 nansveaeansuendrun nuedgadidaidenvivdndledluila (Eosinophil)
= aa s ! A‘-'J
TuUsglid RGB saoghedi 2
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3. ATNTIHIUNTEUIUNITATDILUY 9. AWWAGWSTINULENE U
Mean Shift A8AILUUFIS FBATLUUATS
a; =174.24.0 = 27.04 o:=174.24,0% =27.04

A 1 s A i
2. NWAHIUNTEUIUNITATDILUY 9. NIWHATNENGNUENEI
Mean Shift M8G5 FILANLUUATS
02 =441.00,02 =169.00 o¢ =441.00,02 =169.00

o : ¢ =
%, NTWTIHIUNTEVIUNITUNUANE . nweasidniovnaiign
AILATLUUATT LNEIY FRBALULATS
02 =441.00,02 =169.00 o; =441.00,03 =169.00

a 1 o =l a a . i
JUN 5.4 nanisveeeanisuendiunwvegadidadonvnuindledluila (Eosinophil)
= - e 1 A U
T3 RGB Faegei 2 (sim)



. AweuaTu

Q. AMPRHIUNSEUIUNITNTOILUY A. NMHAGWSAIgALENEIY
Mean Shift #28ALUUATS FEATLUUATS
g; =53.99, 02 = 324.00 0% =53.29,0% =324.00

3. AMMEIUNSEUIUNITATOILUY 2. MNHEANSTAIgNLENEIY
Mean Shift A78ALUUATS FYATLUUAIS
o = 11.56,0; =49.00 o: =11.56,02 =49.00
!
qll ¥ c’a] 1
2. AMWARIUNTEUIUNITATBILUY U, AMNHATNENNLendIU
Mean Shift A8ALULATS AIEATLUURIG
g =17.64.0° = 144,00 | o; =17.64,0% =144.00

d 1 ¢ = - - &
JUN 5.5 wansmasesnIswendrunmuesgadidadenueiaulaia (Basophil)
Tud3ndid RGB fegnad 1
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%, AMWIHIUNTEUIUNISUNUATG 8. nMweaadadevaiign
AEALUUATS WUNEIY AIBFNLUUATS
o; =17.64,0% =144.00 o, =17.64,07 =144.00

=
3UN 5.5 wams‘wﬂaaamnmnmumwmaqLsaaalmgaa@mwuml,u‘[oa% (Basophil)
lul3nlid RGB fognedl 1 (ve)

A, AnEugUU

U, MWIEUNTEUIUNIINTDIUY A. MWHATNETIgNUENEAIY
Mean Shift srefLUuAIG AILATUUUATT
= 400.00,0°% = 324.00 o} =400.00,0% = 324.00

= | 4 o = 5
UM 5.6 wansweasensuendiunwuawadisinidenviedaulsiia (Basophil)
Tud3ndid RGB fege?l 2
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1. AIMFIRUNTEUIUNITATBALUY 9. MWHARWSTIgNUENEI
Mean Shift fRBpLUUATS AUATLUNATS
o =256.00,0% =42.25 o =256.00,6; =42.25

a v ca |
Q. ATNNHIUNTEUIUNITNTDILUY . mwwaawwgmwﬂmu
Mean Shift $EALULATS ABATLUUAID
0; =153.76,02 = 408.04 0% =153.76,03 = 408.04

. AMWARIUNTEUIUNIT U UANE al. mwmaﬁ:’imtﬁamﬁgn
FIUATLUUN TS LUNETY AIUANLUURATS
o; =153.76,02 = 408.04 a; =153.76,0; = 408.04

A 1 I3 = =S = =
U 5.6 wan1sveaeansuendrunmuseaadndenviivialaia (Basophil)
Tul3niid RGB fetedl 2 (o)

a4q
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Y. WAHIUNTEUIUNITATDINUY
Mean Shift sATWUUAIS
0; =542.80,02 = 408.04

3. mwﬁcﬁunszmumiﬂiauwu
Mean Shift f2EAILUUGIS
6= 58.29,0° =27.04

a
2. MWAHIUNTEUIUNITNTDILUY
Mean Shift A78AMLUUATS
0 =156.25,0% =148.84

A. MWHAGNEAgALENEIY
AILANLUUR TS
0% =542.89,02 = 408.04

o eal |
9. MWNATHETIQNUENEIU
AILALUUAID
0% =59.29,02 =27.04

7. MWHARWSNgNUENEIY
FIUATLUUAIT
ol =156.25,03 =148.84

A [l & a a (2
JUN 5.7 wan1sveasansiendiunmwuesganisiadenvviedulnles (Lymphocyte)

TuU3ndid RGB Mot 1



. AWAKIUNTEUIUNITUNUANG Q. Mweaduinideviaiign
AILATLUURIS LUNEIU FILATLUUALS
o, =156.25,62 = 14884 o; =156.25,02=148.84

o
JUN 5.7 mamiwmaaqmmanmumw*ﬂaqLﬁdaammaawﬂﬂwmaﬂWMm (Lymphocyte)
' TuU3oiiE RGB et 1 (vlo)

. AIWAuaUU

U AINAIRIUNTEUIUNITNTEUY A, ATWHATNSTIgNUENEIY
Mean Shift A8AILUNALS ATUAMUUATS
0% =542.80,02 = 408.04 O: =542.89,07 = 408.04

=
JUN 5.8 manismeaosnisuendrunwuesadiiadioavniviindulnled (Lymphocyte)
w308 RGB fogdl 2
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3 AMWRHIUNTEUIUNITATDILUY 9. NMNEANETIQNULENEY
Mean Shift A8ALUUATS PR UUAIS
0% =59.29,6% =27.04 o =50.08, 00 =27.04

I @ cal '
2. MWAHIUNSEUIUNITNTDILUY 7. ATHAG ST gNUNaIu
Mean Shift F8AILUUAIG FBATLUUSIS
O; =38.44,0} =46.24 o; =38.44,0% =46.24

< ! ¢ i
%, AMWANIUNTEUIUMTUNUANE oL MwasidaEevnavign
AIUATLUUA IS WUNEU FREATLUATS
o; =38.44,02 = 46.24 0l =3844,0%=4624

d i =5 = = <
Ui 5.8 wanismaaesnisuendiunimaesgadidadensiviedulnlesd (Lymphocyte)
lud39iid RGB faegnedl 2 (sin)
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Mean Shift A8AMUUATS
o} =14.44,6% = 70.56

o
4 AMWVHIUNTEUIUNITNTBILUUY

Mean Shift A8AILUUAIS
o} =17.64,0,=25.4

A 1
2. MWTHIUNTLUIUNITNTEIULUY
Mean Shift 18R UUATS
0% =60.84,0% = 40.96

. Mwsuatu

a8

) B |
A, WHATNSTINLENEIY
AWANLUUNTE
af =14.44, 0= 7056

9. AMWNAIWSNYNUBNEIY
FYALUURIS
O =17.64,07 =23.04

. AWHAGWETINUENEY
AILANLUUAIS
o: =60.84,63 = 40.96

P | s a a ¢
3UN 5.9 wanisveapinisuendiunmveranidadenuiviadulnlesd (Lymphocyte)

= o L ! d
lud39did RGB Mot 3
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9. ANINIUNTLUIUNISUNUAE . Amgadidaidiovnafign
FIUATMUURIT WUNEIY FILAMUUAIS
0! =60.84,07% = 40.96 ol =60.84,07% = 40.96

d i - a 3
JUN 5.9 nanisveaesnisuendiunmesswadidaidensnuinduiwlad (Lymphocyte)
Tul39fd RGB Fetedl 3 (se)

. ANAUaTY

al v ca |
V. MNWVHIUNTEUIUNTITNTDILUUY Al ﬂﬁWNﬁﬁWﬁwgﬂLLﬁJﬂﬂ’J‘u
Mean Shift AI8ATLUUATS FIBALUUATS
0:=169.00,02% =110.25 o =169.00.07 =110.25

o i (3 - &
3UM 5.10 nansvaaeinisuendiunmeeeadidinidenuvialulules (Monocyte)
= = U ] d
lud39fid RGB Feged 1
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4 NWIHIUNSEUIUNITATBILUY
Mean Shift A8ALUUATS
0 =56.25,¢% =9.00

a0
4. AMWNRIUATEUIUNTTNIDILLUY

Mean Shift A28ALULSIS
oy =25.00,0%=25.00

9. ATNANIUNSLUIUNISTUNUATR
FLALUUATS
& =265.00,67 =250

u

-7 4 1
3. MWNaAWSTIgNUendIu
FUANLUUNIS
g;=56.2507 =9.00

%"
o

ar = 1
. ATWWARWSTIgNUENaIY

FBATLUURIS
62 =25.00,0% =25.00

L | al
w. neadidiadernafign
LENEIY AIUANLUUAIS
a; =25.00,0f =2500

= | a ¢

3UN 5.10 wansveaensuendIunmuesgasdinidenyneialalules (Monocyte)
= =y L ] d 1

Tud3giid RGB fetedl 1 (sip)
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V. ATWNHIUNTEUIUNITNTDILUU
Mean Shift FB@LUUATG
g: =11236.0,=T3.96

d 1
4 ATANHIUNTEUIUNITATRILUU

Mean Shift Fa8@AILUUFIS
0% =104.04,0% = 17.64

A 1
2. MWAHIUNTEUIUAISATDULUY
Mean Shift F8AILUUFIS
0; =475.24,62% = 36.00

A. Mwaualu

al

s A 1
A, MWHATNETNUENEIU
AIATUUUALS
o =112.36,0; =73.96

9. MWNATWSNgNUeNEIY
FRBALUUAIG
p=104.04 .02 = 1764

¥, MWHARNSTgNLEnE U
AILATLUUALS
o; =475.24,0% = 36.00

= | 3 4 =
JUN 5.11 wamsveassniswendiunmesagadidinidenuivdalulules (Monocyte)

TwU3qfi8 RGB feeneil 2
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. AMAHIUNTEUIUNMTUNUAE &, Mweadidadeviiign
ALAUUUATS LENEIU FIBATLUUATS
o =41524,08 =36.00 o, =475.24,6% = 36.00

< | ¢ = a
3UM 5.11 wansveassnswendiunweeswadidiaidenuivlalulules (Monocyte)
luU3giid RGB fegnei 2 (sie)

MNNanIIAaeINNsuendun weaddindenualuuigld RGB fuandluzui 5.1 -
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- (3 &’ ol 3 I 1
Tueded, lelnswandy, waddadonun uaviunds TaeBuegfunsifend o, uae o,

= ¢ & - v @ ¢
lopgudl 5x (n) wamnwiraddiadonvinduatu 5x (1) wag 5x (A) WAMATNYRE
HIAienNITHILNINTBWIENTEUIUATS Mean Shift LAYAISLENEUNNGIBNTTUIUNTS
Region Growing awawiu laensidendn o, way o, filiniswendiudesiuly
(Under Segmentation) #sagiiuldinnmiadidadesvnlyiaansagnuenseniduduls
agwauysnl nanfe liannsauendldssninduendeauarlalnsnendy viossninead

< o & o a |
dinidoaumiuiumds digy 5x (1) weg 5x (1) uananweaddinidanriafidmunisnses
AIBNTEUIUNS Mean Shift LAEAITLENEIUAINFIBNTEUIUNTS Region Growing ®ns/a1siu
lnonsifondl o, waz o, Mvldnsuendiuanniuly (Over Segmentation) Feaziiu
lehaweadidfinidenugnuensenidudiudosqludiuvasinedeauayieinswanda s
= ] - a g | ay 1= a a
feludrwsnzadiliadionuas foiluntsuendrunmilaifivszdvsam 3U 5x (8) uay 5x
(v.) uamanweaddnidennafiniun1snsasiienssuiunts Mean Shift uarnsuwendau
AMPNENIFUIUNTT Region Growing audisu laenisidiendn o, uax o, fvunzas
= = &1 ¢ @ L [t ] v & ! a =i
Feaziiulsnmeadideidenyanansagnuenesnidudls viluduvesluedea, lalng

=5 < é’ g 1 1 = = Qs
wandy, waddiadienuns uaviunds Ideddiusedniam  dyyrnsumuuuguaimey
adugnavsenludithluriunszuiunsnsesuuy Mean Shift Inefinaseudnuesuiion
vouvsnwaAiatay uenatnil dwvesduadvauarlelnswandufdiannsagnuensen
2 ) o e ot : P < | o
Wudlalaenslddanediiu Region Growing §UR 5.x (v.) uamsn weaddinidonunifisinu
nITUIUMSWIUANElRENIAoNAT o, war o, fnzen LerguN 5x (A1) waRenIsLen
drunmsaadadenrinadng FdeduingUssaindnuesanidutul

MAnansneassasiuldd wadidadenvneliedilasiadueanddusud 5.1 (a.), vis
dlodluiladeuandlugui 5.3 (a) uazdulWloddauandlusufl 5.7 () - 5.8 (1) MIusndru
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' = = = ' 1 (3 ¢ & = a ¢ o -
sewhalluedeauaslelnsnanduroutauysal waddadesvedelalulessuandugui
5.10 () way 5.11 () msAnuendiusenindunivawaylelnswandudsldanysaiunndn

i 4 = 1 a % 1 ¢ @ =4 =
naAe dmsgauendiusnniiull (Over-Segmented Region) druwadidiniienu1ivie

- u A | - = L
wieilasuandlugui 5.5 (a) uwar 5.6 (w) veuaszwindundoauaylslnswandalices
Poau losanananduinsya (Granularity)

uenanil xdunguiiuinmeadidiadenvie 5 wlla Srdruveamadinifenyn

= o @ s a  w o | o & i
waziwadnidanundinsdouiviuvioogiiatu szshlvinisuendruilienniu lesand
= ¢ @ = = ¢ @ < I 2 ¥ =l a = o [

vadlalnswarduvenvaddindorvivardvevadidndeonunireudielndifestu Ty

¥ 1 v L d s 5
Iwpudena o, way o, Winmean auaadlugui 5.2 (1), 5.4 (1) ey 5.9 () fatdu
siuldinsdend o, war o, WuddulunszazdmasoUussaniamusinisuenaiu
AN

5.1.2 wan1maassluuiglid CIE L*a*b*

WANISNAABINTINTININGILTTNT Mean Shift uazn1sienaIunwiIe3sn1g Region
Growing vesadifindentae 5 wia fe dalnsila, slodluila, wieda, Bulwles uay
lululed luUsglid CE La*blaensidenlden o, uar o, saqfu gnuandugud 5.12 -

o el L2 é’
5.22 fnUaInu FNu

a W = |
U, ANARIUNTLUIUNITNTBIUUY A. AMNHAENSNNULENEIY
Mean Shift A78ANLULFIS FUANLUURIT
g =02.08,0° =728 ot =20.00, 0% =729

= ' I3 a - a :
3UM 5.12 wanmsveasanisuendiunimesseadilindenvirdaialasila (Neutrophil)
Tu39iid CIE L*a*b* fameedl 1



3. AWARIUATEUILNITATDAULUY
Mean Shift #28AMUUATG
oy =129.16,0% =529

al
2. MNANIUNTEUIUAITATDIULUY
Mean Shift AEAMUUSIS
g, =29.16,07 =625

%, AMWANIUNSEUIUNIS LN UANE
ALANUUATS
0 =29.16,0. =625

u
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3. MWHAGHSTIgNUENgdIu
ALATLUURIS
0; =29.16,62 =5.29

U, AWNBRNSIgNUENEIY
FAANUUR D
0;=29.16,0% =625

¢ = -
£l. ﬂ?WL%aﬁLﬁ@La@‘UWQ%Qﬂ

WUNEIY AILANLUUATS
o, =22.16,02 =625

d 1 L3 = ) oy _ R
JU 5.12 nansveasanisuendiunwvesaadindenvnariedalasila (Neutrophil)
TuU3niid CIE L*a*b* fratedl 1 (se)



a
Y, AIWARIUNTEUIUNISATDILUY
Mean Shift M8AILUUAIS
0:=16.00,06} =4.00

a
4 ATWNHIUNTEUIUNINTDILUU

Mean Shift FBALUUIS
ot =280.04,0% =225

2. NMWANIUNTEUIUNITNTDILUY
Mean Shift slAILUUAIS
oy =27556,05=10.24

. NAUATY
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) al '
A. MWHATWENIgNUENEIU
FILANLUUAIS
o: =16.00,62 =4.00

2. MHaGHSIgNUendIu
FIANLUUAIS
02 =28224,0% =225

bt

. AMNHATNETINLENEIY
AEAUUATE
g =275.56,0% =10.24

a | I3 a a = "
g‘U‘VI 5.13 Nﬁﬂ’?‘i‘m@aENﬂ’]SLL%Jﬂﬁ’mﬂ'?W‘UENL“Hﬁﬁtﬁmﬁaﬂ‘ﬂ’}’rﬂumuﬂmwa (Neutrophll)

T390 CIE L*a*b* ot 2
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a | ¢ - P
%, AMWANIUNSEUIUNITUNUAE oL Ameadidlaidevnafign
FUANLUUAIS WUNAIY AILANLUUNIT
6. =27556,0,=10.24 & =27556.0 =1024

= ' ¢ = a a a :
JUM 5.13 wanmsveaaensuwengiuaneewaddadenviviaialasia (Neutrophil)
Tud3 il CIE L*a*b* shegndl 2 (se)

A, AINEuRTU

U, AMMNEHUNTEUIUNTNTDUUY A. MWHARNSNgNUEndIu
Mean Shift sEAILULATS AIBATUUUATS
o= Bdbd.of =12:25 6= 8164, 0% = 1205

d | < = = = = . .
U 5.14 wan1sveasinswendriunmwusasadidaidenvniviedledluila (Eosinophil)
TuUsiid CIE L*a*b* feeind 1



3. AINAEIUNTEUIUNISNTDILUY . MwHAGWSAgNUEnEIY
Mean Shift A28ALUUAIS FIUANLUURNIS
o= 5. at =3 05 0, = 2500.a’ =2.25

oy

O 6

o w e '
Q. NMNAHIUNTEUIUNATTATOILUY 7. NREENSTIgNLENE Y
Mean Shift @18ALUURTE FIBALUUATS
0% =46.26,0%=12.96 o: =46.26,02=12.96

A " 1 L3 i
%, AMWANIUNTLUIUMTUNUANE . nMweaaidadeviiign
AIBATLUUAIS WUNEIY FIBANLUUATS
o, =46.26,0;=12.96 O; =46.26,65=12.96

o 1 < = a = = . .
3U7 5.14 namsveaesnskengdiuanveswad deadionvviingledluila (Eosinophil)
ludSnlid CIE L¥a*b* dhodnedl 1 (de)
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9. AMWAHIUNTEUIUNTITNTOILUY
Mean Shift #REAMUUSIS
ot =3Bddol =576

3. ﬂ?Wﬁﬁ-j’]Uﬂ‘iB‘U'JUﬂﬂiﬂ‘j@\?LLUU

Mean Shift #R8AMLUUGIS
0 =144.00,0% = 4.00

2. NMWAHIUNTLUIUNITATOILUY
Mean Shift A8AILUUATS
" =163 84,0k =576

. ety
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A. MWHATWSTINULENEIY
AILAUUUATS
0; =3844,0} =5.76

. MwHASWSAgNLENE Y
FLATLUURIS
o: =144.00,62 = 4.00

. AWHATNETgNUENE I
FBALUURIS
o: =163.84,05=5.76

= ' < a aT a . «
JUN 5.15 nansveaesnisuendiunmeesasdindenviriadledluila (Eosinophil)

TuU3gid CIE L*a*b* fetied 2



g ' = =
9. AMWARIUNTEUIUNITUNIUANE w. naaidadounafign
FILANLUUAIS WENEIY ABAILUUATS
o:=163.84,0% =576 o; =163.84,02 =5.76

1J 5.15 mamswmammnwnmumwwmLsaaatmLaa@mwuﬂaiasﬂum (Eosinophil)
’iuﬂsnma CIE L*a*b* fhetned 2 (d8)

N, ANAURUU

U, AMAHIUATEUIUNITNTOIUUY A. MTWNAGNSTIQNUENEIY
Mean Shift ARgAILULAIS AILAILUUAIS
=4.00,0; =11.56 o; =4.00.0, =11.56

=
3U7 5.16 wamsmaa\amnwnaaumwmaqwaammaamﬂmwmmhwa (Basophil)
Tud3ndd CIE L*a*b* fegad 1
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3, AMTEIUATEUIUNITATDILUY
Mean Shift sReAILUUATS
o: =17.64,0% =4.00

H. ﬂﬂWﬁﬁ?UﬂﬁE‘U’lUﬂ?iﬂiaﬂLLUU

Mean Shift FgALUUFIS
62 =49.00,02 =25.00

g, ANWHRIUATZUIUNISUNUANE
AIBATLUUATT
o; =49.00,5; =25.00

2. MuNaANSNgNULend U
FBALUURIS
o:=17.64,0% =4.00

U, MWHATNSNYNUENEIUY
AWAUUAIS
o; =49.00,0% =25.00

. nMweadidadionnangn
LUNEIU AIBATLUUAIS
o =49.00,07% =25.00

= ! a =y R
UM 5.16 wansveassnisuendiunwueamasdedenunivdauleila (Basophil)

Iuﬂ?qﬁﬁ CIE L*a*b* foeefi 1 (#a)
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3

U

U, ATNFIRIUNTEUIUAITATBILUU
Mean Shift #78ALUUAIS
& =161.28.0 =528

4. AINIRIUNSLUIUNISNT DAL
Mean Shift ABALUURIS
o = 705608 =441

2. MWANIUNTLUIUNITATBILUU
Mean Shift eaLUUFIS
0; =169.00,0% = 4.84

. Mneuaty
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A. MWHASWETIgNUENEIY
AIUANLUUAIE
o =161.28,0% =524

@ ca '
9. NWHAANSNYNUNEIY
FILATLUUATS
o =70.56,0, =441

}

v eal |
¥, MWHERWSNgNuenaIu
AILAUUUAIS
o; =169.00,0} = 4.84

q‘ | (2 =5 = = .
Ui 5.17 wan1sneaaniswendiunwessgadidnidonuiriawulaia (Basophil)

Tud3nlid CIE L*a*b* feenadl 2



9. AMWANIUNTZUIUNTITUNUAE &l Mwaddinideuafign
FAEALUUNTS LUNETU FRUALUUATS
o} =169.00,0} = 4.84 o; =169.00,02 = 4.84

U 5.17 wamiwmamm‘nwﬂmumwwmLaafaammammwumﬂsdm (Basophil)
'Luﬂmm CIE L*a*b* fatiad 2 (se)

. Mweuatu

al @ l ;
Y. PIWAHIUATEUIUNITATOIULUY A. NKAENSAGLENEIY
Mean Shift FRgAILULAIS FILANLUUAIS
ol =T3.96,0% <3025 @, =73.96,07% = 20.25

P
3U% 5.18 mamwmaaqmﬂwﬂmumwmaaLsziaammaa@mwumauiw%m (Lymphocyte)
TuuSoiid CIE L*a*b* Fratedil 1
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a s a |
4. NWAENUNTEUIUNISNTDILUY 3. MwHASWENIgnuenaIu
Mean Shift $R8ALUUATS FIBANLUUATS
i =1888 0% =41 0:=13.69,62 = 4.00

{ ] s 4 ]
2. AINAEIUNTEUIUATITNTDILUY . DIWHAGHETIQN UL
Mean Shift A8AILUUAIS FIYALUUATS
o:=38.44,0.=17.64 o; =3844,02 =17.64

9. PWIHIUNTEUIUNITUNUANE 8. nMweadilnidevaiign
AILATRUUGIS WUNETY AIBAILUUFIS
o; =38.44,02=17.64 o;=3844,0;=17.64

= | a a I3
JUN 5.18 wanisveaesnsuendiunmesgaddladonvniviaduinlas (Lymphocyte)
luu3gdid CIE L*a*b* fegned 1 (se)
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. MNAURTY

a ) o )
9. AMWARIUNTEUIUNISATDLUY A, NMMNaaNSTIgnuEngIu
Mean Shift sgAILUURIS AWAUURIG
o; =106.09,0; =6.76 o, =10609,06] =676

3. AMNARIUNTEUIUNITATOILUY 2. AWHEENSTINUENEIU
Mean Shift ABANLUUAIS FLALUURIS
o: =190.44,0% =2.25 0; =190.44,65 =2.25

2. MWARIUNTLUIUNIINTBALUY 1. ATNHAENSNYNUENEIY
Mean Shift FRgALULATS AUANLUUATS
o: =384.16,6% = 4.00 o; =384.16,0% =4.00

=l | ¢ = a a
UM 5.19 wansveasanisuendrunnresadidiaidesviivdsdulules (Lymphocyte)
TwUS9id CIE L*a*b* fanead 2



dl 1 1 4
Y, DIWANIUNTEUIUNIT W URNE & Mweanidadeviaiign
FIUALUUGIS LENEIU AIEALUUGIS
o; =384.16,05 = 4.00 o: =384.16,6% = 4.00

=
3U7 5.19 wamsmﬂammﬂmﬂmumwwmmaammammwumamiwlw Lymphocyte)
Tud3gi& CIE L*a*o* feened 2 (fe)

. Aneuau

i ] u A 1
Y. DIWARIUNTEUIUNITATDIULUY A. ANAGWENYNULENEIY
Mean Shift FEAILULAIS AIATNLUUN TG
o5 =16.00,0; =3.24 o= 16000 =304

< | a a ¢

3UT 5.20 wamsveassnsuendiunnvengesdisidenunivisdulnled (Lymphocyte)
Ca) o ] @ 1 ﬂJ

Tuy3fid CIE L*a*b* feghed 3
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a ) I 1
3. MWANIUNTEUIUNITATOILUY 3. MNHAEWENgNUEnaIU
Mean Shift A8ANLUUATS FBANLUUATS
o; =36.00,07 =2.56 o) =36.00,0; =2.56

al @ i '
2. NMMNANIUNTEUIUNISNSBILULY . mwwaawéﬁgmwﬂmu
Mean Shift F8ALUUAIS FANLUUSIS
o =102.01,0% =2.89 o; =102.01,6%=2.89

2. MWANIUATEUIUNIINTIULUY . Mwasidadeviign
Mean Shift sRgAILUUATS LUNATU ABANLUURIG
o;=102.01,6% =2.89 0; =384.16,0% =4.00

= i I3 = a_ a ¢
3U% 5.20 wansveasansuengdrumneeeadidaidosuiviadulnled (Lymphocyte)
Tud3ndid CIE L*a*b* faghedl 3 (sin)

66



n. Mwdualu

U, MWTIRIUNTEUIUNIINTBIUUY A. MNHARNSTIQNULENEY
Mean Shift fagfLULAIS AREATLULALS
0;=12.96,0%=7.84 o 12060t =784

a @ el |
3. DINAHIUNTEUIUAITAT DU 2. MWHATNSTIQNUENEIY
Mean Shift fa8ALULFIS FYANLUUGIT
0:=3136,0:=1.44 62 =3136,61=1.44

2. MWARIUNTEUIUNITNTOIUUY 1. ATNAENENYNLENEIU
Mean Shift FgALUUATS AYUALUNATS
a; =1664l,0; =289 o; =166.41,0% =2.89

= | ¢ = a
JUN 5.21 wansveasnisuendlunmveradidaidenuivialululesd (Monocyte)
= = b 1 d
TuU3niiA CIE L*a*b* fmet 1



a ' ¢ |
. ATNAKNIUNTEUIUNIS WNUAE al. mwwamﬁmé‘mnﬁgﬂ
FREANLUUFIS WHNEIY FIUANLUURTS
ol =166.41,6%=2.89 o:=166.41,6%=2.89

= \ 3 & a
3UN 5.21 wanmsveaeinisuendrunnesssadidaidenuialalulas (Monocyte)
: B = . Lx 1 A 1 g .
TuUTiA CIE L*a*b* fednedl 1 (sia)

A, NMWAURUU

U MWARTUATEUIUNITNTOIUUY A. DTHNARNSAYNUENEIY
Mean Shift FRBATUUUATS MBATLUUAIE
0; =368.64,05 =2.89 0; =368.64,05 =2.89

= | = <
JUN 5.22 mammeassmsuenduninuswaddnidenvivdalulules (Monocyte)
T3l CIE L*a*b* drethedl 2
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a w  cal |
3. AWRRIUNSEUIUAIS ATV 2. MWHAEWSQNULENEIU
Mean Shift A28ALUUAIT FIUATLUUN IS
o; =100.00,0% =2.25 g2 =100.00,05 =2.25

i @ a |
2. MWARIUATLUIUNIINTBIUUY . mwwaawéﬂngmwﬂmu
Mean Shift 8RN UUAIS FANLUUAIT
o; =361.00,0% =3.61 o= 3610005 =361

d 1 U i
. MMWIHTUATEUIUNMTWNUANE . nMweadidadoviangn
AIEATLUUALS LENAIU AFEATLUUATS
o, =361.00,0, = 3.61 g; =360 =351

o | a <
U 5.22 wanisveassnisuenaiunmusdigadidinidensneialaluled (Monocyte)
- aal L7} ] n‘ [l
Tuuinlid CIE L*a*b* Mothedl 2 (sia)

MnwansAassnskendummeasidaienunluuiglid CE L*a*b* Auandusud
5.12 - 522 veueadidadenuim 5 wia leud Dalnsia, glodluda, wWilesWa, dulnled
wavlalulesl  euidhuldinameadiiadensmausagnueneenifudnld  fidludiues
dndes, lolnswandy, wadufinidosuns uaziiunds Tnstusgfiunisdend o, uay o

r
a

wulRgfunsveaesluligiid RGB winnsuendiunmludigid CIE Lra*b* 2siiusvavd
ATWINNAT NE1aRe Mswendunnadidadesuirlatalasianuandugui 5.12 (),
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dloflumlasvuandlugui 5.14 (a1), Sxlwleddouandlugud 5.18 (@) - 5.19 (@) warlily
laddauandusuil 521 (@) - 522 () wiinmsuendussrindundsauaslslnswandy
| (7 < a - =1 | a i |
ARUYNENYSA USnlregaueneanidudmsnniiuly (Over-Segmented Region) Tudau
- =l =& = o ¥ 1 = aa < t 7
'ummLﬂaaaLLazlsaTwi‘wawum'rmuamuaaaamﬁmimaaﬂuﬂﬁqm RGB faudiinnisuen
] I a = = ¢ @ 4 o =Y Qs =
druseniniumdvauazlelvsnarFuvsugadidindonvennuleila Aauanslugud 5.16 ()
u 1 as L% = [ " J
way 5.17 (a1) sxflidamuinnidn uifilesninauduunsya (Granularity) wenanndl
wiaweaddaidontinie 5 ol sdiduvssaadidindonvnuarivasisindonuaoy
Wuiuvsesgfndu fAdwnansadnisuondruldifiedend o, way o, wanzay suansly

]
3UR 5.13 (@), 515 (1) way 5.20 (a) Fansidendn o, war o, Afdeifudeddy
wswasdudivuadssiniamesinisuendiunim
& A a = | ¢ & & o o aa
uanINy Wewseuiiisunisusndiunmieadideidenying 5 wialuuingd RGB uay
CIE L*a*b* auuiuindwes o, way o, imnzealudigld CE LYa*b* sediendasnd
! a] = a Q.‘J ! i |
AN o, WAz o, Mmsngadluligld RGB duvwnemudn namidlunisuengiunn
a aa 1 a  aal = a -:;' o
Tluliglid CE L*a*b* eeliipendiluligd RGB de Fedeidudeddnlunszuiunis
LENFIUANLUUSRTULIR

5.2 MIuendiunmwaaiiiadenya@ie3Tnns Distance Mapping Active

Contour
nswengIunrasidindenu1992875n015 Distance Mapping Active Contour ¥4 5
- = - ay - -, =Y = € L3 q; @/ dy
4iia Aa Ualesie, Bladluia, wiaia, dulwled waslululed anuanaluguil 5.23 eadl [12]

. 9lmsia 2. dladluila

d ] < = = = aa %
JUW 5.23 wamsveasansusndrunmigadideadentnaluuigid RGB #ae38n1s Distance

U

Mapping Active Contour
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- =y ¢ -7 1 A
A, wleia 3. dulnled (Fregred 1)

9. Aulwlas (Freted 2) . Talulee

o | ¢ - a aa ¥ aa ,
UM 5.23 wanisveaesnisuendrunwigadiiaifonvnaluuigld RGB sedSnns Distance
Mapping Active Contour (#i©)

PNNANTNARBINISUENFIUNNTaALTInFanY1/e38A1S Distance Mapping Active
Contour ﬁLLam”Lugﬂﬁ 5.23 YsamadiSndonune 5 via léun Tlnsia, dledluila,
wieila, Aulwled waslululed  wasslyifiudn  niswendrunwgadisindenanananse
wengdvastrdvaazlsinswaduldotauimels  levwaddaidoruniedesledluflass
LLam”Luiﬂ °u) wavdAnInledsuandugy (1) way (1) nsuengdurputeildasysel fa
LmevuwwmaﬂﬂuLsaiaatml,aamma mumaaLumLa@mmwumm‘[mimmLLam'Lus*d (n.)
LLazImTulsamquLamaiugﬂ 2.) nswenaudilianysaiinntn esndiauansnsdouriv
UNAUTENINTaUnYedleInsnaduvenrad sindenuiuasigaadiadeniay  vsenany
Snifamileh dhuves Contour gnuenglueuiinnmeswatann (Plasma) uwavasvingisad
dadenvivdaulefaduandugy () veuwnssniniuedeauarlginsnandudslieos
Feau Lﬁmmﬂmwmﬂmmya (Granularity)

5.3 Wisuiigunan1suendiun e idndanu125endnedsn1s Mean Shift
& Region Growing Lag Distance Mapping Active Contour

nswWssuifisunanisuengiunizadidsidonu1iseninegisnig Mean Shift & Region
Growing waz3Bn15 Distance Mapping Active Contour ‘UﬂGLﬁﬁaaLﬁJﬂLa@ﬂ%’TJ‘Wd 5 wile A
Talasila, Slodluila, wlede, Aulwles uwavlululesd guandlusudl 5.24 - 5.29 auddu
F9il



. Mean Shift & Region Growing 9. Distance Mapping Active Contour

o = | ¢ a a = 4
U7 5.24 Wiguiiisuwanisuendrunwigadidindensniviedalngila (Neutrophil)
58171498119 Mean Shift & Region Growing Uag35n1s Distance Mapping
Active Contour ' '

. Mean Shift & Region Growing %. Distance Mapping Active Contour

d =l =i [} < a ol ) = ui a:
JUN 5.25 Wisuiiisunanisuendiunigadifinidenvneiadledluila (Eosinophil)
3EMIN9T6N13 Mean Shift & Region Growing La¥35n1s Distance Mapping
Active Contour

. Mean Shift & Region Growing . Distance Mapping Active Contour

o = | ¢ = = = ,
JUT 5.26 WSsuiisuranisuendsunweadifinidonvnviauleila (Basophil)

5E1I1998N13 Mean Shift & Region Growing Laz33n15 Distance Mapping
Active Contour
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. Mean Shift & Region Growing 4. Distance Mapping Active Contour

-] =l a | ¢ a a ¢
JUN 5.27 wWisuifisuranisuendiuniweasidnidenvnviadalnlesd (Lymphocyte)
58¥MI1998n13 Mean Shift & Region Growing Lag33n15 Distance Mapping
e a = -
Active Contour 88799 1

A. Mean Shift & Region Growing . Distance Mapping Active Contour

d 1 = = =
3UN 5.28 Wibuilsusanisuendiunmmzadidaidenuvindulnles (Lymphocyte)
5¥MI1998n15 Mean Shift & Region Growing Wa¥35n1s Distance Mapping
Active Contour #78819% 2

A. Mean Shift & Region Growing 1. Distance Mapping Active Contour

:‘ =l ] < = o <
3UN 5.29 Wisuiiaurantsuendruneadidaidenynvialulules (Monocyte)
5911995015 Mean Shift & Region Growing wag3sn1s Distance Mapping
Active Contour

i
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INWANITUTEUBUNIS LoNdIUA A EAEeAYI5ENI19IBN1S Mean  Shift &
Region Growing 4ag35n15 Distance Mapping Active Contour ﬁLLamﬂug‘Uﬁ 5.24 - 5.29
duiulddn W 2 Brsasnsouendiunweadifadenvnldesnaiwels namie A
waddiadenuiausognuenadiuvesiierdvauaylelnsnanduld  Tnedefveenisuendiu
AWIEATNS Mean Shift & Region Growing Ae @nsnsafvuavaulsveasilAdsaLay
lelvswandavonsadidnidonvviadulnledouandu sUil 5.27 (n) uay 5.28 (1), uae
Tululasifauandugudl 529 (n) ognausdugy wiimeuwnsewinalaedeauaslsinsmwan
s’ﬁmmwaém‘jﬂLé”am‘u”l'mﬁmuhﬂaﬁqLLﬁmlugﬂﬁ 5.26 axfiliresdainuannin uafides
vnenuduunsys (Granularity) Feazifuinduligmiiad®nis Mean Shift & Region
Growing &ag35n13 Distance Mapping Active Contour ﬁ&LLamﬂugﬂﬁ 5.26 (n.) wag (v.)
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WHITE BLOOD CELL SEGMENTATION USING MEAN SHIFT
ALGORITHM

J. Cheewatanon, T. Leauhatong, S. Airpaiboon, and M. Sangwarasilp
Department of Electronics, Faculty of Engineering, King Mongkut’s Institute of Technology Ladkrabang, Thailand

ABSTRACT

The differential counting of white blood cells (WBCs)
provides invaluable information to hematologist for
diagnosis and treatment of many diseases. However,
manually counting the WBCs is a time-consuming and
susceptible to error procedure. Then an automatic and
efficient system seems necessary and helpful. In the
automatic process, the segmentation of WBC image is
one of the most important stages. In this paper, we
propose a new algorithm to segment the image. The
algorithm consists of two tasks. Firstly, the Mean Shift
(MS) filter is used to remove noise. Secondly, we propose
a simple but effective region growing algorithm to
segment the image. The experimental results show the
excellent performance.

1. INTRODUCTION

There are three types of cells in normal human blood: red
blood cells (RBCs), white blood cells (WBCs) and blood
platelets. Generally, RBCs are simple and similar. While
WBCs contain nucleus and cytoplasm and can be
categorized into five classes: Neutrophil, Eosinophil,
Basophil, Monocyte and Lymphocyte. Since the number
of WBCs in the blood is often an indicator of some
diseases such as leukemia and Acquired immune
deficiency syndrome (AIDS), the count of different
classes of WBC, named Differential Blood Counting
(DBC), plays an important role in the determination of
the patient health in different stages: diagnosis, treatment,
and follow wup [1, 2]. In the traditional process,
hematologists analyze human blood by microscope. This
manual process is time consuming and susceptible to
error procedure. Due to the importance of the DBC, an
automatic system seems necessary and helpful.

The automatic DBC system may require four stages:
1) acquisition, 2) detection, 3) feature extraction, and 4)
classification. In the first stage, the blood smear is
magnified to a suitable scale under the microscope, and
then transformed to a digital image. In the second stage,
cell segmentation is used to produce a number of single-
cell images. Then each single-cell image is segmented
into three regions: 1) nucleus, 2) cytoplasm, and 3)
background. In the third step, feature vectors of color,
texture, and shape of the segmented cell and its nucleus

are extracted. In the last step according to the extracted
feature vectors, each WBC is labeled by a classifier.

The most important stage is the cell segmentation
because the accuracy of segmentation plays a crucial role
in the subsequent stages [3-5]. Unfortunately, the
microscopic blood image always has staining reagent and
illumination inconsistencies. Besides, the maturity classes
of the white blood cells actually represent a continuum,
cells frequently overlap each other, and there is fairly
wide variation of size and shape of nuclear and
cytoplasmic regions within given cell classes. Such
difficulties make the WBC segmentation a hard and
challenging problem.

There are a number of cell segmentation algorithms
available. For example, Shitong and Min introduced a
new detection algorithm which combines the advantage
of Threshold Segmentation followed by Mathematical
Morphology (TSMM) and Fuzzy Cellular Neural
Network (FCNN) to detect the WBC [6]. However, to
reduce the computational time, the hardware
implementation is required. Then it is expensive and
inconvenient in some applications. Next, active contour
techniques were proposed to extract boundaries of WBC
[1, 7, 8]. The active contour based segmentation requires
the initial contour of the convex hull of the nucleus
boundary which is also the problem of cell segmentation.
Then the fully automatic approaches of the active contour
based techniques are difficult to implement.

In this paper, we propose a new algorithm to segment
a WBC from a color microscopic blood image. The
proposed algorithm is based on two assumptions. The
first assumption is that the WBC images can be
represented as a set of regions whose observed colors
change slowly, but they change abruptly when across
the boundary between the regions. However in the real-
world application, the observed colors in a given region
can change unexpectedly due to the fact that the images
are always contaminated by noise. To solve this problem,
the second assumption is proposed. The assumption is
based on the fact that, in practical application, the
boundaries of the regions are not destroyed by noise.
Then the second assumption is that the size of the
abrupt change at the boundary is always bigger than
the size of the unexpected change by noise.

The proposed algorithm is designed as follows.
According to the second assumption, the image is filtered
by the mean shift (MS) filter which is an effective edge-
preserving filter. Barash and Comaniciu showed that the
MS filter outperforms other edge-preserving filters
including Nonlinear Diffusion and Bilateral filter [9]. The
MS filter is an iterative algorithm to detect local mode in
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the joint spatial-range domain. It can filter noise while
preserve the boundary by choosing a suitable bandwidth
of spatial and range part. Next, the filtered image is
segmented by using a new region growing algorithm. In
this paper, a simple but effective region growing
algorithm based on the first assumption is proposed.

The rest of the paper is organized as follows. Section
2 is devoted to the theories of MS filter and the region
growing algorithm. The experiments of the proposed
algorithm are shown in Section 3. The paper is concluded
and the future work is indicated in Section 4.

2. THEORIES

2.1. Mean Shift Filter

Let Xz{xi}:':l be a set of n data points in d —

E: . a0 . . .
dimensional space, R“. The multivariate kernel density
estimator with Gaussian kernel and a symmetric positive

definite dxd bandwidth matrix H, computed at the
point X is given by

f(x)= — Zexp(-——d (x, x,,H)J,

|27er
(M

where
dz(x,xj,H)E(x—xf)TH"(x—xi), )

is the Mahalanobis distance from X to X,. By computing

the gradient of f(x)

n H—l n

Vi(x)=——— X, —X)x

f( ) |27TH| i=l ( ; )
(3)

Bz
exp(—gd‘ (x,xi,H)]
after some algebra we have
VA

m(x)=H f(x), (4)

/(x)

where

Ll X, exp(—;d2 (x, xj,H)J

m(x)= —X,

Zf_]exp(—%aﬂ (x,xf.,H)J

is the mean shift vector.

(5)

Assume now that the data points X, are extracted
from an input image. Then the vector components of X,

contain both the spatial lattice information X, =

=(Cflﬂcrzscr3 )T >

where ¢,,¢,,, and ¢, are three color components at

i1?

T ; ;
(x‘., y.) and range information X,

"
position (x,,y,). Then X, = (x:,,xlz) is a data point
in joint spatial-range domain. We assume that the
bandwidth matrix H is diagonal having the diagonal
terms equal to 0'§ for the spatial part and O'ﬁ for the

range part. Then the Mahalanobis distance in Equ. (2) can
be rewritten as:

d> (x, Xi,H) = | 52"'0- ||X 2—(:,,” ! (6)
S R

X

where
| "E(X—x,.)_+(y—y,.)2. (7)
Moreover, the RGB space is selected in this paper, so
I T=(r-n) +(g-g) +(b-b) .
(&)

si

Table 1. The MS Filter Algorithm

1. Set t =0, and initial the error £.

2. Set y? =x, fori=1,...,n

!

3. Calculate the convergent value 'y, for

i=l...;n by
3.1 Update

.'+l

Yi

:_;]xi exp(—%di(yi,xi,ﬂ))
Z" exp[—%d (yj,xf.,H)J
32 If dz(y;,y:.+l,H)>€ go to step 3.1

4. Set Z, =(x;,y:_;.r), where yf_,. is the range part

of the convergent value y:..

The MS filter is an iterative algorithm for local mode
detection in the joint spatial-range domain, and can be

follows.  Let Yz{y.}” and

formulated as -

n
L= {z,. };‘=I
domain of the processed data and the result filtered image

respectively. The MS filter is formulated as shown in
Table 1., and can be explained as follows. Each data point

be a set of data points in joint spatial-range

Y, is initialized at X,, and. during calculating the
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convergent in step 3.1 and 3.2, 'y, moves iteratively

along the gradient direction in both spatial and range
domain. Finally, it converges to the nearest local mode in
the joint spatial-range domain. Finally, the colors of the
filtered image are set to the colors of the nearest local
mode in spatial-range domain. The advantage of the MS
filter is that the image structure does not change during
iterations [8]. Then the MS filter will achieve better
image structure preservation.

The MS filter can remove noise while preserving
edges or boundaries of the local structure by choosing the

2
suitable values of O'S, and Oy.

2.2. Region Growing Algorithm

Given a data point of the filtered image,

= ((x, y)T ,y:_'r), its four neighbors are defined as

follows:

©

zx=((x,y+1)T,y:.§).

On the other hand, Z is called the center of its neighbors.

Table 2. The Schematic of RegionGrow (Z ,z,, Idx)

Moreover, the main program of the Region growing
algorithm is defined as shown in Table 3.

Table 3. The Main Program

1. Label all data points as 0.
Set ldx=1.

Search an unlabeled Z from the filtered image.
Label Z as [dx.
Call RegionGrow(z ,Z , Idx)

Set Jdx = Idx+1.

If the unlabeled data points still exist, then go to
step 3.

S o B L kD

5
L. If “y:T —y::r” > 0., then return.
If z, is not labeled as (), then return.

2

3. Label z, as ldx.

4. Recursively call
RegionGrow(z,,Z,,, ldx),

RegionGrow (Z,,Z,, , ldx),
RegionGrow (Z,,Z,,, ldx ), and

RegionGrow (Z,,Z,,, Idx).
5. Return.

Let L={1,2,..

the unlabeled regions is labeled as 0. According to the
first assumption, the Region growing algorithm is
designed as follows. Given a data point Z, which is

labeled as ]dx([dx € L), its neighbors are also labeled

} be a set of labels of regions, and

2
. | 2 ; ;
as Idx, if ”y:_T—yf_j ” SO';. A recursive growing

function, called RegionGrow(Z ,z,, /dx), is defined as
shown in Table 2.

3. EXPERIMENTS

The experiments of mean shift filter and the segmentation
by using the proposed region growing algorithm of
Basophil, Eosinophil, Lymphocyte, Monocyte, and
Neutrophil are shown in Fig. 1-5 respectively. The MS

with o =9,07=100 and its

segmented image are shown in Fig. (b) and (c)
respectively. Moreover, the MS filtered image with

filtered image

oy =25,0, =100 and its segmented image are shown
in Fig. (d) and (e) respectively.

a. The original image

F'

¢. The segmented image

| gaa

b. The MS filtered image
with
o:=9,0; =100

&7
bl

e. The segmented image

d. The MS filtered image
with
& =25,0% =100
Fig. 1. The Segmentation Experiments of Basophil.
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a. The original image
. i
@
AT a

b. The MS filtered image c. The segmented image

with

g =07 =100

0 &

d. The MS filtered image e. The segmented image
with

s =250% =100

Fig. 2. The Segmentation Experiments of Eosinophil.

',,-f"‘ » ﬂ_p‘#
a. The original image

b. The MS ﬁle? image c. The sgned image
with

o2 =9,02 =100

e. The segmented image

o; =250 =100

Fig. 3. The Segmentation Experiments of Lymphocyte.

b. The MS filtered image
with

o =90, =100

c. The segmented image

d. The MS filtered image
with
a; =25,07 =100

Fig. 4. The Segmentation Experiments of Monocyte.

a. The original image

b. The MS filtered image
with
2 2
o5 =9,0, =100

c. The segmented image

.

d. The MS filtered image
with

o =28 =100

e. The segmented image

Fig. 5. The Segmentation Experiments of Neutrophil.
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As shown in Fig. 1-3. Basophil, Eosinophil, and
Lymphocyte can be segmented effectively. It can be seen
from the filtered images that noise can be removed, while
edges can be preserved effectively. Also, the sharpness at
the boundaries is higher than the original image. Next, the
proposed region growing algorithm can segment the
nucleuses and cytoplasm of the Basophil, Eosinophil, and
Lymphocyte effectively. Finally, it can be seen that the
different selection of the bandwidths provides slightly
different segmented images.

It can be seen from Fig. 4 and 5 that the proposed
region growing algorithm can segment the nucleuses of
Monocyte and Neutrophil successfully, but cannot
segment the cytoplasm region

4. CONCLUSIONS AND FUTURE WORKS

The experimental results show that the MS filter can
successfully remove noise from the WBC images while
preserving the edges. Moreover, the sharpness of the
boundaries of the filtered image is enhanced. In cases of
Basophil, Eosinophil, and Lymphocyte, the nucleuses and
cytoplasm of the WBC can be segmented effectively. The
different selection of the bandwidth provides the slightly
different segmented images. On the other hand in cases of
Monocyte and Neutrophil, the nucleuses can be
segmented successfully, but the cytoplasm cannot. The
reason is that the color of their cytoplasm is similar to the
plasma region. Then the selected bandwidths may be not
suitable to segment the Monocyte and Neutrophil.

In the future works, an automatic method of selecting
the suitable bandwidth must be developed.
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A NEW WHITE BLOOD CELL
SEGMENTATION USING MEAN SHIFT
FILTER AND REGION GROWING
ALGORITHM

J. Cheewatanon®, T. Leauhatong®, S. Airpaiboon*, and M. Sangwarasilp*,

ABSTRACT

The differential counting of white blood cells
(WBCs) provides invaluable information to hematol-
ogist for diagnosis and treatment of many diseases.
However, manually counting the WBCs is a time-
consuming and susceptible to error procedure. Then
an automatic and efficient system seems necessary
and helpful. In the automatic process, the segmen-
tation of WBC image is one of the most important
stages. In this paper, we propose a new algorithm
to segment the image. The algorithm consists of two
tasks. Firstly, the Mean Shift (MS) filter is used to
remove noise. Secondly, we propose a simple but ef-
fective region growing algorithm to segment the im-
age. The proposed algorithm was tested in RGB color
space and CIE L*a*b* color space, and the experi-
mental results show the excellent performance in both
color spaces.

1. INTRODUCTION

There are three types of cells in normal hu-
man blood: red blood cells (RBCs), white blood
cells (WBCs) and blood platelets. Generally, RBCs
are simple and similar. While WBCs contain nu-
cleus and cytoplasm and can be categorized into five
classes: Neutrophil, Eosinophil, Basophil, Monocyte
and Lymphocyte. Since the number of WBCs in the
blood is often an indicator of some diseases such as
leukemia and Acquired immune deficiency syndrome
(AIDS), the count of different classes of WBC, named
Differential Blood Counting (DBC), plays an impor-
tant role in the determination of the patient health
in different stages: diagnosis, treatment, and follow
up (1, 2]. In the traditional process, hematologists
analyze human blood by microscope. This manual
process is time consuming and susceptible to error
procedure. Due to the importance of the DBC, an
automatic system seems necessary and helpful. The
automatic DBC system may require four stages: 1)
acquisition, 2) detection, 3) feature extraction, and
4) classification. In the first stage, the blood smear
is magnified to a suitable scale under the microscope,
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and then transformed to a digital image. In the sec-
ond stage, cell segmentation is used to produce a
number of single-cell images. Then each single-cell
image is segmented into three regions: 1) nucleus,
2) cytoplasm, and 3) background. In the third step,
feature vectors of color, texture, and shape of the seg-
mented cell and its nucleus are extracted. In the last
step according to the extracted feature vectors, each
WBC is labeled by a classifier. The most important
stage is the cell segmentation because the accuracy
of segmentation plays a crucial role in the subsequent
stages [3-5]. Unfortunately, the microscopic blood
image always has staining reagent and illumination
inconsistencies. Besides, the maturity classes of the

. white blood cells actually represent a continuum, cells

frequently overlap each other, and there is fairly wide
variation of size and shape of nuclear and cytoplas-
mic regions within given cell classes. Such difficulties
make the WBC segmentation a hard and challenging
problem. There are a number of cell segmentation
algorithms available. For example, Shitong and Min
introduced a new detection algorithm which combines
the advantage of Threshold Segmentation followed by
Mathematical Morphology (TSMM) and Fuzzy Cel-
lular Neural Network (FCNN) to detect the WBC [6].
However, to reduce the computational time, the hard-
ware implementation is required. Then it is expensive
and inconvenient in some applications. Next, active
contour techniques were proposed to extract bound-
aries of WBC [1, 7, 8]. The active contour based seg-
mentation requires the initial contour of the convex
hull of the nucleus boundary which is also the prob-
lem of cell segmentation. Then the fully automatic
approaches of the active contour based techniques are
difficult to implement. In this paper, we propose a
new algorithm to segment a WBC from a color mi-
croscopic blood image. The proposed algorithm is
based on two assumptions. The first assumption is
that the WBC images can be represented as a set of
regions whose observed colors change slowly, but they
change abruptly when across the boundary between
the regions. However in the real-world application,
the observed colors in a given region can change un-
expectedly due to the fact that the images are always
contaminated by noise. To solve this problem, the
second assumption is proposed. The assumption is
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based on the fact that, in practical application, the
boundaries of the regions are not destroyed by noise.
Then the second assumption is that the size of the
abrupt change at the boundary is always bigger than
the size of the unexpected change by noise. The pro-
posed algorithm is designed as follows. According
to the second assumption, the image is filtered by
the mean shift (MS) filter which is an effective edge-
preserving filter. Barash and Comaniciu showed that
the MS filter outperforms other edge-preserving fil-
ters including Nonlinear Diffusion and Bilateral filter
[9]. The MS filter is an iterative algorithm to detect
local mode in the joint spatial-range domain. It can
filter noise while preserve the boundary by choosing a
suitable bandwidth of spatial and range part. Next,
the filtered image is segmented by using a new re-
gion growing algorithm. In this paper, a simple but
effective region growing algorithm based on the first
assumption is proposed. Furthermore, the proposed
algorithm was tested in RGB color space and CIE
L*a*b* color space. The rest of the paper is orga-
nized as follows. Section 2 is devoted to the theories
of CIE L*a*b* color space, MS filter, and the region
growing algorithm. The experiments of the proposed
algorithm are shown in Section 3. The paper is con-
cluded and the future work is indicated in Section
4.

2. THEORIES
2.1 CIE L*a*b* Color Space

The RGDB color space can be transformed to the
CIE L*a*b* color space [10] as follows:

X
¥
VA

100
255

0.41253 0.357580 0.180423
0.212671 0.715160 0.072169
0.019334 0.119193 0.950227

Y
L* =116 (?) — 16,
0

v = [s ()1 (£)]
v =a0fs (k) -1 (2]

where R,G,B € [0,255]. Xy, Yy and Z; are the
tristimulus values of the reference white. In real
applications of the WBC, information of reference
whites of images in database can not be available, and
the CIE day-light illuminant D65 is commonly used
in digital cameras. Therefore, we set Xy = 95.047,
Yy = 100 and Z; = 108.883 [10]. The function f(q)
is defined by:

R
x| G | (1)
B

) = G, (g > 0.008856)
U=\ 7.787g, (q< 0.008856)

2.2 Mean Shift Filter

Let X = {a;}", be a set of n data points in d-
dimensional space, R?. The multivariate kernel den-
sity estimator with Gaussian kernel and a symmetric
positive definite d x d bandwidth matrix H, computed
at the point x is given by

flg) = —= i ——d (z,zi, H 3

f(z) = \271'H|7 ;exp zi, H))  (3)
where

d*(z,2i, H) = (z — z;)TH Y (z - 2;), (4)

is the Mahalanobis distance from z to x;. By com-
puting the gradient of f(x)

H_l mn
——
n |2’TFH| B =1

exp (—%dz(m, z;, H)) (5)
after some algebra we have

Yia) =

(z; — x)x

V{(z)
m(z) = H— ; 6
= @
where
T mesp (CiP@,n )
m(m) = Z;l:]. exp (*édz(l‘,l‘z‘, H)) — T, (7)

is the mean shift vector.

Assume now that the data points z; are extracted
from an input image. Then the vector components of
x; contain both the spatial lattice information z,; =
(zi,4:)T and range information z.; = (ci1, ¢io, ¢i3)”
where ¢;1,¢;9 and ¢;3 are three color components at
position (z;,y;). Then z; = (zZ, 2%)7 is a data point
in joint spatial-range domain. We assume that the
bandwidth matrix H is diagonal having the diagonal
terms equal to 0% for the spatial part and o% for the
range part. Then the Mahalanobis distance in Equ.
(4) can be rewritten as:

“-rs . xsi”2 H-:UT - mriHZ (8)

dz Ly -‘,H =
(@, 24, H) 202 26%

where

=(e—2) +ly—w)’ (9)
the color distance in the RGB space is

H$5 - 3‘"31'”2

Moreover,
defined as,

lzr — 2rill® = (r —7:)2 + (g — )% + (b— b:)? (10)
and the color distance in the CIE L*a*b* space is

defined as,



32 J. Cheewatanon et al.: A New White Blood Cell Segmentation ...(30-35)

Table 1: The MS Filter Algorithm

Set t=0, and initial the error &

2.  Set y?::r:,- TOra =y s
’
3. Calculate the convergent value y, for
= 1,.m by
3.1 Update

Z:;nl = ”I’(_i“‘z(y:.:x-.,.y))
E 1 "XP(*%“‘Z (u:..r,.H))

i=
3.2 if rIz(-y:,;r;:+1. H) > e go to step 3.1
’ '
4. Set zi = (a7, y,T), where y,., is the range part
7

t+1 _
Y, =

of the convergent value y,.

ot —mmll® = (L =E3PP{a =000 0?11

The MS filter is an iterative algorithm for local
mode detection in the joint spatial-range domain, and
can be formulated as follows. Let ¥ = {y;},_, and
Z = {z};_, be a set of data points in joint spatial-
range domain of the processed data and the result
filtered image respectively. The MS filter is formu-
lated as shown in Table 1., and can be explained as
follows. Each data point y; is initialized at z; and,
during calculating the convergent in step 3.1 and 3.2,
y; moves iteratively along the gradient direction in
both spatial and range domain. Finally, it converges
to the nearest local mode in the joint spatial-range do-
main. Finally, the colors of the filtered image are set
to the colors of the nearest local mode in spatial-range
domain. The advantage of the NS filter is that the
image structure does not change during iterations [8].
Then the MS filter will achieve better image structure
preservation. The MS filter can remove noise while
preserving edges or boundaries of the local structure
by choosing the suitable values of o2 and o%.

2.3 Region Growing Algorithm

Given a data point of the filtered image, z =
((w, 0T, (y),,T), its four neighbors are defined as fol-
lows:

75 = ((a: - l,y)Ta(y);-:(;) ’
z

T
1
2= ((zy -7 @)}
o

2= ((oy+ 1", ()5 (12)

On the other hand, z is called the center of its
neighbors.

Let L = {1,2,...} be a set of labels of regions, and
the unlabeled regions is labeled as 0. According to
the first assumption, the Region growing algorithm
is designed as follows. Given a data point z which

is labeled as Idx(Idx € L) its neighbors are also la-
2

af{ . A recursive growing

,_.
[
TN
—
8
+
—
=
~—
R
=
s

—— e

T

beled as , Idx if y; —Yoi

Table 2: The Schematic of RegionGrow (z, z;, Idx)

P &
1. If ||y e

> o'?;. then return.

2. If z; is not labeled as 0, then return

3 Label z; as Idx

4 Recursively call
RegionGrow(z;, z;0, Idx),
RegionGrow(z;, 21, Idx),
RegionGrow(z;, z;2, Idr) and
RegionGrow(z;, z;3, Idx),

5. Return

function, called RegionGrow(z, z;, Idz), is defined as
shown in Table 2.

Moreover, the main program of the Region growing
algorithm is defined as shown in Table 3

Table 3: The Main Program
Label all data points as 0.
Set Idz = 1.
Search an unlabeled z from the filtered image.
Label z as Idzx.
Call RegionGrow(z, z,, Idr).
Set Ider = Idz + 1.
If the unlabeled data points still exist, then go to

coopwn -

step 3.

3. EXPERIMENTS
3.1 The Experiments in RGB Color Space

The experiments of mean shift filter in RGB color
space and the segmentation by using the proposed re-
gion growing algorithm of Basophil, Eosinophil, Lym-
phocyte, Monocyte, and Neutrophil are shown in Fig.
1-5 respectively.

Ea . O ’
v a
(b) (c)

Fig.1: The Segmentation Experiments of Basophil.
(a)The original image (b)The MS filtered image with
o2 =9,0% = 100 (¢)The segmented image
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Fig.2: The Segmentation Experiments of
Eosinophil.  (a)The original image (b)The MS
filtered image with 0% = 25.00,0% = 42.25 (c)The
segmented image

Fig.3: The Segmentation Experiments of Lympho-
cyte. (a)The original image (b)The MS filtered image
with 0% = 12.25,0% = 42.25 (c)The segmented image

As shown in Fig. 1-5, all classes of white blood
cells can be segmented in RGB space by using the
proposed algorithm effectively. It can be seen from
the filtered images that noise can be removed, while
edges can be preserved effectively, Also, the sharp-
ness at the boundaries is higher than the original im-
age. Next, the nucleuses and cytoplasm can be seg-
mented by using the proposed region growing algo-
rithm. However, many over-segmented region can be
seen in the cytoplasm region. Finally, it can be seen
that the effectiveness of the segmented images highly
depends on the selected bandwidth.

Fig.4: The Segmentation Frperiments of Monocyte.
(a)The original image (b)The MS filtered image with
0% = 25,0% = 25 (c)The segmented image

Fig.5:  The Segmentation Ezperiments of Neu-
trophil.  (a)The original image (b)The MS filtered
image with cr% = 42.25, cr?q = 16 (c)The segmented
mage

3.2 The Experiments in CIE L*a*b* Color
Space

The experiments of mean shift filter in CIE
L*a*h* color space and the segmentation hy using
the proposed region growing algorithm of Basophil,
Eosinophil, Lymphocyte, Monocyte, and Neutrophil
are shown in Fig. 6-10 respectively.

As shown in Fig. 6-10, all classes of white blood
cells can be segmented in CIE L*a*b* color space
effectively. Moreover, the number of over-segmented
region is reduced.

4. CONCLUSION AND FUTURE WORKS

The experimental results show that the MS filter
can successfully remove noise from the WBC images
while preserving the edges. Moreover, the sharpness
of the boundaries of the filtered image is enhanced.
In cases of the RGB color space, the white blood cell
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Fig.6: The Segmentation Experiments of Basophil.
(a)The original image (b)The MS filtered image with
0% =49,0% =25 (c)The segmented image

Fig.7: The Segmentation Experiments of
Eosinophil.  (a)The original image (b)The MS
filtered image with 0§ = 46.24,0% = 12.96 (c)The
segmented image

images can be segmented by using the proposed al-
gorithm, but the segmented images are highly over-
segmented in the cytoplasm region. On the other
hand, the over-segmented region can be reduced by
using the CIE L*a*b* color space. Finally, it can be
seen that the effectiveness of the segmented images
highly depends on the selected bandwidth. In the
future works, an automatic method of selecting the
suitable bandwidth must be developed.
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