sguIdgatuanysal

Automatic Calculation)

/

ALKAYY

[

WNEAIFITIU SAUITY
YN WY JUATS

WLNdn Nanwy
UNAIUYINTAL FUNINBINA
U9E95581 dulud
NeY.98a31 WAGVSIAA
wgdualyius seannd
WHTATUN LUADAUNTNE

W dvsmad aguiny
WeAINgad 8193w
UNATHANIENYAL 5ITUUNA

UNANITINTA 1A

1A39n15 NM3UsENaUANANITNIINMNNTEANdUnaIHRlRTuN T WEHTR
RETUAYUNITITAAENARTNLAZNTATUIUNIANTEANUUUDA LUSTA
(2 Dimension Vertebral Bone Image Reconstruction into 3

Dimension for Supporting Clinical Analysis and Bone Mass

£

PIVLLATINITIVE

N

o)
i
D
[as]

N

o)
i
D
[as]

N

o)
i
D
[as]

N

o)
i
D
[as]

N

o)
i
D
[as]

N

N

o)
i
D
[as]

o)
(e
P))
me

-
o)
(e
PS))
me

2
o)
(e
P))
me

el eXRp eXp eXp eXp ep e ep eXp eXp eXDp
o)
s
D
(asd

2
o)
(e
)
me

TA59n1538UsEANIUUSTUNI R USe LA

MNRUIANYUIFTUIA (SUUTZUUURUAY)

Jeuuszunad w.A. mé&bo

wﬁwmé’agswq



IWALATINT 2560A10802155

avfideysun 67/2560

o—

sguIdgatuanysal

1A39n15 NM3UsENaUANANITNIINMNNTEANdURaIHRlRTuNTWEHTR

RETUAYUNITITAAENARTNLAZNITATUIUNIANTEANUUUDA LUSTA

(2 Dimension Vertebral Bone Image Reconstruction into 3
Dimension for Supporting Clinical Analysis and Bone Mass

Automatic Calculation)

/

ALKATY

[ £

WEIEITI Sedlvdny Wimilasen15ide

[

N

o)
i
D
[as]

YN WUY JUATS

N

o)
i
D
[as]

WILNER NalNWL

N

o)
i
D
[as]

UNﬁ’W’JLUiyﬁ]ﬂiﬂj ﬁUVlﬁﬂ@ﬂQﬁ

N

o)
i
D
[as]

Y1981795597 DUUUA

N

o)
i
D
[as]

NeY.98a31 WAGVSIAA

N

weduplyius seannd

N

o)
i
D
[as]

YIYTATUN  LAADAUNTNE

Wevsmad aguiny

-
o)
(e
PS))
me

-
o)
(e
)
me

P19AINTAl ©195NWN

2
o)
(e
PS))
me

UNAEISNYA 5ITUUNNA

el eXRp eXp &P eXp ep e e eXp eXp XD
o)
s
D
(asd

2
o)
(e
P))
me

UNANITINTA 1A

AMZINYINTTETEUINA N%ﬂ%ﬂ&]’]ﬁﬁ]gﬁWﬁ

AUY8U 2561



AnRnssuUsznA

NTeillasunmsatuayunideansulssnaRunegldanntugaryussuia
(quUszanauaui) UsednUeudseann w.a. 2560 1 Ing1qgysn iudtinau

AMENTIUNITNITIBUNIVIF Lavndayey 67/2560

ANIEEITY

AuENYU 2561



UNAnEa
nsudsdrudeveinsygndunddluiiodiadelsanssgnngu (Osteoporosis) Faiiu
lsafiinnAnuruLLuewIansegnantesal inlvinseaniden WizuIazLanyind1e
waznszanazlianunsaiaunsewnisulmliegianiuund dlulagiuiauidenieiiu
wallAn1sUsTIaNan naueIsNIswlsdiutavaInsEandunas ulasinsidedainaue

TunoUITNTUUsEUTensEgndunatlun e sedend inetwatvayulunisdaaulaves

Y

o
YY)

wnng SunewdEiinaueiisietuimmn 3 Suneundn TeuA TuneunsIounm (mage
Pre-processing) Wiieldeson1suszuiananin, %umaumsLLﬂﬂdau%amaaﬂw@ﬂé’wé’a
(Segmentation) #lutumounisutsdiuiiezutoandu 2 Sunsudosio n1suvsdiuly
wuuau (Vertical) uazgmsutsdruluiuad (Horizontal) iteutsdrudevasnssgndumaily
wuuazuuiuey lutunougainedutureunsidendunsiiaula (Prediction) tieiden
funsfianininaziduuinudenssgn ansanismaassmuitnistienadasung
Uszanananm Wanlflunisuendiuvesnmaienssgnundsiinaunimauietinmly
nrvdeuvdonsinsailsansegn Tnssuduneulsdummaisuldinaue uazndsanld
HASNTIINNTTUIUNITUENAIUVBINTEANFUNT AT IgNTEUINNTUTUU T
wadns mnuansvaaesiliaransathlutiemasiunsuusididsmglunisannaild

TUAIUTRINITIINVBULUAVDINTEANFUNAILANINEITY



GUEITY

R

BNTUD oo n
BTURYTUN I eesssse s Y
BANTUTIANT N oo A
UTIT L UV Yoo 1
1.1 A unas ANUERVOITEYI oo 1
1.2 UTEAUTQIMIIUITY oo 3
1.3 FAQUIZAIAMITIFU. .o 5
1.4 UDULURUDNTUITY oo, 5
15 USRIV LU e 6
1.6 WHUANTANTUSTUTVE oo 7
und 2 mwﬁuazmu‘ié’f&ﬁﬁ'aﬁaq ................................................................................................ 6
2 VUATIAITION et 6
2.1.5 ANFVYIY (DILALION) ..o 11
2.1.6 ANFAANTOUNTNN (EFOSION) ..o 11
2.1.7 F3N15TBUNUTIY (OPENING).c et eeeeeeseessesseesees st 12
2.1.8 MIVFUUTNNAIEITNTFUNLIN (Top-Hat Transform) ... 13
2.1.9 madendulmsiinzausieisnisinaludea (Polynomial Curve Fitting)...... 14
2.1.10 MIMVBUAINAEToN1TIaLaLEH (Level Set Method).......oovvvvvceeeeeeeeeveevecns 15
2.1.11 ANUTUUAZIH (SLOPE AN ANGLE).......oveeceverrrrerreeeecssssineecesssseereeessessssseeeeeneee 17
2.1.12 ATRAYUR (GrAadiENt) ..o 18
2.1.13 mi'méwqaqwé’mﬁwémzéwﬁﬁqﬂé’mﬁmﬁ (Relative Max , Min.......cccoowwvcreeerreen. 19

2.2 4AF0ITIONNTTAUTLAVEAI oo 21

2.3 AT TOUNTTUTUAI VDD e 22
TR R laa 7T o1 S 28

3.1 NFEUAUNTNDUNITUTEUIRNBNIN oo 29



3.2 TUABUNITWUIAIU (SEGMENTATION) .o 31
3.2.1 MIMIATISVBINTEANTULNUASL (Vertical Segmentation)............wmvecrreren 32
3.2.2 NM5UTUANNEINVBININ (Gamma Correction for Enhancing Image)............. 32

3.2.3 MIMIATIINYBINTENAIEITNTLaLIAWN (Level Set Method for Finding
VEITICAL EAGE) ouvuieiei s 33

3.2.4 mamunuminveensegniaglynnafevesduunusa (Vertical Mean Point

Average Method for Locating Vertical SpINe ) ... 34
3.2.5 Mavndnunefidugeresnszgn (Horizontal Segmentation).................... 36
3.2.6 ﬂﬂiﬂ%’wqamwé’aaﬁ'ﬁmﬁuﬂaqsgagagﬂmaﬂ (Top-Hat Transform).................... 37
3.2.7 MIMILIINGUDNUBINTIN (EXTErNAl FOICE) .o, 38
3.2.8 msmwasamaqmmmadwﬂuuﬁazﬁmma (Summation Projection)................ 39
3.3 FUADUNSADNFININTIAULY (PrediClion) ..o 41

3.3.1 TumouNIMRgIgaduimsansuiansanvevednsean (Local Maxima for

EStIMAtiNg Vertebra POSE) ..o 41
3.3.2 funounisutsdrudmiuusugumenszen (Vertebral Skew Detection)........... 42
UTIT B BANITVRADE oo es e ees e st ee e ees e e e 44
8.1 FURDUNTLUIUNTTNOUNTTUTEUTAHANN e 44
4.2 %y’umauﬂizmumil,wﬂdaumaﬂgﬂmwmzaﬂﬁwé’q ....................................................... 46
4.3 $unoUNTTATINVOINTEMIURIUI 47
4.3.1 NIFUTUAVIETWUBININ oo 47
4.3.2 MIMIATITNYBINTEANAIEITAVTALIAYN oo 47
0.3.3 NMITHMAUAANYBINTIAN oorrrerrrrrmmeeeerrrerneessssssssssssmsesssssssseesssssessssssmsssssssseeeeeeeis 48
8.0 FUADUNNTWUIEIULUUAIULBU 1o 49
4.4.1 ﬂﬂiﬂ%’wqamwé’aaﬁﬁmﬁuﬂaq%agagﬂumﬂ .......................................................... 49
.02 DVTVWLTINVIUDN oo 50
0.4.3 NMSAHATINVBIAIAIILATITURAALTANN e 51
8.5 FURDUNTE DT AU e 53

4.5.1 NMIMAIEAFUTINTAMTUNITRATIEIVONTEAN v 53



4.5.2 MIUUIEUEMTUUTULHUVBUBINTLAN coocveevreccrmneeneeccsssmnssssseesssnssensceesces 54

4.6 MITAUTEANTAINUDITINITNUWAUD 1o ssnsensenees 55
UNT 5 ATUHANITNNRB coorreeerreemeereessmeseessssseseessssssssessssseseessssssssesssssesessssseseesssneenees 61
5.1 ATUHANTININRD oo 61
5.2 QMUATHNVEVVADTUDUIAM - eeeereerrssneresseeesseressssssesssesss s 61
5.3 UTERIUUIIATU e 62
5.0 VUM MUAZQUATIATINU.....oovvreovecerrrressesscsssseesssesssssssssssssssss s sssnsssses s 62
5.5 UBLAUBUEY ooeeeeeeeeeereceseseeeesesssseesesssssssesssse s sses s 62

UTFFTEUTUNTU ittt et 63



dsUygUn
suR iy
SUT 2-1 EIUUTENDUYBINTEQNEUNET. e 7
U7 7l 2-2 dhuuszneulassaisuudunss v I A5 DI oo 9
U 7l 2-3 AUUTENBULATIATNTUDTU o 9
U i 2-4 mu‘divﬂauiﬂsqasmﬂamaw .................................................................................... 10
U fl 2-5 AUUTENBULATIATNFUDVIAIR NN oo 10
U il 2-6 muﬂivﬂaquaswimmmmaau ............................................................................... 10

U 7l 2-7 fhethanmitinunszuIuNsIene (n) Mwduatiu () Muvdsaneumsues. 11

SUT 2-8 fhegrsamishunszurunsinnseu (n) nmduadiu (@) amudsanriunsin

TUFOU covetr et 12
gﬂ‘ﬁ 2-9 fegamsUszanameauldwnegismsinaludea order 15 MEI 2. 15
JUN 2-10 A9 19N1TNIVOULVDLINDAIETIRALIANYR ..o 16
SUT 2-11 MFINAVBITUVONEUATIVOIA 2 Q01 17

SUT 2-12 fhadhamsuinsifieusdiuaanin () mwduatu (1) msminsiiouimuuuunx

(A) NMTUUNTLALUANNULLILAY Y (1) MWUSIRINRIUNTYITIAVOULAUTATUTS 2 WAY....... 19
SUN 2-13 (n) MIMIANGERFIRNSNIA P wag (1) MIMAAIEATURNGTIN Pooceeeeee 20
JUT 3-1 UNUANUERITUABUNITUENATNENEAIUYDINTEANTUNAL oo 28

JUN 3-2 nymluansanuduiusvansegndunasdaunalaaintislayavensegndunasased

Y

FINANUBINTIN et 30
U7 3-3 neifuanstaiifuesnszgnduvdsuunsdsduduazgnindneonly ... 31
SUT 3-4 fegsmsrivuau A saae O e 34
SUT 3-5 s TEUDITUREUTB NI SN UNENVBINTERN. .o 36
SUTl 3-6 () dnwaugresnatluunuuau (X-Axis) () Snunvoanatiunuss (Y-Axs) .. 38
SUTl 3-7 saienvestumeu B nauaTvesiasateluLas AN 40

Uil 3-8 siaLiieuveIdunewisn1smnaanduinsdmsuiansansduiadevesnsean. 42

CaNl

JUN 3-9 () dnwauen15as1adunse 2 1@y InoiduaLAIRof U La U UNE N ... 43



SUT 4-1 (n) AenmdfuatiuneunszuIunsAseURngUAIWLUUSHTUR . ..o 44
U7 4-2 (n) AonmilkiunszuiumsuendrureasUnwenedsns Otsu’s threshold Liles

DENIURIET oo ssse s 45
U -3 (n) AenwdiEunszauns superpixels MBFIUIWNGUIIAY 50 NGA ... a6

Ui 4-4 (n) amsgaufiiuduneunsseyinug (v) mmirkiunsuiuaanuaing...... 47

CaNl

¥

JUN 4- 5 (n) nieIsn1sUTuAIANadNe (1) NSTaUnTmMieds (DRLSE) (A) iy

=)

Yoanszgniilalananilaidy <0 uag (1) veuveinszgnillelalalenilendy P=0........48

'
P

JUN 4- 6 (N) LEWVOUNIANAIIINNILUNTZUIUNTELIALEA (1) idUFADIALduNIUNTS

Uszanaaceisinalubioa way (A) EuEuRuAEunlanNsULEUEIADING 2 LAY

[% (%
a o0 a =

AwAeds InedudunBulegl A JuduunumanuaaNTzan e 49

JUN 4-7 (1) MNSEAUWMTNIUTURDUNTIEUTUN (V) NaawSuasIaN15AANTaU (A) Nadws

Y

cal 1

VRININAN (V) WWLITATVENE Uay () HAANETINIUNTEUIUNTUTUUTININAEIENS

WUBITDLATUTILIN s ssese s s 50

'
P

JUN 4-8 (1) M uTumewisn1swUasdeyaguninn () nmradnsidemauiusiy

WUIMNUWEY  X-AXis (A) AMHATNELLMBURUSTULUILAUAY Y-Axis kA (1) NINHAENS

' (%
A o Y Y v o

LUBUIVINEBNATWTILU TR YU ettt s s e 51

'
= 1

JUT 4-9 (n) aweadwsANLATNIFUNNIN () NasamvesiAnuainewesnm n Tuusiay

LOIVBIAULNUNAN (A) AWNAGNWSVDINITIILIINIBUDN kA (1) NATINVDIAIAIUAINNUD

AN (V) TULABZUDIVBAGFUNLTIRN oo 52
gﬂ‘i?i 4- 10 (3) NATWEVDINITMHAAYDININ (V) WAY (9)-cvercreserecrrsconsorscrennsine 52
U7 4- 11 (n) Feyaiianlddmiunmsiingesi uas (v) wsteyasenifumag. ... 53
SUT 4- 12 (n) mndeyaiignuiseaniiutag uay (1) mangeandusimsvestoya............ 53

JUT 4- 13 (n) MUnSIRINMIIRENanduinsluniayy e uag (1) NMNHAENENEIINUTY

iuntsvasynasgaduimslyddwihuniiagldlumumisdmsunisseytevensegn ... 54

[

SUN 4- 14 (n) nnseAumnTutunaunsssuiuiuusnludd way (v) nnnadnsves

&4

Qe

o

TUABUNTTEUTMIUIUBITDNTENN .orererreerrssncrnsssernessesessssssessssesesssessssssenee s 55

JUT 4- 15 (n) uag (A) Fip 819N MNARAETLARINWINETEIVIY oo 56

Y



GV W PR

P o
A1INNN WU

AT =1 LN TTATTIUITUITY oo, 7

A15197 4- 1 HAANSATINUTEANSNINVDITUNBUITNULAUBAILIDABUNITUUNING........ 57

A5 4- 2 39UAYAIIUYNADIVBIADUNITULNIND ... 58
PITNI 4- 3 NANSNNTIAUTEAVEN NV ITUABUITNUNAUDAIBITNITUINUNTUGOU (Area
Overlap) WaLiisuiunataas (Ground-truth) VMR 5 90 A8 L1 — L5 59

¥

M5NN 4- 4 SoUaTAINYNABURREVDINITIAUTIUTOULUMARETD oo 60



1.1 anunduumazaauaingyveedym
ANUNUILUULIANTEYN (Bone Density #1358 Bone Mineral Density) %138 13ansgan

mnedsdiulszneuiiluanseliunidvioussinvensean liun indeus waaley [Wusy

A a '3

iiovsuendsanuudauswaansegniadqiiniiuds lnsundinszgnuosuyudaziinig
wiyduleludowosenunuuduiuduszesuararudaussiianlugasnouety 30 T 39
Huszegiisenevesuywdfnaidenszgnunniian winwutsiudrienisazliannan
avaudlonszgnifisdu 1osnnssuiunmsaaienszgniiatuinnndt uazdontansegn
Gudenaansy nadnsfinuande Tsas o MAeades orfidu lsansegnngu
TsAnsggnugu (Osteoporosis) LungAiuanszgnanslustanieiinnamuiuiue
dwalmAnaudssdensiivsianisnssgniinldienniu wiftedl@sunmsnszunniiios
\Entlen 19U nnduudinszgniin 1udu anvmvesnisiAalsanseganguiimateiade ued
wuinnfigade Yadediinanansiovuauszsfeuiivinsesluuusalnsiauainislanie
Sruauorgfinniu AdusndadeiviliAnnsdnuselduntuisdu Sannsanaswesiia
nsggnanudadomarimndsaniinnweforahlddulsanszannyuld Tsansegniioidu
Foussdeuegnamis wmngldfiornmafousimiaunsgisinszgninadausnlasianyly
druveenseanteile nszgnaslnn LaznsEaNFuUNas 9INSUNINFOUNIENINNNTEANYN
U MaAausanaiiu Tsenessuumela ndrudlegounss uasfuanngddyvosnis
Fetin drfunisluamaviensnsaidnsnanszgnluiumeduladuiddpiletoaty
wagsnwn1siialsanseannulaviuvaed
ludagdunisnsianseneinsainisiialsanseganniuiivaieds a1y
Radiogrammetry, Single Photon Absorptiometry (SPA), Dual Photon Absorptiometry
(DPA), Single Energy X-ray Absorptiometry (SXA), Dual Energy X-ray Absorptiometry
(DXA), Quantitative Computed Tomography (QCT), & & ¢ Quantitative Ultrasound

&

agalsnmuizndundenunianfon15339d891n115TNAUNUILUNVBINIANTEYN

q

(Bone Mineral Density Measurement) Tneldin3es Dual Energy X-ray Absorptiometry



aa

(DXA) Fadulngaridadouar innnumuiniuveansegniludnunssgndunds nszgn
aglnn nszgndu wazdanensegnieiieilundn Feadilaluwssudivuiuaunilume
Lare1gYInAgIiunINTEAnd Bone Mineral Density (BMD) < 1.00 gm/cm2 agillania
nszgniinlédne Fuades DXA dussdinisudfedlusuinase 9 vesflhouasihnmee
xray MF1NLATES DXA desielifiTorvymiasunsegniiinismusuluareensegndl

gnaeialdlunisinulansegnuazasiamilsanseannusioly

[

n1sUdeeFadaNATee DXA duaunsaidenysunansunssddsnniegUieladnasun

o =

$9ETUIUNINUT U ETINLATEY DXA Tn1suessdeanluduiuninuanaiuu@anIngns

$9dond (Xray) MleaniAso9zdinanIngInseius1eastdenrouwiazd1uv09nIEen
FalaunazdelunIsmveulUAYeINTENINELTLIVIYNINAIUNTEaN Wodantudagdu
N1snveulIAveInsEgndsliisn1suuuimumes (Manual) g uinainuinvesgiene

Welasusditngsnneinnuanneiansliiinensudusiaziialsanig q Alasunansenu

n¥eBld 1 osen uzise Hlemaidsssduniumniu fiynsern Wudu Kadunig
wnmgIadendiazunisiddisniefiletesunnifieananuidsssenisinlsafsnan us
NansynUfinuanAenniiliainiedes DXA Sqanwsiuaziiliusafiuseazidonves
nszgnliid uaziAneuendunuAgBeameiunszgnlunisnaveunYeInsEgn Ty
THlunsnsialsanszgnwguldgndes szamilaunmi dsoravinlmAneaiianansly
15NATBULIATDINTTANUALNNTNATBUATDINTEANU A MFBdl A udleadoanis

YDULIAYDINTLNTIRDINITUUUYNABINAR

[ [
Y 4 = =

Fedudafinanundreduiiadumanadidgusznsuieiilfiiaanuideludenis
Waunlusunsudssendnauiiwedmsuuseuianan natevanseanluguiuusiig 1y
MeensEAnNSIEeNdnMENensEANKUY Computed Tomography (CT) %38 n1wee
NIANLUY Magnetic resonance Imaging (MRI) HanuusaluTRuarAsnluda FagniaN
AndunazineuniegwieideddusounareUfiiuundaneifiuivanvaislignandy
fauundunfiotnadnsildndaneifumarduludemdondotsuuzididsny
yeshunszgnlunisannatiumanaveuwnvesnszgnluusazamlsifosauaziiinning
andaslunisanavaunsepnlinniukaz mmvaiulunsaviensinsallsasa 4 fide

nnsegnesly



£ '
= )

deddemduimlunauladimiuneg3delunuidel \Wunisfnwiisesanwuy
Jane3Tiunsussanaran ndenseaniludiurenseandundnindidiendnifinanine

{ 2 v

fanwazrasnNUAREATatUNINTEMINdINYRInsEandundWdaensltlunsnsiavie

=)

wensaimaialsansegnnuivdunseandundanlidesnisinluldnsavseneinsainis

o [

AnlsAnseanngy wavadndiureinsegndundsiifenisesnuilignaewniian #ens

'
v

MutaiuIrUsEneumeTunsunan Ae NMsadndiuvenseandunasiisenisinedns

nfBY N13ATIRERUANLYNFABIIINTEANT NI INTURuLsNlunsendUndafidenIs

]

ee @

'
| A

wunaseldididunliddesnisusuagie wasndantuiinmnlaainnssuiunisi

=

Hunvinnsinuansegniiiensialsanszgnngy wazilielddanesfiudnaniuiudiniily

[ ! [ (3 s s o Ly 1 A & 1
WawresanJugendwisussenddmiutemaenianisunmdsaly

MeEITPATTNadeUUTEaNS N MmMIedanesiudmiunsaindiuveInszandunAs

7gneae wazN1sintianTEaniiensI1arIeneINIainIsAnlsANTEANNTUAUTaLANINAN

=

grudeganmiilunmaienszgndunasnindidondninunime Falasugudeyailunmn

Isangnuaneluumine deysm

1.2 Uszaudeyn1auive

[ [

AasanuauedAyreslymnmninunmentuaunsoesuelanad

'
o

& A NNTANAINAIDIIVNALAAANURANAIALUNITANVDULYAVDILALUSLIUYD

q

nsggndunasndeinisinlunsiavsenensainisiinlsanseannguliiin iy

¥

gnesla

®  NMNTNANNINAIDIYIIAAAANURANAIN T UNTINVOULALAT U0 VDY

9

'
dtd‘d 1 A

nsggndunadlunsiiniinszgnaudulzunnme egau Facet joint

Y

® yuATINTERNFUNGIveunlae1atlsaTiRnuAIe 1IN AL

wansenviseneInNsainIsinlsAnsEnN U AnANLRANA1A L



[y [

JymvosnmnszgndundsiifigunminsliiAaauenlunisnaveusuazde
yosn ey nszgndundaiosnamildliannsaveafiudiulszneureansgndundsd
Aean1sinluaTavseneInsainsiialsanszannseanniulada wage1asviliiinay
AananaldiemsznsnaveunLazioveInsegndundaangilermamadunszgnly
Pagtudadunuuimuniesed dduluussiiudguouited neidoausisnnsusy
ANNMYBIANLAY IS NIMvUIALAT e T NN AUMAIIIN A AN e TN M

AuUgnluli® wazausoutvevwakartaveinggndundantaluldneinsalnisiialsa

nszgnnsu WeldlunsuiludiuresUssinudymanidowmani

'
=

Usziudl 1 deudlovsaduilgniifed 1 lumdesmiddedmaifeldiuauonis
wAdymlaeisnsmusuvnvesnszgndundsainamais Meisnismnsegndunded
#osnsangunmuazyinsidadiuilisndueenly wagldisnsmasunisuseanana
awlunsmusumveInsEgndundsanamitasn e uuUSalusRlFegnadiusyansam

lTuAMAINYRININA18NUANA19TUB17LY U Aggregate Super pixels kae Distance

Regularized Level Set Evolution (DRLSE) tdugu

Usziiuil 2 ndsnveulunveensegngnadaieuies meideldausisnslunis
wisgutymil 2 lumsvvsuwnuinadeveanszgndunds Tuannmiuandnaiu Lile
anunsaatauinadevensegndundauazindnnssgnaruiumaiusenluuaylddiunes
nszgndundsiiandulunimmensaininfnlsanszganguldegsiiuszansam oriidy
Gradient Vector Flow (GVF) Field, N1SHENNEI1UANILHI19I5015 Gamma Correction,

Otsu’s, Horizontal Summation, ia¢ Midpoint of a Couple Peak Wudu

Usziiuil 3 Usziuiniilsafinuniuiudiuesnsegndunds Wesnlsamaiilenari

Winsinulanszgniiensiavseneinsalnisialsanseannsuiinauianainle danuly

(%
= e

WtedTeinafidelaunavensuityminedsnislunisussuiananinluguuusiig 4 e

Y

o w

seynseninlsaiinundunsegndundseanlulviuiniiga ielvinisinutanseannse
wgnsalnsiialsanszgnngulussaninmuazgnAewIniiagn a9y Modified Average

Intensity Huduy



Uszifiufl 4 ndsnnmsvveuivnuazruinatevesnnaienszgndunds luannm
funnsrsiugnatndeuies dmsuussiutigmi 4 4 nmeidelfiaueTBnislunisdunm
A1UIaNIEAN (Bone Mineral Density) dunsumsnensalnisiialsanszannuvsensegnin
ansiunmmaniaraunsatismielununamaunnglunisitadeldediedusyaniam

1NTU

1.3 nguszaeAn1side

[

1. ifleusndinveuivauaruInudonawienszgndundefidnanmenliedis
onlull?

2. ileinrmnansegnlunszgndundsdmiunsneinsainisiialsansegnngy

3. ieanaulumsnsumdluduvesatnvouiunuazudnaudevesnwaiensegndu
N

4. ethiaueiEmisimilumsmusuauazunudeveanndienszgndundals

28190 UsEANT AW

1.4 YaUIYAYDINIUTIE
1. anenenszandudiuiu 80 MmaNiATe DXA vadlsangruianieluumiine sy
Usm

AmEngnsEandunaazUsznaumensean feil T12, L1, L2, L3, L4, wag L5

VUIAVBINNEEILDYT 668 x 681

el

amaensganasitunmluyuues AP (Anterior-posterior) Wity

N

MNEENIEYNFUNIIEARlidn YL AR LTINS

sUnuurlialrdvesnmaieazeglusuiuy JPG



1.5 Uszlgwliinmndteslasy
1. fesdmnuiannmsfnuiisnsuszanananmdifiegegisviainuats wagian
Usganaldluanidulaegnadiussdnsnm
2. l¢danesiufiotemdslunsativayuindulalunmsnnaienensaimsiialsa
nazgNgu wazswAuagmnausluniitadelsalimemaunnduniy
3. ansaihdanesuiludusuuulunsiauendundidensnsaiuieitedelsn
du AszuulassaiumsUssanananinadioadeiu vieslsuuuunsUsyananaly

PANLAYINY



1.6 BHUNITANTUIIUT

#7519 1-1 UKUAITANTUIIUIT

[ %

)

o

v

JUABUNIS

anduanu

N

.8,

N.A.

f.A.

GEGR

n.8.

f.A.

W.8.

5.A.

1.ANNI5UNTIUN
\Wetaenseandu

NAIUAZNTEANNTY

v

A

2 1A@aRI0anasNa
a o =
Y9338l ushn

wazagy

v

3 2DNLUUNRIUN
2ANBSNUNITHEN

druvseinuanszan

4.33UFULLRY

AN

5 ATYUTILITULAY

IANUNINUITY

6493 8ULATULALD
YDLAUDIIUITY

(Proposal)

A

v

7 WNFUDIUIIY

8.4H38UADU

5YU5ITUUNIIY

A

v

9. FyUINTAS
WNeatunszandu

NAILALNIINTIALTA

NITANNITU
U L]

v

A




uni 2

NOUNHAZUITENNYIVDY

2.1 ngu)inngavaq
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diellddeyaiiafosnisidludinunmias Ui tnefinssuiuniseguainvansdnune
pniegnty MsUFulssamnnesawliinuaLdnuIndy (Image Enhancement) N3
wlastayagunin (Image Transformation) NM3Hienun1m (Image Description) N13N58INMN
(Image Filters) n13AuAMN (Image Restoration) N150udavayanIn (Image Compression)
msu;u'am‘wLLé’jﬂﬁwwaumwsuaﬂi’mq (Image Segmentation and Edge Detection) 310
nszuaunsfananidagtuiinsiuvszgndldaufuodiaunivats wWu funsuwnd
fuanwey fuauasade Wui dufuldiinsuszanananimiddiidiantiely
Aanssuvesuyud laslanized1edadmivauiinmeiammienisunnd fet9azi
nszuIunsvisermaniisndunussgndliifiefiaussansnmnsvinureaunndg By
lumsitiadelse vsensiamanuinuniveseivzlusane

Tutlagthumedianisdieammienisuwmddanumainuanesnndu iy nweneed
g (X-ray) FainarnnistdesSidondaneiossudaangludatvmng wWsliminelag

IS 1 (3 (% ]

ziununduNsaasuAINTUTURN AN Fan1nleazLandaarUsenaukanananulagdiun

| Ao o ¢ oy N o 2 v

2 A =, o | ¥ | Aou o & 1 v
Wudvndudrunssdenduululaenniazdrunssdenduuladneasidmvsesi Wuau

[ v [ a

nngnessddiudnendameuiumes (Computer Tomography) ilunmdiwaunmnaindayw
Yo ngeSdendifoinsinssineasndunvesnmiininndy lneSdides 145 dond
WuRefuudazuanieiunsaiiaiesiiliaziivhe1u (Detector) nanesogneluiiieFunm
wiliAntunazaznyuduiidaddiulnssoudiolildnmarnuaiequu Husu amdiede
Slonuududndn (Magnetic Resonance Imagine) agldmduuniindnlnitlugutnuneiie
Wasuunuvasluanath wiinduaduaruiiignudeseenunsgwinailianavesinAugy
winhdyaaildlulssinana Tnsdnvarvesnmifuetrvdnlafiiunahmuduey

Junmdvrisossldmsouuzlusguisdiu dmuinalaiiviunaveshtdsenioduy



Inss dnvazvaanmaziludavsemisn Wudu nmaeadudesainungs (Ultrasound)
Junmnldannisdsmdudesanudaadilulusinme lneandendnnsasvieuveadesdin
Tngjazgninluldusnusiu Wudu guihliduediiinisussuananinmeanisunndddin

Wendasiunsailivinvesuyudiduegiawin

2.1.2 N193n1AY8INTEGNAUNA Y e

U v @ k% 2 [ v o v o &
nszanduraadulassadiudenundeannuvesludunds vinwihmduinigves
naulleuazdudeudeiunglnanfsyy (Skul) nsegnazin (Scapula) nszaNLINIIU
(Pelvic Bones) uawnszaAndlase (Ribs) nsvandundsluauunfasdl 33 Ju' dnwugnildves

nszgnduvatluusardinaziinnuuand1eiuverunn U9 uagseasdenueeed nsegn

Y a v v & a0 [ 0 v W =
AUNAWLAAZTUILLIVIRINDNULUULNILIBNIT Vertebral Column WULNUYDIAINT ANATNN

(%

2-1 Faagdinsuunausumiauae JUs 19Nyl

}
s 0wV j—0

&
t Cervical curvature (concave)
= 7 vertebrae, C, - C,

£ C)
$ st
f Vs
3 >R
—, Spinous N g
¢ process »

‘/— Transverse—

b process >
¢ 10
Thoracic curvature
e - (convex) \
s 12 vertebrae,
- i 2 U Y
i v
N

/L— Intervertebral ———\ i
discs 7 =

Intervertiebral 2

foramen —\“.‘

= —<J
S 24

w aeln Tyl o

3°\0, &N

»

rFQQ
..1_‘ LCW‘“’””"‘*"’
N\
N\
|

r
W=

Lumbar curvature
(concave) )
5 vertebrae, L, — L

a0 e

Sacrum (convex) s 2,
5 fused vertebrae O

P el \
v/ gl n il RS T SYP S SRS TR S SR S AR § NN

(€
\
AN |
Coceyx v
4 fused vertebrae

Anterior view Right lateral view

JUT 2-1 daudsenauvednsegnaunad

! https://th.wikipedia.org/wiki/nszgndumds



[ |

nsrQndunasdiuae (Cervical Vertebrae) n19n1sunnddnisendagedn

[ I [
aa v

C-Spine Nsegnduvasduiinenun 7 ¥u C1 - C7 aglutisaine nszgnduvadludiuii

v &

ninMduannizusanadilawaztduiientastunismasulmvssdirotas sy nseandu

9 Y

a

wasusnatfivuadnigalunszandundmmuanldlunisedeulny aelulunegues

71200 80nwATNILAnTUlUREaUS AN LA IWAY lFUNAS

'
Y] = A 1 i

nseandundedluen (Thoracic vertebrae) N19n1sunNdinisenyoeain
T-spine nszqndundsduiiiianun 12 9o Ao T1 - T12 Wunszgndundsiiegiaenan
S¥WINNTEANAD LAYNTEANLEd (Lumbar Vertebral) uazdadunszgnduvdsduiiiousde
funseqnilassdinthiivasuniedlodunds dndunsegndundsiioniign fufulafnnizan
(Scoliosis) Iiganinnsegndundsdudu uenainlsanszgnduvdsnnuda lsafinulddn Ao
nszgndundamgaviierinaingURmeg waznsegndundsiaguduinainnadeuniueyls

WA INUNSEANdUNAIdILBU

nsrandundadIuiued (Lumbar Vertebrae) Wunseandumnadstisadsedn

(% [
1 aa v

nszgnduvdadiuen nizgnduvdsdiuiiivionun 5 98 Msnsunmdinizeniededn L-Spine
fio L1 - L5 nsgnautueniunssgniltissesuintnuessnanie uastisnisindoulm
sumelufeunnimis SeiliFeauniuiniinesderios fufulabuanvelinylse
Mnnsegnaudiinniian 1w Tseaands lsanszgnngu lsensvgndunduaedou usy

nszgndundsdiunsziuwmily (Sacrum) WunsegniUaiumasy 119ieg

Y

I
Y

seminanseanaginnig 2 919 nsgndundsdiniliivenun 5 Ju uieufaiulugudes Gy
agdnuay 4 ¢ 138071 Anterior wag Posterior Sacral Foramina a1uansu Faduniseenves
wynadulsEamnludundsieanluguiinnidensuuasan

[ v ! 14 [d = 14
nsggndunasaiununy (Coccyx) 1dunszanIvatuiaen Yssnaunig

N voA

Coccygeal Vertebra 4 Ju fntiY18AIUs9v09916 19667 Frengsamlunisus iud

gannzueananuile Wunduile uazldunseaneng 9

2.1.3 n751/53:17@%177wm'5£/z$’zug7u?§wen (Morphological Image Processing)
mi‘dizmawamwmaﬁmgmﬁmm (Morphological Image Processing) A9 >0
Yo uN1slai Y (Non-Linear) Tddwiudsunlasinuussusnmvselasiasnaes

anlaglingureusavsewnindd mivwnuguinmsesunsvesingluain madanis



Useguiananind1daggnlddmsunisuseutanan niiuand19iy Wy n1siansounIn
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2.1.5 n15v81¢ (Dilation)
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Uszanananin (Image Processing) #slddmsumdndayausuniuviseingidvuiadniioy

9
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T(f)=f—-(e°b) (2-4)
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b #e dwuuszneulassaiie (Structuring Element)
o fia fasiunistewuils (Opening)
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2.1.10 N15¥IYaUNINAIEITNITaLIaITA (Level Set Method)
Fnstanaien? (Level Set Method) u3Bnsiigninanussendldaugunis
Usznananmdmiunsmveuaavie ingiiauladienaarFonveuvesingmaniidn udniivl
MBS (Active Contour) lngBn15adianalenlziarsanislasedu (Gradient) vasing

Tuwsazszau (Level) Tuszazanmudsuwlasll Fetunsululasduarnsunistoanuls

'
a o o

lanamniauIdunIzfasnuavaulnfIdu (Zero Level Set) dusunisminuniaula

TRy VBN UNNT DA NUNVDIVBUIAAIAUN LA N1ua L n1un1slasesu (Gradient) el

2 https://profs.etsmtl.ca/hlombaert/levelset/



16

aunfgiuinusnandanuuanssiuveduuaannaziurevvesing lnsavieuaiiaies

it (Level Set Function) Sle@unns? 2-5
z= ¢(x,y,t =0) (2-7)

We (x,y) Ao szurufieguunin, € Ae seaAunsiUfsunlaivealal way Z As A1
szerenAnnIBIeBnaAluauiineruIsEIveg N luiufiveaduveu dmin

AluruInszuwIvazegueniduray wasmnilawingu 0 auduuinaveureuing

$ >0

outside

$=0
/ contour

inside
¢ <0

FUTT 2-10 #2087907591190UY09309A 18 T5104 8199

Tngdianianisinasuiifinainvssanawailendu ¢(x, y,t = 0) = +z feduns

9%
ot

[

AvuARANIISNAY @ 71 t = 0 FauTaMmIaunNIINISAEUTD — Niaitag tasadl

Wonmualit x(t) Aeszuiulurine t

00D _

™ (2-8)
ap ax(t) Pt _
ox(t) ot t tt 0 (2-9)
a_¢xt + ¢t - O (2-10)

ax(t)
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4 09 _ - g da X a X o o 9w
Tned Pl Vo, x; fio mnusiiiietuninussunfivesiiuiiuuguain amnsadeuli

. vo & < Vo 4 ~ o v
agluglaunislaall x; = F(x(t)n, Wen = % FezansaLlsuannI TNy
AMUINNITIAN NN TLARDUTINDUNIIAIL

]
2L+ FIVpl =0 (2-11)

[
v v

dle F fie anusvseussiiliiadeunlddmiunisingidngesndsasiuegivdnumzaenin

2.1.11 ﬁ’J’IJJ"Z?JiJéLév:,’%IiI (Slope and Angle)
lumspdiamansanudu vie mnuandes gnihunUszendldfivanuranga
pndogaty unsiugiimand visudinsssamenuimnssy dmiunismanuann
Besvosiiuiu lnsfienuduresdunsaiuananisdnndiugeiifiniaudsuuasluni
FEHTN R IULUIMNUUDUTENINNERIARAD (X1, Y1) wag (X, Vo) VOUAUAT Tnefian

[

ANNTuYBdURsIEnsadeulieglusUvasaun el

m= 221 (2-12)
X2—X1
ER)
A
m = —y (2-13)
Ax

e m fie A1ANUTUIEIRR 2 90, AY Ap HAF19TBINUAT WAz AX ABNAR1NYBILNY

wou TunsauiA1ANNtuilAWnAY 0 wansinsuiege 2 eilidiaaudu

YV
(x2,¥2)

Ay

(X1, Y1)

Ax

FUTT 2-11 MInIAIUTUYUTUNTIVEITA 2 99
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waNNUURAIANUTUT I TaT N UsEgnaldluaunsinadia dmsunismenuandes

303U (Angle) Fe9zNLITIAUTUNTUIVIAMA BNFIBE10dU N1sIyNeluvessy

[y

anuwide nsmyungluvesguamasy Wusy dmsuanideinosayuiinainnisén

1Y

YoudURTe 2 iU Fedndunvzdesnanuduvecia 2 @ lnelouaunsiveldmyulansd

o

0 = tan (2-14)

1+m,m,
e O fie yuilldunss 2 Wdudniy , mqfe Autuveduil 1 uay m, Ao AUTUYBAY

2

2.1.12 insiAgus (Gradient)

NIAEUA A A5LaTEAU lnee1dundnn1s903AUTUN NALAAIENT Y5099
endnguuuunilainmsmeysiusiuiladdunanssinds dsdunumeiunisyszanananin
gnihiUszgndldlumsmveuvesingnielunin inszazanansoesureaiuilideileses
amdeands (Background) waza ot (Foreground) Anulsisiaiiosmaniianansam

[

lnaunsmeyiusasil

oI(x,y) » , OI(x,y) A
VI(x,y) = &0 4 ’g"y”] (2-15)

do I(x,y) A muduatu
V fle fadunisinsineus
i way J Ao o3

WieUSuUmagyilviusneuA NEAUAUTRTUNT 2 unu Aemleanaunisnatl

VIGey)l = (20" 4 (2)* 216

Wo [VI(x, y)| A9 mundaanniiuni1svinlivo uauganiung 2 wnw
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I(x,y)

al(x,y)
0x

al(x,y)
dy

IVI(x, ¥

(n)

()

(m)

)

FUT 2-12 §208190159UNTAUAYINTIN (1) NINFURTY (¥) NITUUNTAEUANINUUIUNUX (A) NITUNUNT
IAGUSRINUUIUNY v (3) DINVEIDINAIUN TSI YO U UTATUIS 2 Unu

2.1.13 mMImAIgegaainsuasaragaduning (Relative Max , Min)

'
v 1 o v v 6

N15IATIENAEIEATUING (Maxima) uagAmgaduing (Minima)® vestaya

9

¥
v =] a ¥

PIOHINTUNTAUABDLLDY TIN1TUIAIMANTLIZNINTUNTBLALAEAL W UITDUANT DHIATU

Y Y
@ 1 1 A 1 v a g ¢ U a 1 ¥ a g ¢ U a o 1
RNLUUT ﬂﬁ?ﬁﬂasﬁ’lﬂ%ayjﬁﬂLUU‘WQﬂ%ULWMLLﬁ%%’N“U@?;JJﬁV]LUUWQﬂ%uﬁﬂ 1AYALLTUNELILUY

niinsusuasuresilsnduindugminnduvensm Fwzilugandainnutuidu 0 Inefiee

' LY

SenAusnaiiaaudundu 0 9udugaings (Critical Point) dmsugaingauesileidu
y = f(x) § 2 dnvazdosndugngsgavsegaigavesilendulugaslagimila Faunse

Y

Funaldanguil 2-13

3 https://www.opendurian.com/learn/relative_max_min/
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WenAzuaa x

WeAduiu =
fi(b) <0 '

f(a)>0

WoArruwiu
f(b)>0

: Werzuaa
+ f(a)<0

y =f(x)

L Sttt L

(n) ()

o & o sal

JU7 2-13 (n) MIMIAIGugaauineign P uaz (¥) n13mAeIgaauins g P

9 9

N3UN 2-13 (n) WiAwes a < ¢ < b wagnsmiign P 1ugainga @avaududu 0) 90

A Jugaiiegniainudneves P uayyn B 1ugaiiey neiurivesya P a1 P 1ugagean

9 9

v v & Y LY Y v W 1%

wimsuaIrNtuvndududadulAgasutevegn P SAluuinuazauduues

2/ v I4 1

dududadulAsnganiwiurinvesya P dandumau lwihusadeatuainaim @) mnge

v & 1

P {Wugasmandurinsinedle anuduvsadududaduliiegniwiiudievesya P aglen

Juauuazaranuduvsaduduiadulamisinuanduaiuin danusoasdlunguiunle

De
=D

NOBUN

W £ 1 Builsdduimeyiusliuutag 4 wazdl ¢ € 4 Wuadngauesiladdu dmiumn 9

a,b eAlnefia< c<b

161 f'(a) > 0 uag f'(b) < 0ud3 f(c) Wurrgedadunnsuaz (c, £(c)) \Uugngegn
dunnsvesileidu

2.1 f'(a) < 0 wag £'(b) > 0 udr f(c) umdgaduing waz (¢, £(c)) uaanga

o % -4 &
AUNNSVDININTU
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2.2 1a3aeilonsinuszdnsnm
2.2.1 pauiavuunsng (Confusion Matrix)

N13IAUsEANSAINVRINITHUEINTRYRINTEANAINA WA E T FeNdlae dEilna
1asnUNNEITeI978y (Ground-truth) eaztimadwsldannnisuszanananimuuy
Saludfd Alddiauelunuideiluussuiisuanuuwiug Taemidannisiore 4 wuy
feffu fe True Positive (TP) fe dsilusunsuviunelignies uazdidervigueni
9n#ea , True Negative (TN) Ao dsilusunsumioiin uazfillorvigueninia , False
Positive (FP) fe Asilusunsuyiuneaiiin LLaijij%EJ’JsmiyUaﬂ’j’]aﬂ wae False Negative

(FN) fe @anlusunsuvinuieiin wagideigiguaniign iludu darifinanuniiazgn

Y

@ miumean Precision way Accuracy dsannalaainaunisseliil

TP

Precision = (2-17)
TP+FP
WA
TP+TN
Accuracy = (2-18)
TP+TN+FP+FN

2.2.2 nsdaituiiiudau (Area Overlap)

(% '
a Ly

AFIAUTEANT NNAEATNUN UL UL RN T TWAUIN T ANLAT DUAUVDIN N

NABNGAINNTITALAUIY (Result) AuAnHNaLaas (Ground-truth) Ingazldnsiaaaunlny

[y I

nABsvBINNHadNSIFwlsniiavilisuiueglunmnaasnafdurle lngagan

D

WuSesazuazaunsaruinlaanaunsaeluil
ANB
A0 = |T| x 100 (2-19)

1o A A9 nnNaansNlaannnisaiuau waz B Ae nnwawaay (Ground-truth)
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2.3 955nssuiiAgatad

1338903 (Binoshi Samuvel uazAn, 2012) Yiiausanidete “A Mask Based
Segmentation Algorithm for Automatic Measurement of Cobb Angle from Scoliosis X-
Ray Image” Gs1u3dsditniaunitnisutsdrunisinauldawosnszgndundsanuuy
Solugifonamsvdiond supeunisaundnde nsmveunduiidunszen Tnenis
AvungaRsnandiluusazdie udrinszezvisesgaisnansiidvualilufiemauinves
Mask 0t Mask #léluaslivugafenarsuesusazdeildminualy vau Mask Tuluus

agesAniamINuNveInseanuInianluwsiazde nadnsgaveAuIuAmuilalagldis

v

Cobb Angle wiagiinszgndundsiniulasinusetos unsgralsinuisnistdiingg

va o Y o

mnungananatteellduaznmindidelidunldlunmessstunmiineutiadn vivlvina

nInAaesfilatinINgnABdas

a

91UV 9 (Madha Christian Wibowo kagaae, 2015) WAUD91UIT83 0
i

£
v

“Spinal Curvature Determination from X-Ray Image using GVF Snake” Fauddedlléne

fansimuaAUlAIeINsEgNAUNAY Fadunaulsnioun1sUseatanadzlyls Top-Hat

Filter Tun15U5UANNTRY 9N WTALAUAMULANAIUINTY LE1DHIUTUABUNITUSUNTNLAD

[
aa A o 1

21935 Gradient Vector Flow TUn15y@2uNinumaiuue95eaua 3995 1agANUIUNNA

ANUAIULUaRITEAUE wawhdunianussvesduinllidnuasaudadu ndaani
AwumAtruasuwladRtEAIUNTE U IRg Lagldas Snake Tun1siamdiud
Juvevrvesinguivelilunismnuiivesdiundunseandumnas

31u98v09 (i Ayuni Mohd Ikhsan tagamy, 2014) WL@UDI1UIIYT D

13

An Analysis of X-Ray Image Enhancement Methods for Vertebral Bone

Segmentation” @ wideildwaduneatunisusuugnmnInvesn w1z dunsEUINNg

'
P

dfgy Nz linisudsdivvaansegnanamidiendlilinnugndewingadu wagld

faa

WATITRITNTIUAIUYITURBUABUNITUTEUIANA (Pre-processing) F9¥IInN15USBuULTIEU

)

25015 3 35015 Useneauaae Histogram Equalization (HE), Gamma Correction (GC) thag
Contrast Limited Adaptive Histogram Equalizer (CLAHE) Nan15vaaes35n15 CLAHE
a50USUUTIRUN MBI NAgINd GC wag HE audfy

11u348v04 (Apichaya Kiartubonpaiboon wazAy, 2014) Yrausuidede
“A Comparison of Reliability in Measuring Spinal Curvature” %’!Nma%ﬁﬁfmqﬂixaﬂﬁ

WiaSeuiisuanuiugeioveisnidlunisinyuaiiulAseanseandunds launs

W3Iguliigu 3 35 Usznausig 35n153aluL Ferguson , Cobb Angle uag wyuw lagisns
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fifioalutiagtuldiuiis Cobb Angle mifinwnuAdeiiléwutn Aenmindedefutueuuay
gonndeiu dalndifsaiy uandliiuinisnisiayuanuldainszgndumaa wuu Cobb way
Ferguson fiAnnutidefionnnnitisnsinpildsnsegndundsuuunmuny

11u3F8ve (Sukonthee Sungkhun was A, 2016) Wnaueuidede

“Vertebral Body Segmentation using Aggregate Superpixels” FenAdeivnaueiinig

lunsuendineinsegndunasainamisdiondiinanine lngauisonuitunaueenta

9

Hu 3 dunou fe SuneunisisFennin (Pre-processing) Tumsanituiflunisussananann
1ag1478 Auto Cropped Ff915001970 Histogram 9 TuUlE33 Otsu’s Thresholding hag
Morphological Operation Tunsmannsalyiimunzan uazindeyaursdruadlulunm
0491038013 Otsu’s Threshoding shlsitayausdumely Junouiiaes nsusndiuves
nszndundaldis Superpixels lunsdanguieyanifdnuarlndifssiuliegnguifioaiu
fumeuaainssfuduneulunsulsnunmuessadng asazl#38n13 Morphological

Operations Tun1sifiudeyauvdnlilanadnsinvu

'
A

91U 98994 (Chea Keo wazanly, 2016) WNaus9 U383 “Vertebral Pose

2 a a v

Estimation using Horizontal Gradient Vector Field” %ﬂmuaﬂﬂuuﬁmqﬂizaﬂmumi

Uszanumdovainszgniundsainaindiessdiond lasannsoudstuneuldifu 3 funeu
#o duneulumstidaduilisniusenlnegainnisnszaeivesdoyaiiddnuusnduns
w94 Normal Distribution %uil 2 1435 Gradient Vector Field lumswveuiunvasiiteiayld
38y Foreground , Background wag Candidate ‘Uaﬂﬁuﬁﬂizaﬂ %ﬂ%@@ﬂ;@ﬂﬁﬂ&ﬂﬂ%’%‘%m
wasniluinusuvesnmluudazganm evnnsavauvesganiwiiauls Ineflaunigiuii
FuvlsUnuifiinasmvesdlunuiusunnazduiumisestenssgn wagyinsutsdu

yoauniatudmSumdevensegndaniidellinnugnaes 79.25 %

'
=

31UTT8U9 9 (Sukonthee Sungkhun hagAm g, 2016) WL UDITUITY
"Automated Multiple Lesion Identification on Vertebral Spine using Modified Average
Intensity" @aiideiliniaueisnislunisseyseslsalaviuniaasseslsaainamssdiend

(X-ray) 98ansegndunaieldUseneunisitdadeveswnnd lngld Modified Average

[
14 v

Intensity TWAsN15NUNEUDTRITURDUNAN TUNITUIVDULUAVDINTEANAUNS AT UDAIT TU

Y

[ '
v A

wsnuUsduvensegndunadlaenisatenmluiwidaasldnisnszaemiiuuung Yuitaes
NSUWUsveULURlY Gamma Correction tag Distance Regularized Level Set Evolution Tu
MInTITVTBUATEINTEANdUMY Tuanudunisussnanismdevensegndunds lng

(%
1 14 [

IlHinatian1saiagnnina1aseningagenaegnveensvsenitansuiadeusds U Tuid
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N1ININTEANNTIEN Uaznismnseanazlnn laensldauinisdadulunisdriasumia
Taaunsiaduiozirimshumistngldnsusussnindlassiuing suvuaznszgn
Funds ilemnszgamsnsen suiimnsegnasinn enislémadalunismazssmaedus
sewinsiumisgsaauesazinnuazdovesnszgndunda ileldveuuariovosnszgniunds
wErzimsmseslsaanveunazdeveanszgndundsitatnesnanls annnanismaasswuin
UsgAvBaimmsihauiignaesvesisnisiiviaueidu 82.50% dmiunismnszgansisen
uag 76.25% dmiunszgnien uenanisaiuszdnsnmnisiuiigndesessoslsa
61.25%

U3Teu89 (Bagus Adhi Kusuma wazane, 2016) Wiaueesuidede “Spinal
Curvature Determination from Scoliosis ~ X-Ray Image Using Sum of Squared

Difference Template Matching” 11W3dellnafialsanszandundinn Fainvazrenszany

Y

=

Aantuaziaudanielaudeslilusulasunisgusdnlngadiod S uag C 4359

Y

Weatpsiunisianulfwenszgndiiedanfads Cobb Angle 53UUNMIATIITUAIIULAY

[ [

LuvUsnlulRaiuisansianiauRaUnftneInunsEandunadlasiaditu udtetidy

Y

'
v A

Fupsuusndmiunidedulsadeneuiiames S8n1sinThinaueiifunisinia Template
Matching Tﬂsi%’ﬁugmsuaﬁ% Sum of Squared Difference (SSD) Méjx‘imﬂﬁ?u%ﬁﬁmiizu
flufivestonszgningld38n15Uszan Polynomial Curve Fitting Svanu1savinn1sussunn
arulfsnasnszgndundsld dwsunisinussaniamiuitnig ssp gninluldlumnsiata
aralfsnnitasduausnniunmisdiend (X-ray) Sawaannismaaeduisnsiiinaustiy
asnsatunniviiend (X-ray) Wisninlneaianugniesdiafian 96.30% lagld
Polynomial Degree 5 fumsiusguesnifiudan uaz fimarmgnieads 86.01%
UIT8989 (Marco Pereanez wayAmy, 2015) Ylausuidede “Accurate
Segmentation of Vertebral Bodies and Processes using Statistical Shape
Decomposition and Conditional Models” %ﬂﬁﬁ%’&lﬁ%ﬂuﬂﬁdmiLLUQE‘i’JuS”lsJazLﬁ'&JWUBQ
nszgndundamsizluddniutasdanudfydusgranndniunisguasnuindenis

NRALAZNITAS B UUTIADINNTINAFANS LALLANIZDE19DINT LA ULUIIINWANE

'
a Y 1 =1 1 o

ATy sndegatu Msaianuuiiasaiietisndumisueanszgniifuauniigaly
serinediosio  wennduzunssnasnadefdifidutelunsesuiswasmanuduiug
vesedearludusng qisdielunsndoulmeeindnie Tnseiseiiiausisnislmli
Tgdmiumsuusdiunszgndundauaznszuiunsnne q lngadenannisaangsiivedguns

MeadALaznsaswuUTIaeIReuly welianinuddeiiiaueiiyayminedmsunisdnnis
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sUnsasadiniifianududeureinssuiunisuazanuulsUnuiitivualngvesusasyana
slaveunaiaifenisuurihnisaaenisadinmdiuing qvosnszgndunds Jeudud
dsaanvuitassnuduiusifiondiuiauls egnslsinuyadeyausiazyasiuis
Snwagvosnmdithuldlimdousuilituneuisuisdensassilimnenisususs s

Lufsnsintuneuisunsdiunidssandldazdmalilssansnmnisviaulusdasaud

' [
a a2

UseEnmnaYu

1uiTeves (Avind Pillai warmng, 2017) Yiausnuidede “Analysis New Top-
Hat Transform and Multi-Scale Sequential Toggle Operator based Infrared Image
Enhancement” lfyafsn1siiinanuaudaldfugunin n1ssnwidiauainauunn
uns13a (Infrared Radiation) YJaqUufinaiaunmnedivaedmniunmsuiuusamiiinng
pudnundy Tunuitedussgndliitulasioyasuian (Top-Hat Transform) Usenauy
013 Multi-Scale Fsiunounsnazairagunmiildanduneuds White Top-Hat Transform
Lz Black Top-Hat Transform Lilerdndyanusuniutagldmuauuinugaamidinuay
U midauaimdintuarldis Multi-Scale dAwdunmamuiniiauladeazgn
tandszandlifiomaduresiuifiiuinuauainishuasuinuifauaiigs aave
sagldddureanin fwmansvaasmesdfeiliinnuisufieuiutuneuisitegly
ﬂwﬁ’uuamﬂuﬁﬁwaéwmm nfeg19Ty Tunouds Histogram Equalization (HE)
Funeuid Adaptive Histogram Equalization (AHE) uag 35n1511Asiseg1ugagn (Max-
median) {{usiu Mnuanismaaesilffiuiismstoddeilfiaueiussansnmiiang
fumeuisnisuuudaiy ogslsfnunisulasteyazunun (Top-Hat Transform) figsaadl
ﬂzymaaﬂiﬁ’mwmzﬁwL“ﬁuﬁ%é}’auﬁaﬂ Structuring Element (SE) Tviwsngauiugunin inse
a1mnL@en Structuring Element (SE) laiunzauudraziinlindndeygrasuniuuuninle
lifviniiansg

UASBv09 (Xiangzhi bai waz Fugen Zhou, 2010) Yiaueiiuisede “Analysis
of New Top-Hat Transformation and The Application for Infrared Dim Small Target
Detection” dssmiAdeildyadsnisimuussavinmuasisnsulastoyasuman (Top-Hat
Transform) @w3uni1snsadutmunevuiadnuuudisaseisniussansam dald
ﬂfﬁ'nﬁﬂmﬂwmaLLaz@mauﬁ’ﬁﬁ’ﬂﬂmuiﬂEhmm"wLﬁuqméuaﬁ'%mil,t,ﬂaa%’agagﬂwmﬂ
Top-Hat Transform wuulmiwagnmstlufuldiulsunsussenddemeiiauslumiadod
Tnsnanliinmdninauvesisnisulastayagunuin (Top-Hat Transform Jgusuulnals

druusznaulaseadng (Structuring Element) NUANANAUABILUU WAAMNFLRUSAULED
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FeuuiBnisuuudain uazddilielayafifimuuandstuseninaiadatuiud
Tagsou mMeUszyndlidaiiuns Multi-Scale ilodndyyrusuniuddiiszansnind
Admiunisnsadudygrasuniuiifivuiadnuuaindunign uagsignunanuiuldls
WdgauiunIsiaeneIAusENauvedlAsIase (Structuring Element) muAnauds lnuxa
nMsnaaediszanSnmdinnii8ns Top-Hat Transform wuudaf

171u3T8049 (Alan Petronio Pinheiro kazAy, 2018) Ulausauidsde “A
Computerized Method for Evaluating Scoliotic Deformities using Elliptical Pattern
Recognition in X-ray Spine Images" %Ql@fﬁ?miﬁmzﬂm‘ﬁoﬂguﬁm%mmﬁﬂﬂﬂasuaﬂmz@ﬂ
Fuvdaanamaesedionduaslsiinausisnismegunsasnadeiunnssiudmiveiue
anulAsesnszgndunds s3uandiiiuindugunsasuiadaiiannnsadandssgndldle
wiAdslianunsadnlddmsunsssymarsnuanuldswesnsegndundaldfivinians
fngUszasdueanuideiiaiaueBnsuuulmifussgndlidiieliussidumeuinves
ARnUnAveINsEgNdUndsan dmunmanesdlondvosnszandunddlundazain dud
THnggnassduanlminngaianansresnszgndunds InsagyinisdenaSiuanyausudu
TAsnnitgndaaz138ms Least Square ua Genetic Algorithm wteiduduneulunisifia
UsgdvBam wndwesvendazgnliifiodvuadaiiinnuliwensygndunds Jeua
nMnaesisnsildvisuiisuiuisnsdaindslvianufinnainitosatuarannints

afuayunsitadeveunndfidoangy

uITeve9 (William Whitehead wazang, 2018) Ynausiuidede “A Deep
Learning Approach To Spine Segmentation Using A Feed-Forward Chain of Pixel-Wise
Convolutional Networks” Fssmuddeildnanfnisutsdiutovosnseanuasiar (Disk) Tu
amgevamaunng Welutumeuisdmiumsusuuainisitedouaznisinwennisan
wé’wamwmé@%m%w %alé’ﬁwLaua'i'%ﬂﬁmiﬁauﬁl,%ﬁﬂ (Deep Leaming) ifiauuadnues
nszgnduvdsInAmaenauuLlman (MR) Tnefilasstneuszam (Network) fiianldluus
aznnazdvnafiuaneniy sednsildnnviaeieteazgmirluldluduneudaluidumig
T4 Tnazihnmduatuwaznmaadndneundhandudoyatidi (nput) Bnstvieuiulss
nsiUsdrunInnszgndunduasdadlvidtu wiifu 13 % way 4.9 % auddy e
WisuifeuiuisnmsldnmaiFeudidadniflutlagy

UATeve4 (Fei Sun wag Yubo Zhang, 2018) liinaueuidede “mace

[
I

Segmentation Algorithm Base on Top-Hat Transform” mu%ﬁﬁﬁlﬁﬂiﬂLﬁuﬂ@ﬁﬂﬁﬁiﬂﬁaa

Y
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AlunIn AnansenuvinliniIswusdlunsenunasnidauaingluaiauowasn

[

anesAuanNInSUNITHhUIAIUNUSUAILA FalananiliinnissiuduresiSnisusudives

%

AdsEgIULazN1SLUasINEAn (Wavelet Transform) gniunldiiefivzandayeyiasuniu

Aeglunn wagldinisudastoyaguvuan Top-Hat Transform @wiuiinyseansaimnis

[y o

widgymiAliawus (Threshold) Tilianugavgusnniy nan1smaaedisn1sieuddeiiiaue
HUsZANTNINNSLUIEIUNANINIBNTRSLANLE DU B UBUAUIBAT Otsu
11U3T¥909 (Changfa Shi kazamg, 2014) Tauldue91uIdede “Greedy

Algorithm Based Deformable Simplex Meshes Using Gradient Vector Flow as External

'
a

Energy” loina13893unuunisfiugy (Deformable) Miundsuuasgniiuildiuagis
LNs1a18TuNIFIATISEAMAIENIINITENNEG LasLaN1Za81989n1TwUdIUN N 9e3lsAnIw

Wegnihwlszendldivteya 3 dfagvihliiiadymluseweszeznalunisuseuianad

£
=2

29 Tunwidelisldesuiefslseansamnsuusdinlunin 3 96 neldnugiuves aneie

(Meshes) AiUsudale waztunouldsussinnaglun (Greedy Algorithm) &vinliusg@nsnn

1 aa 1% [

YINTALIMLINTULazilUsEANTAINgINIIEN1IMesuT Andd mTun1siaguguss
Generalized Gradient Vector Flow (GGVF) +{u38n15musanieuaniuuasiudmiunis

Auguan elmhandsuldivtuisusennaglun lnenanismaasslagninanldiuainmig

Aatn Muandbiiuisnnugniewaziinnuaiivsvestunewisnisfitaue
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9

wongdulainluinulanszaniiensivaeunsenensalnisiinlsansegnngudsl

AIduladnaueIsnisuendiuvensegndunduusnluiRfgun 3-1
/ Input ;

Pre-processing Image auto cropping

Ostu's threshold

Morphological operation '

Vertical Horizontal
Segmentation Segmentation
"""""""" L 2 R 2

_____________________________________

Gramma Correction
enhancing image

for

Y

Top-hat Transform

vertical edge

Level Set Method for finding

Y

Y

spine

Vertical Mean Point Average
Method for locating vertical

Y

External Force
Summation Projection '

Prediction

Local maxima for estimating
vertebra pose

Y

Vertebral pose skew
detection

JUT 3-1 UWHUNIMUSATUABUNITUENN N 1T INYDINTENTUNA
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Felunszurunisiazuvsonndu 3 Tuneundn fie druvestunounsunsUsTLNaNg
(Pre-processing) TUABUAITHENAIUAMNAUNTEANTUNGS WagdIuNa1N dIUVBINNT
USudssnaunmvesmains Jsluduneunsunisuszanassiufumnuiivesnsegndunaaluy

aaulaunfiaaiiedndrududlidnduesnly udiuvesnisuendiulavinmiciu

'
=

N3rUIUNISABUNISUTENIaNaIYd Superpixels TUndUIT WavNIsLUINguUNTAIY
willoudulugunimuazannududeulugiain nasaniu ngIdelauininain

N3¥UIUNNT Superpixels inmaudiusIiawenduvaInsegndunas uarludiugaeih

[y

HAANSTIgNReNdIUkEIINITHINNTEUIUNTUTUU IR e ean nlvidau g siu

Ly

ANAURTU (Ground-truth) AlasuLIANIsINeUIal LN INS1d8UINTU

3.1 NF2UIUNITNBUNITUTSUIANANTW

3.1.1 Auto crop image

nsaseudngunmiludnuiamadialunisussaananinlutagiuiieswinisnisi

srladruvesiuiilugaiiaula (Region of interest) uazazaunsamindrunlifenisialy

!
Y £ aa 2 1

31ngUnmla 938n15AanaaInsarilanawuuiINunLemTaLUUERlWTR welleain

tayatudagiuiianuvainvans I31uusnnuaziinanine iliAnaueinlunisasey

q

[y

AnsUAMBULAmMUALEY AsumeiTedsladaueisnisaseudnunmdruvensegndu

Y Y Y

' (%
= o

PALUUDNLULH FellTumougpunatl

Vertical Projection Profile: Tuidesiuideiilaidanldisnis Vertical Projection
Profile #dugIU11A1NANRREYRIANUMULYUYRIElUFUANNTEANdUnduila ARGy
VoAU (Intensity) Tukuinswestoyannuduiusiardnuaevaansendunds ¥
Tnstanaanunsaesuelansaunisi (3-1)
1 n

M= nxéll(x,y) (3-1)

dle I(x, y) fesunies X uaz Y lusunmiifiaaudnvas@unmuuudum,

U FeAtadsvesnnuvukunlugunmnseandunds uag 1 Asvuiavesguninlugduuy

LUIAG
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200

Median of intensity

n .
o 100 200 300 400 500 600 700
Vertical length

FUT 3-2 nsmluanimiuainiusvesnszgnaunasdunalaanvasdeyavesnszgnaunasazegninaives

ngw

v

VAIINAIUNTEUIUNTT Vertical Projection Profile M1ag3dalanuainuduiusni

'
[

anwauzvestayafiludiunszgndundanziidnvazn1snseneiivesloyaluuszdining

AaeiuaNnis Normalize fatumneg3dedalaunignisnisnseanadiuuy Normalize o
v ! A & = [y [ o v ] A 1o & = aa

n1saseudingunmdrunluiigansegndundnazsidndrunlidndusenly ¥438n1s

fanananunsnasurglaseaunisn (3-2)

F(x|,u)=\/2—e (3-2)
T

We 4 ADA1LRAEYDINIINITEANEFIVDIURYA
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=
)

124
@

=
>
T
L

=)
=

o
=)

median of intensity
=
-4 o
2 =
T T
1 1

)
8

o

g
T
1

=
=
5]
T
I

L L
100 200 300 400 500 600 700
region of interest (ROI) lenght

=)

U7 3-3 namliuansriiduiieansegnaunasuunsmdaauduasgnirineenly

3.1.2 Otsu’s threshold and morphological operation

ndnlagUunImNEIUNTEUINNIIATOUFAFUNMKUUERluRLE M9 ITelaun

'
o =

sUALNENTEUINMITHENAUNUNAINUTANABIN15lABTEN1S Otsu’s threshold Wag

9

75713 Morphological operation @49¢1435115 Dilation Tun1svenenin iasanannsegn

dunaalasumnanmadsmeruaneluaminedefinunine viliisnmsudsiunaaiuing

9

[y [

wuuAufuiUsEavEnwliieamensgaziilinunudvensegndundwnaluasyinla

i
a v A

AaAURanaInlun1sA1uIunItUswnsule seiuluiiveuideidlauiausisnng

Morphological operation Tun1svenenunvesguninlilanuiizensegnnduuiuiniian

AaiUn19a5 1019 L ANUN LT UNURSIUIUIEAIUANIN WAAINDIIUTUIN A1SRLANUTALALLA

' ]
a aa 1

vduwdlanunszannuafisdudedderadudanisind

3.2 YunaUNISUUNE Y (Segmentation)

[ '
=

Wi INsEYNuTiveInszgnuasinaliliud luduneutaviluduneudmsy
msuUsdutanszandalunisuidiunsegnuuiidelduenesnduassdiuseiu Ao Juneu
dmFunImlasesnavenseanluununs (Vertical Segmentation) Tudunauiagiilimsu

DALUAAUNNTIT BN UNANVRINTEANAUNATLULUIAITINIUTIYE UVBINTEAN AR ElN
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wazdunauNaed Ao NIMIdnyMrYeIteyauanIisusIMvelansEgn (Horizontal

Segmentation) Wislianunsatnluldssyusnudenovesnseanlulaagiunuslutunou

9 Y

[
v [

bl (Tumounsseysiuiaiaula) Ineldunewited1sazidendisil

3.2.1 n’751/7’7fﬁﬂ’i’N‘Z/éNni::g)anmw% (Vertical Segmentation)
mavlassisvesnssgniuududdgnaglutuneuiasiweniednume
vesnszgniunfnaziaund %ﬂmaﬂ"ﬂﬂLLé’@ﬂix@ﬂmaaﬂuﬂﬂaﬁu%ﬁmé{aLfJuLmeq ol
Snwauzvesnszgnifnuninisdewivesnssanazdedluduladunis duneudazmilase
$19M131389Hv8NTEYNUALNITUTENIUMIVEUTBINTERNTIaLUsENOUIY 3 Tunou Ae
Funoun1susuAeuateresam (Gamma Correction) Funpunismusuieitianalde

(Level Set Method) uagdunaun1suseunuAIdmiunIunuvesnsean (Vertical Mean

[

Point Average Method) &1azadunslulmaztunulnsazidunnsil

3.2.2 115UsUAIIUE 19989719 (Gamma Correction for Enhancing Image)

% A

dmsunuideiiaonldisn1sUusunmlnen1sUSUAIAMINAIILUULA NI ZY
wiatiatlagyiins Mapping A1AuaIsUesnlugsinmualaednisiuuanisfines

Y9I WAIAMUAINLAWANTU 0.4 - 0.6 (1PU1INNTNAADI) LNTIZAINHANITNARDININANE

[

Sadendveansegndundsluusnunauladdnainedu fawadnsvesdrainuaingvily

AunsvesveuaazgnuTulilAing 0 uasnadnsvedanuaitalvdvesiumiavey

1 1 ¥ =)

vuazgnUsuUlniawindy 1 dunineanudirmenuainiilareuidinasgnusuliie diwu

Y

ArAuadeiiauainsegudnrgnuiuliianuaiiniintu uasasdaunsuundus
ATUANATNATITBIAM FadnAunsuandididesndt 1 agviliamianuainedu vioas
3un11 Encode warlwhusadenfumnaunsuanuinnii 1 agviilinmiaumndsiu vie
3091 Decode Fslusddeimmuadunsuuviiiy 0.4 (dannismaass) liudina
voanszgnainstunazandildlinsraninas nodndlutuneuiayldfiuiivasnszgndatu g
Gunilsludupeuniaindonamdniunisuisdiiolddmiunimvevvesnsegn &

AunSh (3-3)
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- Y
I(x,y)—LowIn ) (3-3)

HighIn —LowIn

Vout = A(

die 1(x,y) Wunmszdum, Lowln fie vevatvesaiauainy, Highln e veuuu

VOIAIANLEAIN, Y A AnTudl , A Aea1asndsdanyingu 1 uay Vi, aluiiiladeasd

A10E5¥NINe 0-1

3.2.3 MmlAsTINvaINsEgnAIeIsnIsiaiiain (Level Set Method for
Finding Vertical Edge)

[
[y v v =<

n¥snUiunmuandlffiuuinuesnsegndundsdanuiu lutuneutagm
USIURINTERNAUNa AT v ureInsean tnglusuddeves (Chunming Li WazAmy,
2010) la@ueddn1s Distance Regularized Level Set Evolution (DRLSE) @1115un1sikus
drugtam Saagldudnnsvinafeuduesnmitauuiunuuey I, wasunuss L, Towanns

Alglunsmnsiieudanunsamulalass@uinisy (3-4) wag (3-5)

_ 0I(xy)
I, = v (3-4)
ey
_ 0I(xy)
Iy = oy (3-5)

die 1(x, y) fs awiazlddwiuninsipeud anntudinsifeuduossis 2 ununnasiadu

Al Loy, Toomuaulanauinisa (3-6)

Inew = I.° + 1" (3-6)

WAZATINFAIUTIEU g (Edge Indicator Function) TnadAwiaildaunisi (3-7)

g = — (3-7)

(1+Inew)
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Tudumeuildnduiiszfeannuanseuvenanawnileidu ¢ Wearuaunisedeud lngay

'
a 1

AAUAAIIUNING 7 AU 3 TUaudeiunusn r — 3 Tneianegnisluiaduauuay

Y

YAYed ¢ wilvuwawiiugunin lngasuinasAnnamvesuvesingmeluiuiidauy

0 0

0 |- 0

0 0

0 |- 0

0 --o-

0 |- 0

0 0

0 |- 0
IARRRANE e

U1 3-4 §29¢19n750 muAUSIIYEUALIALEA TN T

i o

wonnTMuuaanaailsidu ¢ ui SuduiiazdesivunAinisiminues Distance
Regularization Term (W) windu 0.04 , Arumtnludevresninuey (A) wirdu 2, A

Untdnlu@svesiiun (@) wirdu 4 wazaA1nundng (€) 999#9A9u Dirac Delta (&)

Wiy 1.5 dwlananazgnatuiniagyinssniandvesanaailandulug ¢ Fausiium

—

o [

TJunszgndundsaziinmes ¢(x,y) < 0 andumrsuiaziiarsunduveuniiaiiuend

—

i
al v Y [

ign 2 SuAy INTIgURATIALAAIIzwU TG liviated wazdesduveunnINeTIll

9

lfiluiuniaduveumudienasAurveinsegn

3.2.4 mnunuvanvensegnlnglonuadgvauduunuas (Vertical Mean
Point Average Method for Locating Vertical Spine )
AmMTUTUADUTATUTEU ANV AAUYDUNTEANAUTILUALYDUNTEYNATUYI

v A

NUayalaTeswainseanlutunaufouniiieldd msuAmuaumAAunaNToINTEAN
Matiiduveunlalutunounouninendvslimunivesganmideuriuiuluwafieniuis
AoansagmIsiunuteyaveinszanlulsazuadieldmvuamumidvivesvaunszan lag

Azl9INAsU R ndulAMLNzauaeIsnIsInaluLllea (Polynomial Curve Fitting) &4
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o o

aurivaaunsEgneudie LE; | uasduniaveswaunsegnaiuuin REZ, We

S Ad1unud Uty liwindy TudunsuillannunstuludLrnusve s dusauly

v o

wwaalvisivwaniniudwIuaNgaven 1 lnsiduveunsegniis 2 lWmdudseaviany

[
[ P [

W Fa3Teidelanvunddu (Order) Mz iudayaiiawiniu 3 (Idann1snnaes)

Y

' '
I o v a 1 a

wiszlieanniinsUssanuaivesdureutiuiaulaades@aaaaui 3 iuaimuneay
Aun1susEamLduYaUYeInsEan lngaunsnldd msunismdudseansanunsadeuly

sUyEndT (3-8)

xb a7t 1 P; Y1
i xg L P )2 2 (3-8)
x xl 1) \Ppyg Ym

'
=Y

We P fe duuszdnsnyuiu dmsunuideilidenldddun 3 Suiuvesdudsyansasi
NUA 4 I1UIY, Xy WAE Vi AID AIUNUIVDIVBUNTEAN LAY N AB GIRUYDINYUIY
ndnuudeAnamaAduUszanslanaaziiandnl ssandnlaluussanuaive sl

voulml eanunsaeulvieglugUaunisn (3-9)

Xpew = P1y3 + P,y%2 + P;y + P, (3-9)

1087 Xy ey, A0 dumislng, y = 1,2,3,..7 fie Avosiumistsazivuiayiniuaiugs
Y930 s launidndvesduveunsegnitudie LE; uazidureunssgnaiuem
RE; winirduwis LE; uay RE; Tuusinoduthnyhmsmanads e [ fie suvannags
yaannluudaziad lnen1smruadunnundn vie ME dwsunyavyuusansegn lag

auN1sNLTluNTARALYBRELAILNsaAUIMNLAAINENNNTA (3-10)

ME,: — (REi+LEi)

> (3-10)

e ME fe GTWLLWJQ“U@QLﬁULLﬂuﬂaﬁﬂ%aﬂﬂizﬂﬂ war i = 1,2,3, ..., 17
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FUABUATN 3-1 : MIVWNUNENVDINTEAN

Input: LES_ | (z,y), RE_|(z,y).,s,r
Output: LE;(z,y), RE;i(xz,y) , ME;(x,y)
1: begin
2: Initial » is height image
3: Compute coefficient Left Edge using equation (3-14)
4 Prp«+— LE;_|(z,y)
5: Compute coefficient Right Edge using equation (3-14)
6: Prg < RE;_ | (z,y)

7 Compute LE; using Py g in equation (3-15)
8: Compute RE; using Prp in equation (3-16)
9:

10:  ME; « BEALE)

11: end

FUT 3-5 VA 8uveItunouIsNISNIUNUNANTBINT2AN

3.25 n75mz$’me/mzﬁéflm7wamizgm (Horizontal Segmentation)

]
[y v a

MNAMEeTFendiiutuneun1sasaun i lilanunveInsEndunddn

1Y

aula wregralsimudyyrusuniunislunamidinsusingliniuninanin Jadygyia

]

(% [
a 1

sunutidmailinunuinasessevaInszgnusasieudianuaIfiindifesiuinlndu

Uamnegraunndmsunisudsdiudevesnszgnluusazaiunus deiuluduneuiazdunis

] [ '
[ 1 [y = =

nsosnnLievilnderaveInsEAnLA UNYeINTEANTaN Y NUANA1TULNNTY Fan159

(%
[ 1 =1 1

< g.// % gj v} % aa
NUULAINAMUILLUIDBNIUY 3 VUMDY UTzNDUMBTUADUNITUIUUTININAITELUAY

€

Yayagunuin (Top-Hat Transform) %’jumaumsmsuawaﬁmqé’aa%‘%mamauaﬂ (External
Force) uay Tunaunsdnuuzvastiananszgniiei3n1suannasIn (Summation
Projection) vasnadniluduneuisuuasdoyazumaaniunasau (Summation Projection)
vosmadnslutuneuitusanisuen (External Force) oasafiuyndoyalmiflddmusey

Tonszgniutunaudaly lnetunsudnanduiulisvasdennwiolul
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3.2.6 n13UsuUsInImA1835N15UUasdayagunsian (Top-Hat Transform)

'
E %2

NN mareTediendngideunlddmunisuisdiudumistanseannudn
ﬁu‘ﬁ"u‘%nm%’am’aﬁmmmadﬁwammmwﬁLﬁﬂmﬂé{ﬁgiymsumuﬁﬂﬁﬁmmmaimsﬁﬂﬂé’
fuadoyavesiuiinazen fufuluduneuifsiosinisusumauateesamluusasiug
UVBINTEAN WoTlrandnyannisuninuisdiunglunim Tﬂsmﬁﬂ%’ummmadwﬁ?u%gﬂﬂ%’u
AuANANETweAariiud Tnennslddiuuszneulaseadng (Structuring Element) e

¥ ' [
v 04 Gl (3

wan (Mask) lugaadeuludanuimiinn lnedulsznoulassadwisemnanasiidnuos

[ = 1

Wuiuiguau (Disk) Avurawindu 2n — 1 e n fie $all lnefid13adduazlaan

)

[
v

ﬁuumaumsixqﬁuﬁmué’miuﬁa (Auto Cropping) Lﬁaﬂamdwgﬂmaé’wmzﬁ%ﬁﬂﬁﬁuﬁ
vinusesdefanulanruniniy vilisosrenszgnudasvioudaiau iesandyaa
sumuusdugnidall vndidvuediulsznoulasediavdemadud dunouiing
wasdeyasumann (Top-Hat Transform) GsUsenauludedunaunisiansaunin (Erosion)
uazdunaunzvee (Dilation) Wgninalddiiseandeasoluil

Tun15A L IUNSVRITUNBDULNISAANTBUNIN AIFUNIST (3-11)

E(x,y)=1(x,y) ©B (3-11)

(% '
) =

9 I1(x, y) Wunmsgauminiunsyuiunsseyiuiuuusnlud@ (Auto Cropping) wag

3

'
a

B #e dudsznaulassaiisguaulaedvuiawiriusainmlaanndunsunisssyinuiuuy
gnludl@ egrdlsinnulerinisianseunmudviliingnielunmiivuindnamioing

viauramgly Jedesdinishuguiienagyilvidngiinsvdeegiivunilndifesiuruiniiy

Tngarldasnsvens (Dilation) Seaaunisi (3-12)

D(x,y)=E(x,y) ®B (3-12)

(% '
) =

dievnsvengnmasaudiaglanmienuuandswassdeyaluusag Nuiiiuunndu udd
i mieunsveeilumuanisiunmduatuazyiibivsnanduidenssgnidainiy
a119gediasiinnanunuiiuuvesteyags luiueadsiduusnunlildiensegnasiie

ANMNAINTAIUVUIRUUYBITRLAUIUNNTITUTIINDY AeaunIsi (3-13)

T(x,y) =1(x,y) — D(x,y) (3-13)

We T'(x, y) fie aminuisnisudastayazumnn
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3.2.7 MIAWMIIN1EUaNY8NIN (External Force)
dmfunismusanisuen (Extemal Force) udunildlutuneuresnismuey
04799 (Active Contour) Iaeldnann1sues Gradient Vector Flow lun1sningaay
(Energy Function) nellunm Geagfiansananaulsiseosmesdanuidudfeglunm

(Gradient) @91 @UAUNIT A 19AULANA1IVDITDUA TIVUNDUTILI8VINTRUS N

Y
14 9/
=

anslaisiallesvesnimnszgniiauunnsiisiudaaudedu nsludunouusnazadaunundn
(Kemel) dwsuldlunismeyiusveunid (Gaussian Derivative) lagmvuaA1AI Uk IRy
o 3eAdN (Sigma) Aty 5 (Adannisneaes) ielddmsunisadiaunad (Mask) Tu
LuIMNUUBULATLNL TnsaunsTlddmsunmemeyiusuuuindanansadeuld feauns

# (3-10) uaz (3-15)

)
Dgauss, = — (ana4) exp \2xo? (3-14)
ua
_(xP+y?
Dgauss,, = — (27‘:2,(0'4) exp (ZXGZ) (3-15)

\ls Dgauss,, fis wnaddewfisuiuunuuey way Dgauss,, fe wnaddeifisuiuununs

(n) (@)

FU7 3-6 (n) anvalzvessnanluunuueu (X-Axis) (4) anwalzveaIan luunumd (Y-Axis)

waentiutananitlalumeuligdu (Convolution) funmiiuisnsuuasdeyaunin &

wldnmlviluwuiunuueu I waznmlmilunuiunuds I, Gsnsmndsnuvesyeunm

Seaun1si (3-16)
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E'(x,y) = /Ixz + 1,7 (3-16)

de E'(x,y) fis nwlndfuansdsnuliseilloswesainiuaing weldiuniansanly

JURDUNA LY

3.2.8 N15WINATINYSIAIAINETINTUUARLAANI (Summation Projection)

'
a =

TUTUADUTALMINATINYDIAIAINATINVRIIAN AL NTAUNAFINN I UT I

<9

] (% '
=

Wusessieveinsgnaziliiiiu @andlng o) uadluwihueufrfuuinamduiiuinsygnes
fidfading @andnlng 255) TagagliiBnamuasinvesdauainduusiazuniveann ud
nsUszIaRaTanIn 019l ina ey asunURnIdIsuEL Redudedy
N138AF Y YIUTUNIUAINENTIVININITANUATITBINI T IRNaTIN T luLs LAl (X-Axis)
Tnpdasfimmuaiuagegssninmaunszgnduan RES (X, y) uazuauaenszgn
dudre LES ; (x, ) o s fomnugaueanm daanunsodmnaainuniueausazuag f

Fleamnsfl (3-17)
length; = RE;(x,y) — LE;(x,y) (3-17)
pdniuazthaauaiwessiazganmileglutasiitmuammaasudaunisd (3-18)
Sum; = Z;e:gg,ll (x,¥) (3-18)
i

dle 1(x, y) Aenmiihluldnmasiu uay [ fe anmgsvesnmluusazuar glsfin
NINIHATINAINAUNAINYNTENINNRaean Ao LE; (x, y) waz RE;(x,y) Faduns
wilufirmaferfelubuiusuresninifissesnauden luanudusiudinszgniueradary
THaduainliaanuainsfivianzunuoufissediafotuenedslimngay ey
msUfumakasmAAmaiiinnuazBoaiintu InefidumisiesBemuiuivenssgn
Fundsdarinsannnunundnvesnssgnilldandunounismunundnveansegn (Vertical
Mean Point Average Method) ME (x, y) dwsulfiduganyulunismyuvesduluiiams

v

7119 9 lngganyuiuaziinnidunss 2 1@ lngldunsuduusn Ly asuuiuunuueuves

a |

JUAMN (X-Axis) Baaugnitiuaziainnu length; ludwmian i We i = 1,2,3, ..., 7

Ao LUBagUnIN wazwdunssdunaes Ly aslinnuenveaduingu 10 (dainnsmeass)
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Fuduengidelanmvuadu lnegausn py(xq, ¥1) wegneainga ME(x,y — 5) uaz
ANaes Py (X, ¥2) W agui dunds ME (x,y + 5) wazgAmuiumyulnggainainudy

Yo 2 1dU Faaumsilalunisnanutusaannsi (3-19)

m = V2= (3-19)

X2=X1
FeaUNIVLGEMTUNIILNVDUAUNT 2 LU Aeaunisi (3-20)

o

0 = tan (3-20)

1+m,m,
dleldyundragnyuiduvesyn LE;(x, ) war RE;(x,y) T¥dn1nfuLduves
p1(x1, y1) 4ag pa(x2,Y2) LLaEijwfﬁLmﬂxﬂﬁﬁﬁléngu(gﬂaﬁﬂﬁuLLﬂ‘u*‘U@ﬂﬂizﬂﬂLLéj’J
ﬁﬂmmmmaswmuﬁwmeﬁagjﬁwﬁqq@ LE 0w, (x,y) wae RE, ., (x,Y) Felusumou
Hrzmmasinvesia 2 a1 fe mwﬁiﬁmﬂ%’jumauiﬁmil,l,ﬂaasﬁaagagﬂwmﬂ (Top-Hat
Transform) T(x, ¥) way amilléantuneunsmussaneuen (External Force) E'(x, y)
Tngaziindeyaia 2 wvmaga welfiduteyadmivinseimumisesdensegrlutunon

alalky

FunBUATT 3-2 : MammaTIverALaslusaz v
Input: T'(x,y), E'(z,y), LE_,(z,y) , RE_,(z,y), r
Output: Data;

1: begin

2: fori = 1 to rdo

3: Compute length in each row using equation (3-23)

4: Create L, and Lo

5: Compute # between 2 line using equation(3-26)

6: if # =90 then

7 Compute S1; of T'(x,y) using equation (3-24)

Compute S2; of E’(x,y) using equation (3-24)
: else

10: Adjust L, rotate € to 90

11: Compute S1; of T'(x,y) using equation (3-24)

12: Compute S2; of E’(x,y) using equation (3-24)

13: end for

14: Compute Data;—, = S1 % 52

15: end

JUT 3-7 ShaeavestunowIsn1IMINaTINYeIAIN NN UUA AL TAY 19
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3.3 Jumaunisidendundsiiaula (Prediction)
nsudsanluiuIiedmiunInlAsesevaInsegn (Vertical Segmentation) wag

msuusdulunnesudmiumanvasiiludevenszgn (Horizontal Segmentation) ¥ilv

a o

ledayaninziunldlaszidmsudondunisieainezduvinadensegn Jvludunen

Y

faguusdintaveinsegnininunngu J9sUsenaumedunaundn 2 @ fie Tunaunis
n1ynasgaduinsdmsuldfansansunustensegn (Local Maxima for Estimating

Vertebra Pose ) hagdunoun1shusdiudmiuusSuyuveatonsegn (Vertebral Skew

[

Detection) #4518a2.98nv999UnUIToS U el

3.3.1 Yunaun1sVIIAgIgAdumsa MU 15 TavaInszgn (Local
Maxima for Estimating Vertebra Pose)
nansladeyanazinunienenandunsunsuntiaidunauiazuus

Mavsunisteesnsegneanugi dsludduusnazuisninesnidu 5 Yiweiu ned

a A

anufguittuldazyarivinaiuivedensegnagnislu lnednuaeiilugawmuves

'
=

Tonseanuuasiiuvinaniiaianuaindanluusasyas Fddutuneuilawlasdoyauwnus

] N I3

(Y-Axis) U94AN THLAIAMUEINNL AU 8N T UINAI@AUUNTIN WAL AT AIUEI9E

9 9 Y 9 Y

=b.

amdugaranveinsin nenanvasdensegnaziansuasuniilagdsn1smigngean

9 9

YR

WS (Local Maxima) vesdoya ogndlsinusdunisilatuduiunivesusazyig win
asuanlalnaiuiuluriersiuiuluiideas teuiunianaiuinlilidevensegn

wszlnednuazransyantuazidnsdiuesionsegnitlndifisaiu Gsuidedlanivun

YUIAYDIYNAMTUNINAGIEATUINS Avaunsin (3-21)
window = |r/5] (3-21)

lnedl 1 fie I1uInvesoya nawIntuIdauYlUdunisdaly Welddumianisauls
Peak uiagiiiumiaiildundiuiamiszegg D; e J Ae d1uiuvesdeya vin

AunanlatiszazNuInnInge window agvinnisasissnglvd window lasfivuinvea

[%
tY

a5 9lmitduardaniniuszuzisves Peak;, — Peak; laoivasszezunanlaiu

azaeslilnanuiiuAives ((2 * radius) — 1) + C neofiAn radius laandunou

NsIPyNUNLUUeRlulf ntusiiarsunmanaaaduinsvewiulduiddunislnl g

9



a2

newniatagiu Peak;aglignuiuusiazidousunuives Peak;,, Widruieglugis

Y

[
a1 [

lnggnnumageanduimstuaziiaviniu Peak; + window %sluneunviunag

undeumang 5 dunisiisseeinaiiegludiamianun Tunini 3-7 uanadunewisnism

v v

geanduImsdmSunIIiurlsvestansegnee ALy

Fumaudsd 3-3 : MsmgaAERdLTMSI UM s sTavesnTEen
Input: Data;_, ,r,C
Output: Peak]_,

1: begin

2: Initial lower = ((2 * radius) — 1) + C

3: Compute Window using equation (3-27)

4: k = r/Window

5: fori = 1 to kdo

6: Compute Peak; = peaks(Datayw ;ndow)

7: Shift Window

8: end for

9: repeat

10: Compute Distance between Peak D; < Peak;

11: if D; > Window then

12: Adjust Peakj1q

13: if D; < lower then

14: Adjust Peak;.

15: until D; > lower and D; < Window

16: end

U 3-8 SYiaLeuveItunouIsN1INIAGNgRaNINEa 1M UNY 50010 I veinTeen

3.3.2 Junaunisuvssausmuyuyudenssgn (Vertebral Skew Detection)
deldmunmisiisaulannduneudeuniugs sunsuiiszadreadaiutuney
nMsmraTvesAaLaiisusazianie Guneuil 3.3.3) lnetheumisdild Peak;
Nsuugan i Insazairadunssaniduununans ME; fidumis i = Peak; ntuais
dunsslukuannuuauanveuvenseanaudte LE;_ (x, y) wazvaunszgnaiuuin
RES, (x,y) lusumisyaasanduinsiils (Peak;) wazasadunssluunudadion

Anudulagansilddmsumeanuduansadwiulianaunisi 3-25 antuaguiuidunse
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=

Tuunuueulvinminiuiduunuss Bsnsvyutuazyiiilayu 0 Tngagdyanladulumids

9

Tsdvaavauiutine LEy ey (X, y) wasveudiuun RE ey (X, y) Guidlainmguinis

viusweuduseuisslussuiu X uay Y dsaunsit (3-22) uag (3-23)

Xnew = Xyg + @ * cos(t) * cos(6) — b = sin(t) * sin (6) (3-22)
ua

Ynew = Yug + @ * cos(t) * cos(8) — b * sin(t) * sin (6) (3-23)

lne?l T Ao SruevIIvefarynuaRdusouls, a Ao WNUNaNuesIas (Major Axis) kag b
A9 LNUIDIVDIINT (Minor Axis) a1ntduazarulrunIinnlng LE,, (X, V) way

RE 0., (%, y) faaunsil (3-24) uag (3-25)
LE,ew (X, y) = (argmin (xnew); ynew (argmin(xnew))) (3-24)

bbeYe

REnew (x, y) = (argmax (xnew)' ynew (ar.gmax (xnew))) (3-25)

LEnew(x,)
LE;(x,y) ME;(x,y) RE;(x,y) -

S~
-
-
-~

REnew(x,y)

FU7 3-9 (n) dnwalgnsasuaun s 2 wau lneiduaunsaesumiveaduununan

(v) anwalznisvyuveuaunsiluunueulins AU UUNUNA 1
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Ui 4

NAN1INAadN

Tuundl wanuan1sNAaeItaaINASIIsNUNaNDlUUNT 3 1nguLanININAI9819

AMENBUDINTEANFUNAT Uaza1TIaanHadnsiUadu Adndunisauduneuluuni 3

lngwwmdlumsimngiiieusndiuveanmatgadunseandunds lietnmngn
wenduseninsdminseandundsiuduilidnduseddeenainiu Wignszuiunislunis
Tauranseandunduiiensisaeunioneinsainsiinlsanseannusialy Lagnaannig

7AaISUNYTI8aZIDYN fanalul

4.1 FUABUNTLUIUNITNBUNITUTLUIANANIN
ndayayan nithanlivegeuiunnaziiauazdeaniLanaeiu deludunou

NIZUIUNITABUNITUIELNANANINALAD I lUdINANTENUAULASIAS1IMANVDININ F99LINTT

' !
v a Al

meudiiusvesiiuifidudiuvesnsegndunds warduiumatdadedlaiduiuoenluan
SUAIM AIEN1TIATIENAN YL AUFUNUSVRINTEANTUNGIAI8NENN1T Vertical
Projection Profile was Normal Distribution equation Ll 8%1n15A58 Y AnSUNINULUY
FalusiAuazanvuingunimlunisannardildlunisduiumslsunsy 57 a-1 () fe
AmEnensEgndundineunsruunIAseudngUA ML UUaRluTRludIueINTEUIUNN DU

MIUsEINANANTN Way JUR 4-1 (V) AR MHINTUATEUIUNIAING 1IN

-
A d

-

-
S
-
Ll

Lo
(n) (v)

U7 4-1 (n) AonmduauunaunssuIunIsnsauingun muuUsluls

(%) ADNINNAIDINATLUINNITAINAINTSIFY



a5

AN tanminunsruInnslunsaseudn U mkuuEnludRuane3delan

o

amdngnszuiunskendiusenidnduiundauaz ngfidesniseenainiu lae3snis

Otsu’s threshold w@agndlsanaimndaaninatazilanulndaAesiuse i@ IunNunS

9
1 14 o a a

wazdruiluingAoutiannilinisuuawengunmmiedsnisaauauddifivsednsnim

9

Wigane Liaruysgansanlunisuendiuvesiiuninsegndunasiuiunddviiuseansam

(%
= =

1nBeu Aelehnmluniunszuaunis Dilation Tudiuwesisnis Morpholosical operation

£
=2

dialiuiiufiveansegnbitunflianmiiauysaivsensuiiuungsdu sUil 4-2 (n) uandliii
naansgunmalasuanisnisuendiuneinsegndundsazduiluiunds dunalaind
vedinvaInszgndundmely way JUN 4-2 (1) AonadnsunInnaIINiIuNTEUIuNIS

wendUINAUTBNSYEnegUnN (Dilation) Wielilanuiinssandundsnuiniian

FUT 4-2 (n) Ao MIEUN T2 UIUNITUENTINYEIFUNINAI8TENIT Otsu’s threshold Lileaae1aiied

(¥) AN IMVE1UI5NIT Otsu’s threshold Uag 35175 Morphological operation (Dilation)
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4.2 FunBUNTIUIUNITUEINT 1UYBITUN NN TGN U
pdnldsuamiiunaniuiivesnssgndundmnnszuaumsneumsyssanana
suam Tgfiguamdignszuiunis Superpixels iileutsndudoyaiiinnnumiouuly
UMM Lﬁamﬁﬂwmmaammé’uﬁuémaam’:tuﬂqnejmmmzmums Superpixels 3sluna
nsnaaosil nagadeldidendwiunguiimunzanlunisuvngusunimvindu 50 ngu
Lﬁaqmﬂmmmqmjuﬁﬁﬁmw W1 70 80 100 nau 1usiu azvinlil Superpixels §8051n13
audlunsudanguiiinndurinliuesmenuduiusvesdoyasunmldenuazenavinl

unowiIsinadieladnaueiinnuianaiald esnnauniaudnvusiidnegueoy

9 Y

e

[

sudrevideveusnurwessunm azliogintureurenszgnundsataidesnsliuazds
dumszlusunailumssuamsdusunsunisUssanananmliiuniudnde suil 4-3 (n)
ApgUNNANIUNTEUIUNTIBNNT Superpixels FEs LIUNGUWIIAU 50 nadx uay U7 4-3
(4) AogunmiunszuIunsLendmessUnmnsrgndundsiistunouitenisnis
Aggregate superpixels Lazuaninadnsoonudunmidaadnvaziduluunmsefuyadh

(binary image)

JU7 4-3 (n) A miisunseIuNIT superpixels AI8TIUIUNGUYINY 50 Ngul

(%) AN INVIEIUATZUIUNIT Aggregate superpixels
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4.3 Yunaun1sulasisievainseanluunue

4.3.1 n15USUAIINETINYDNIN
dmsuludunouiivdinnssyiuiiuuusaluifvensegnud Annuadinswes
amdsnsdlandilndidssiulunsdazusnndwinlinswve uiuvinldenn Jedosinisuduen
arwaidliinmulideiemesdnierilidvonssgnuonsenaniiunddiinnudud
Wudu wieliesenismvevluduneudnly dmsuenuddeiidenldiznisusunnlnenis
USumnuainswuuane s nadaiarinns Mapping Arauainsvesnwllg i
mMuualagdnsMULANITINNESYBIYIAIANNEI9EA AU 0.4 - 0.6 (lAannisnaaed)

£
1 =

Fohlrnmaensegndundsluusnaunaulaidnainuy

e

k.

=
-
-

-
-
Lo

(n) ()

2]
& A

JUT 4-4 (n) M seAUmITAILTURIOUNITIZYTUT (Y) DINTIUNISUTUAIAIINA TN

4.3.2 NM9mIATITINYEINTEYNA L IEN 144 IALY
n¥rnUfunmlifuuinamesnssgndundsdnaui luduneuiasmituves
nsgandundLaznIvaureInseanlagluanuideves (Chunming Li kazauy, 2010) 10
111au035n19 Distance Regularized Level Set Evolution (DRLSE) @1 sun1suuddIu

sUn1n nensfiwesinvuatuldesurgliludsnsandunuluung 3 Fawadnsain

TunoUTlLanIFagU 4-5
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(@) (m) ©)

FU9 4- 5 (n) nwiieiasmsusuanamadng (v) 119v1veunmeaeds (DRLSE) () Wuiivednsgnidle

sty G<0 uay (1) veuvesnsegnidaiasiasaiiti =0

4.3.3 MINMNUNANYDINTEGN

n¥andumeunismueuresnszgnagldiduteuresnszgn 2 udieiu fe
Fureudiudisuazidurauiiuen dmiutuneuiasmunundnvensegniiasldidu
sunisiunulasienszgn n1sUssianalutuneuliiseiniiBnsUssnudmes
dulaegld3Sndendulsfimunzay (Polynomial Curve Fitting) fighdiu 3 ulduszuna
ureuvaanszgnisansinu uazsiduununandlagldanadevesis 2 14y Twansvaass

UULARIAIFUN 4-6
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(n) (%) (M)

JUT 4- 6 (n) 1Yo UAlAEI9INKINTZUINNISIAIATS (1) LTUFIADIADITUTINIUNITUS 18RI I8 T5
Iwaludea uay () @UAUISUADLEUT LA INAITUNFUFVADIII 2 LauAIIanIA Ay Ineiaudiniui

vl duduununanyesnsegn

4.4 Yunaun1USaIUluLNUYay

4.4.1 mMsUsUUTIn A8 IENITUUastayagunaan

(% '
1 = = a

INAMNANETIFBNFNHIUTUNDUNTTEYNUNRUUBALULTH WUTAINUTUTIN

1A (4

fTereflidmmainwoganniiinandyyrusumuhliismanuainadlndtuadeys
vosiiuiinszgn ludunouidehnmsususamlifudnuusdorovensean lnefauufigm
frinuinumeuenszgnisdmanuainsfiganiinadu lneasldiismaudasdeyagumnn
(Top-Hat Transform) ‘Vié’ﬂmisuaasﬁy’umauﬁﬂzﬁwmwﬁiﬁlﬂﬁwmiﬁmﬂﬁ'aui’mq e liidnyeyal
sunuvdgnidnfiazsetaglinduinassulndifesiuroafunaziinndly
nEsnehutuneuntsueglumansatunmduaty duneudagilitedenasnsegni

ANUTALIUNINTY FINANTNARDIAAIITUN 4-7
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:

(n) ) (M) )

FUT 4-7 (n) DINSEAUMITEIUTUROUNITSL YT (V) HAdWEYeIT5NT15AANTON (B) HAANSNAIDINIININ
(%) 176UTENITVEE Udz (1) HASWSTIEIUNTEUIUNITUTUUTNIMAIETENITUUAITRY AU IN

4.4.2 N3N NN181YaN

AUSUNTUIULTINBUBNUSDAITUIAINGI91U (Energy Function) Taulunilsly

4

TUABUNIINIVBUVRYING (Contour) Tneldnannismeyius Wesnndesnisiinimeaiesd

ndvasnsegndundsianulaamuluiunvestedeluaniizn nindarnnuainenuaneng

[
Y

AunsluwnuALazINUUBUIILNINTY Fetunoullaziinmilaainduneunisusudanin

U

AgTsnsulastoyaguniuInuiAwIimIayiug (Derivative) avinliusnaniiaiull

foLtiowesmALNuANAIUAY Ineraansludunoutiuannagun 4-8
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&1
Lo
(n) () (m) )

FUT 4-8 (n) n ik uTuneuIsnsuvasdeyagunuan () nimeaansideonIeuiuslukuunuuey  X-
Axis (A) NINHASWSITDMIOUNUSUUUIUAUAD Y-Axis Ua (1) NINHASNSITDU AN INT TR

4.4.3 NININATINYIIAIAIIUATINIUUAALTIAN I
dmsuduneuiifunsadideyalaefarsuiaindinruainawesganm de
vinaflsfinsantuanduinadegnieluvesnszgn Tasfiduunundnidugafenandild
dmiumsnwaninluiianiaiing 9 auanulaudewensean waé’wﬁﬁié’ﬁﬁwmﬂﬁﬁmqa
mneANIElANrLILLLYeInTEgnunn wazluviusafieatumindainasiuiiady
mnamm'j'lﬁuﬁu%nmﬁ?uﬁmmmewaa%’ayja Tnemsnmasiaiazidnn 2 am e

¥

AINANRIUNTEUIUNTUTUUTIAIeTssUnaan (Fantuneud 4.3.1) wazn1niiniuy

N3rUILNIILTINgUen (LAANTunaun 4.3.2) LastHaawsne 2 1IMIHARN FINATHT

mﬂﬁﬁ’umaumimmaﬁamaaﬁhmma’jwﬂmwiazﬁﬁm%LLamé’f@gUﬁ 4-9
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A

-~
»

(o~ F

(m) )

FUT 4-9 () MMKaaNs iK1 I5NITFUNUIN (1) HATINVEIAIAINTINYENIN N TuumazunIvesauuNY
AN (A) DINKABWEVDINITAITINIEUSN UAY (3) HATIUYEIAIAIIUFINVEININ (V) lUUIAZIOIVUTY

ununan

()

U9 4-10 (3) HAGWEYINITNINANAIVBININ (V) Udy (3)



53

4.5 Junsumaidandiumisiiaula
dmsviunoutasfuiunounsiensidoyadeleyathinninsgidufonadng
vosiimammaruaauainduiunoud 4.4.3 Welddmivmiumisesiensegnlaeay
finsananidsmsmaagegadusiviiiitemlunmadendumisiiaula uazuannadnives
nswUsduteavaInseantusmudaly
4.5.1 MIMNIAGIGASUNNSa MU 15 ATIYITansEgN
Mnitlsnanluisiudmivmsidendunisiiaula Tngdunisfiaggniiun
finnsanduasdamanuvesauaiigdluuiazeng dufumideilfudogaoondu 5

[y v 1 a v

Y INTIEANaeTIdeNdNnINUsELIaRatulliduveINsENd UG Failag 5 U9

&

o
tY o v o

InpdlauuAgruniiuiluudazdinzduiundevensegn MNTUAILINMAZIgAFUING

YDILFARLTIT UNTLII AR LNUINLNAU S ALV

(M | )

= R —— < r

JUM 4- 11 (n) FoyaihulddmsunIsiinried uaz (v) utatayaseniduyie

(n) | v
hl b ol ]
M h 1 "‘ ’-.v-‘- | '\ “h Y vy \‘ [ / [ L 4 v' 7
! ! ! | R | 1 f ?v ‘i* Y/ ‘vw Y/ " i M “
| . . ST VY Y LY L v
\ V i ‘ v v
- r < r————

U 4-12 (n) nmdeyaiignuvseenduie uae (v) wengegnauninsvesieya
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" ——————————— 1 @)

U1 4-13 (n) NIMVAI9INTIAGGATUITNS UUAAZ Y UaY () NINHAGNEYAIINUTUFIUNLIYD

Wgagnaiinsliudiwmiedeg 1o Susiwmisdmsunmsseydavensegn

4.5.2 Msuidud mivUiuyudaveinsegn

1%

NF9INNLAUNUDITBNTEYNINNITIATIER Doy an 1875 15119ngean

duimsuatuneutiaziiiumianlalusansarseaiadunldeusdinvensegniunsas e

[ I [
v

FITUNDUIDTILARNYATINUAUTUABUNSUINATINIUNAERANTS (TURBUN 4.3.3) Ingagly
duununanvesnszanluganivaudmiunisaiadunsmsaendy wasnyudunasiaguli

yuAmInAuduLnuman vdeaniudnduisusluwananaiunmsgaumiiunsssuiu

LUUDHLUR
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G
W
L
L*
Wt

(n) Gi))

U 4-14 (n) DINSEAUMINEIUTURDUNITSeYNUTUUUSH AT Uay (1) NIWHAGNEYeITUREUNITTHY

Aunavesdensegn

4.6 MsInYszansnimyesisnisiiuaye

dmunistaussansamuestuneuisiithiaustsiUssuidioutunadnsitliann
WINEELSEI%18Y (Ground-truth) 9nTsMmeIUIaNMNINETEBYTINT LI 119 21w Ukaznw
ﬁﬁi’wmuwamaaagﬁgﬂﬁm 5 nalaay Ae unUwesdonsegnludumisdedn L1 - L &
Hunaziisuay 595 wawnas TngldisnmsTnneuiindumisng (Confusion Matrix) Ferils
NnAildIn 4 wuuseiu Ae AWilsunsuvhuneuaziiBermaueningnazliie (TP) e
windu 1 Aenlusunsuvhuneuazfidermgueniinalsidue (FP) windu 0 Aeilusunsy
lailsveuasgidevauenitlalévme (TN) Failaeiansiniu 0 lukweaiertumnasd
Tsunswihuneililusfifernguoniignazliiduan (FN) Fedrwos FN axdidwindu FP
laue Wesaindnusnuiviuielldnsedusmundeifidorngysey Wudu waznisin

[
=

UseAVBATNARITNUNTUGoU (Area Overlap)
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Q)

)

FU7 4-15 (n) uae (p) Ao Fregnnmuaaeiilaanunmegide vy

() hay (3) Av FIBENNINEANETLAINIUSUNSY
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MenesedlendueInTEgnduna

NO.

TP

TN

FP

O N O

SOl N| O

—_
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O | O N O

SOl O N O

O | 0| N[O | AT W(IDN

—_

—_

—
(@)

—_
—_

N

SN

—
N

—
(6N]

._\
s

—
(S

—
(@)

[EN
~

—
(0]

—
\O

N
(@)

N
—

ool |~~~ O O O] PRI A~APIOIVVIPA~AP OOVl AUV WV|IWOG

el Neol NN NolN NoN Nol Nol NolNol ool Nol Noll Nol Noll Nol Noll Nol NHol NoN Ne}

105

106

107
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#1397 4-1 (98)

58

NO. TP TN FP FN
109 5 0 0 0
110 5 0 0 0
111 5 0 0 0
112 4 0 1 1
113 4 0 1 1
114 5 0 0 0
115 5 0 0 0
116 3 0 2 2
117 5 0 0 0
118 5 0 0 0
119 4 0 1 1

AMNAI9 4-1 A1vas (TP, TN, FP, FN) tHunadnsilaannluswnsulanean TP Aaaiitvinune

gnlunsazsumis, A1 TN feA1nlusunsuldlavitunedafidmnhu 0, A1 FP fie

TUsunsuynueRaluLdazde wagA FN Ao ARvinuneialuwsasde

M3 4-2 So8ayAINYNADIYIADUNITULNTNY

'
a

AN

ad s 4 ¥

0N1IINNA iaﬂa::m'mgﬂﬁm (%)
Precision 89.41
Accuracy 83.55
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§15N9] 4-3 HaaNEN1TINYSEENENINYRNTUNUIS I Na YDA 18T5N 1IN UIIUTEY (Area Overlap) e

WiguRusalaag (Ground-truth) dviavium 5 92 Aa L1 - L5

NO. L1 L2 L3 L4 L5

1 0.913146 1 1 1 1

2 1 1 1 0 0

3 1 1 1 0.101266 0.229958
q 1 0.711073 0.219723 0.411765 0

5 1 1 1 1 1

6 0.929658 1 0 0.418251 0.749049
7 1 1 1 1 1

8 0 0.722642 0.532075 0.960377 0

9 1 1 1 1 0.722222
10 0.8125 1 1 0 0

11 1 1 0.998264 1 1

12 1 1 1 1 0.974074
13 0.851923 0.698077 1 0.980769 1

14 1 1 1 1 0

15 0.58277 0.910473 1 0.760135 0.077703
16 1 1 1 1 0.910506
17 1 1 1 0.998188 0

18 1 1 0.748971 0.248971 1

29 0 1 0.997768 1 1

20 1 1 1 1 1
110 0.8341 1 0.9977 0 0
111 1 1 1 1 1
112 1 1 1 1 0.9982
113 0.5313 1 1 0.9983 0.8229
114 1 1 1 1 0




#1397 4-3 (98)

60

NO. L1 L2 L3 L4 L5
115 1 0.953 1 1 0
116 1 1 0.3014 0 0.2252
117 0.9545 0.9731 0.9259 0.532 0.1684
118 1 1 1 1 1
119 1 1 1 1 0

NNAN199 4-3 LWAAINADNSVDINUNNYDUN

LY

uiuvestensegnainuantaainlusunsy

(Result) Wazwataag (Ground-truth) lngagAnanuadnsilaitegluiuivenaiaas

o 1 a I I a A o 1 [y 1 1 X A
dunialagazaniluiegay e 1 Ao YNAUNUIYOIHNAGNT (Result) agluiuinalaag

Vane (Ground-truth) wag 0 Ao NAFIWNLIBIHAANT (Result) lailaegluiufinainas

(Ground-truth)

M13797] 4-4 SegasAINgNARRAEYeIN I TMALTUToulUUAaz TR

L1

L2

L3

L4

L5

AVERAGE

85.09 %

91.96 %

89.36 %

81.57 %

61.16 %

81.82%

NA519W 4-4 ApgNABdafevastansyaniumumus L1 - L5 nawiaun 119 am
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dyunan1Innasg

5.1 agﬂmmimaao

31nA1sYTUINITUIeInAian1un1TUsEIIananIw W lglunisuendiuves
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AMnagnseandunaaiaunimaniedinmlunsiaaeunseneinsailsanszgnngu Tu

'
o

PfunuITeiliiauetunsuislunisuendiuvenseandunatun miiinun 1w Uy

q

Soludf@ Tneifisnamdn 3 dadedu fe dauneunisussanananm Sadumsmiluiifidy
duaulalusunmuazirdadiuiifudssuninlusunmesnld uagyinisanvuinvesn
dieusgviiananlunisiuumdusunsdlviidu udmindiunssuiunisieunisusyanana
A Idthamidgnszuiunmsuendiusesgam ievinsuendiuvesnszgndundsonnii

Wigsegaied Ineruduneuisnumeideldmihaue asndnlinaansannssuiung

2 ¥ 14

WENAIUVDINTEANFUNATE UGN TTUIUNTUTUUTIAIUVDINATNS LHBINNATHEIN

1 A @

n3ruIUN ST Salitedlniviedelldiununme e inn1sUTuU RN YR INAANS

'
=

TatUszansamundadu Wesununindaualunlasuuiainlsaneruitaniely
UNINGNAY ALINKANITNAADN bravausatlusrewmasluniskusinddervaluns

QU o

analtludinveinIsaveulsveInsENAUNAI AN B9

5.2 e1s3seitasviialuauinn

fumeudslunisadaerdivesnszgndundsluguninsiildlunuided e1aida
fofawantuldidiosnndsdinsimuniuusegreutnannisu Suaunguivanzanos
aggUn $1u2u structure element Allun1sgevenegunm Wusu waglunsalfinimman

fianuadeadseninnsggndundasiundaunnifiuluanriliussansamlunisuendiu

'
a

Juiuseansaningas 9uddeselulusurnneranaunlidunauisluniswendliuyas
PRy A o P v ~ X ~ = ot °
nszgndunaminua niidannliliaugndengsdu weduselovdlunisdinimly

nensavsenTRaeulsAnsEannIulietagneied
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5.3 Ussloniildsy
1. aunsohesdauiildfurnmadeiluianviefussansnmliunuiely
2. anwnsathesdanuiildsuanmadeluiamnssuuieatuayunsdndulalums
NSWNNE
3. ldmnufannsAinuiisnsussnananmiiiegesavannuans uaziunuszendld

Tuauielaegnativsesansam

5.4 Jgyyuazguassaiiny
1. Tuszwzusnmaideludianuiifeanteininresnseandundiieseseaidnyilv

Ananuivesdulszneunsegndunaaierinisuendiulagndes

[

2. mwntdlunisesnuuutunewis meideludinnuduindisme Jvihlndseailu

Y

A15ANEIASIASIINITYINTUYDIN W NG

[y

3. Tuszpzusnmaidvlaidanuiinesduisnisiauansegnineldlunisnsisaeunse

wensainsiinlsanszgnuiu Jvhbiidenailunsfnwiiiessnuuuimuduneu

FBUNGIVU

5.5 daiauanue
1. msiaukareanuuulusunsuliiussansamlunisuendiuvesnsegndundalvd
UsgAnamanndsdumednanszmudenshainluasvaeuniensinsaininia
lsansegnnulagneias
2. mseonuuuszUUiteaivayunmsdadulansmsumdlifinnueuieuazidile

loeEeusiieldssuuiignesnwuulalisnnuinin
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Abstract—X-ray images of vertebral spine are important to
analyze vertebral d such as ost 0sis, osteopenia and
scoliosis. Vertebral Spine lesion affects the diagnosing of bone
disease such that the lesion might affect bone mineral density
calculation that used to predict osteoporosis. In this respect, the
accuracy of identifying lesion from these images is essential.
However, some lesion detecting may have low accuracy because of
the quality of the acquired images. In this research, we propose a
new approach to identify lesion and its position. In our proposed
method, there are five main steps. Firstly, Auto Crop, we segment
vertebral spine area using Vertical Projection and Normal
Distribution. Secondly, Boundary Segmentation, we use Gamma
Correction and Distance Regularized Level Set Evolution to detect
vertebral spine boundary. Thirdly, Vertebral Pose Estimation, we
identify vertebral pose by applying the technique on locating the
middle point of a couple of graph peaks as the border line to divide
among cach pose. Fourthly, Locating Thoracic Bone 12 and
Lumbar Bone 5, we use linear equation to localize position of
colliding between left or right rib and the vertebral spine to
identify Thoracic Bone 12. Likewise, we detect vertebral bone
Lumbar Bone 5 by applying the technique to find the minimum
distance between position of top hip and vertebral poses. Finally,
Identifying Bone Lesion, we use average intensity. From the
experimental results, we found that the accuracy performance of
our approach is 82.50% for Thoracic Bone 12 and 76.25% for
Lumbar Bone 5 compared to ground truth. Moreover, the
accuracy performance of bone lesion 61.25%.

Keywords—Bone Lesion; T12 and L5 Identification; Boundary
Segmentation; Auto Crop; Vertebral Pose Estimation

I. INTRODUCTION

X-ray images arc obtaincd from irradiation through the
patient’s body. Typically, the dose of radiation on the human
body can be determined which will offer different results. If the
volume of x-ray is high, we will get a high-resolution image that
the vertebral spinc boundary can be seen clearly. The image
quality is significantly affected the work of radiologist to
correctly identify the boundary of the bone area. However. the
high volume of x-ray may also cause a serious effects (o the
patients such as cancer and tumor. X-ray images of vertebral
spine are the main source to predict or diagnose vertebral

978-1-5090-1636-5/16/$31.00 ©2016 IEEE

Annupan Rodtook

Faculty of Scicnce, Ramkhamhacng University, Bangkok,
Thailand.
sittisak 168(@yahoo.com

discascs such as ostcoporosis, ostcopenia, and scoliosis. In
medical operation, there are several ways to diagnose these
diseases. One way is to use bone mineral density to analyze the
potential of ostcoporosis.

To avoid the certain side cffects, the radiologist chooscs to
radiate the low volume of x-ray and obtains the low resolution
x-ray images. The low resolution images cause the radiologist to
spend more time in identifying the boundary of vertebral spine.
So that the researchers in image processing domain are trying to
decrease this burden by working on how to enhance, segment,
and analyze these low resolution x-ray images in order to help
the radiologist to diagnose the disecases more effectively. In
doing this, the first and important process is to identify the region
of interest (ROI) of the vertebral spine. In this respect, the
physical structure of the patient is also the main aspect to
consider. For instance, the over-weighted patient body may
contain more fat than standard-weight patient. this leads (o the
obstruction of radiation that causes to produce low resolution
of the x-ray image. This is onc of the scrious problems because
non-vertebral spine pixels may found to be overlapped with the
arca of the vertcbral spinc. In such casc the accuracy of
analyzing or diagnosing some discascs will be dropped.

Several researches have been working on segmenting the
area of vertebral spine using various sources of input images
such as X-ray, CT, Ultrasound, and MRI images [1-5]. Thesc
rescarches attempted to reduce the burden of the radiologist from
manually segmentation process. Madha Christian Wibowo et al.
[6] presented an approach to identify the characteristics of curve
arca of vertebral bone x-ray image. They used Top-hat Filter to
cnhance the image and differentiate between the ROI and the
background of the image using GVF Snake. Rabia Haq et al. [7]
proposed an approach to segment the intervertebral disc from
MRI image using Shape-Aware Models, which is the statistic
approach, to observe the physical characteristics. This research
helps to find the herniated disc. Fabian Lecron et al. [8]
presented an approach to segment the vertebral pose from X-ray
image. This approach used Contrast Limited Adaptive
Histogram Equalization (CLAHE), Canny Edge Detection and
Polygonal Approximation in order to identify the vertebral bone.
Wei Chen et al. [9] proposed an approach to detect abnormal



vertebral spinc from ultrasound images. However, these
researches were working with high resolution images. So that
accuracy rates of their proposed approaches are quite high.

In this paper, we proposc a new method to identify multiple
bone lesion. Firstly, we introduce Auto Crop which cxploits
Vertical Projection and Normal Distribution to segment
vertebral spine area. Secondly, we apply Boundary
Scgmentation which consists of Gamma Correction and
Distance Regularized Level Set Evolution (DRLSE) to identify
the boundary between foreground and background. Thirdly, we
use Vertebral Pose Estimation to detect vertebral poses. Then,
we configure vertebral pose position using Thoracic Bone 12
(T12) and Lumbar Bone 5 (L5) Identification. Finally, Bone
Lesion Identification is applied to predict lesion.

Input

Auto Crop

Vertical Projection

Normal Distribution

Boundary Segmentation

Gamma Correction

Vertebral Pose Estimation
Locating T12 and LS
Identifying Bone Lesion

Fig. 1. The overall flowchart of our approach.

II. METHODOLOGY

This scction illustrates the steps of our proposed approach
for estimating lesion on vertebral spine. First of all, our approach
uses Auto Crop which exploits Vertical Projection and Normal
Distribution to segment vertebral spine arca from the x-ray
image shown in Fig. 2. This step makes most of the background
disappeared so that the area of interest will be more prominent.
Secondly, we use Boundary Segmentation which consists of
Gamma Correction and Distance Regularized Level Set
Evolution (DRLSE) model [10] to identify the boundary
between foreground and background. Thirdly, we use Vertebral
Pose Estimation to detect all possible vertebral poses in the x-
ray image. Then, we configure vertebral pose of T12 and L5.
After we can identily T12 and L5, we can extract the position of

T12 - L1 and L4 - L5 subscquently. Finally, we usc Average
Intensity to find bone lesion. All the value of parameters used
methodology

in the proposed
experimentations.

are derived from

Fig. 2. Original x-ray image.

A. Auto Crop

1) Vertical Projection Average: Verlebral spine locating on
x-ray image is in vertical linc. Cropping by vertical average
intensity is an alternative applied in this work. Let / be an input
image, /(x,),) denotes gray level at pixel (X, ;). Vertical
Projection Average is defined as (1)
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Fig. 3. Vertical Average Intensity.

where ¢ is average intensity, 72 denote vertical pixel length.

X and y, are the vertical and horizontal length of original
image respectively.

2)  Normal Distribution: Average vertebral intensity of x-ray
image distributes as normal distribution. Normal distribution
cquation is uscd to solve this type of data. Normal Distribution
is defined as (2)
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B. Boundary Segmentation

1) Gamma Correction: To make the low resolution image
casily to identify, constrast enhancement method is applied.
Gamma Correction is nonlinear operation used to encode and
decode luminance or tristimulus values inan image as per
equation defined in (3)

Vs =AVE ©)
where A is constant value that is equal to 1, ¥, denotes as inner
voltage ranging from 0.1 to 0.5 and ¥ = 4. A gamma value
7 <1 is called encoding gamma which makes outer voltage
brighter and y >1 is called decoding gamma which makes
outer voltage darker.

2) Distance Regularized Level Set Evolution: This
technique is applied to detect the ultimate boundary of vertebral
spine. Initialization in segmentation with this method is
mentioned in scction A. Intensity of x-ray image is
inhomogeneity. To overcome this challenge, we detect the
connected region between inside and outside of the contour. For
aLSF ¢:Q €N, an energy functional E(@) is defined as
(€]

E($) =R, + E..(9) ©)
where g/ is positive value. The first level set regularization

term R, is defined as (5)
E@)=[ V. (Vo )

The second region-correlation external energy term £, ()

depends on the region correlation between inside and outside of
the contour. We define this term as (6)

E,((¢) = A () + A, (¢) ©)

where A >0 and @ € R arc the cocfficients of the encrgy
functions /,(¢#) and A, (#). which are defined as (7) and (8)

L@ =] g5@IVldx )

A($)=[ gH(~pyx ®

where & and H are the Dirac delta function and the Heaviside
function, respectively.

C. Vertebral Pose Estimation

Most of vertebral bones in x-ray image contain black holes.
These black holes arc in the middle of vertcbral bone and
between each two black holes are vertebral pose. By this feature,
we can estimate vertebral pose. To find the black holes shown

in Fig. 4 on vertebral spine, we use Gamma Correction (V),
ranging from 0.2 to 0.55 and y = 4) and Otsu’s method [11].

After detecting black holes, we use horizontal summation to find
their position. Horizontal Summation is defined as (9)

n
HS = Zu(x, ¥,) 9)
y;=1
where # is binary image of black holes, 7 is horizontal pixel
length. X and y, are the vertical and horizontal length of

cropped image respectively. Fig. 5 shows the result of horizontal
summation. A Number of peaks are equivalent (o the number of
black holes position.

(a) (®)

Fig. 4. (a) black holes on the gray scale image and (b) binary black holes
resulted from Gamma Correction and Otsu’s method.
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Fig. 5. Vertebral Poses are on the middle of each couple of peaks

In defining each peak, first of all. we use minimum peak
separation at 0.006 ms. Then we choose the tallest peak of cach
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height between left and right rib. Morcover, L5 is defincd by
computing minimum distance between maximum top position
of left or right hip and vertebral poses. Table 1 shows the
correctness of detecting T12, L5 and bone lesion. True Positive
(TP) of T12 and L5 equal 1 means that our proposed approach
detects T12 or L5 correctly, otherwise cannot. From these sets
of vertebral bone data, the experimental results show that
accuracy performance of our approach is 82.50% for T12 and
76.25% for LS.

TABLE II. PERFORMANCE MEASUREMENT RESULT
Measurement Mndlf:ed MRF Our Approach
Otsu’s
Accuracy 40.00% 15.00% 61.25%
Sensitivity 40.90% 31.81% 50.00%
Specificity 39.65% 8.62% 65.51%

Fig. 6. Single lesion identification in vertebral spine. (a) original vertebral
spine image (b) localize of T12 , L5 and bone lesion from section A.B.C and D
(c) bone lesion result from our proposed approach

For thosc bonc lcsions such as calcium calcification
segmented from the vertebral spine of x-ray image will affect
the process of calculating the bone mineral density. Single lesion
is shown in Fig. 6(c) and multiple lesions are shown in Fig. 7(c).

Furthcrmore, Number of Lesions (NL) represents the
amount of existing lesions on vertebral spine of an image. True
Positive (TP) refers to the percentage of existing lesions that our
proposed approach can detect. False Negative (FN) refers to the
percentage of existing lesions that our proposed approach cannot
detect. The experimental results show that accuracy
performance of detecting bone lesion as shown in Table II
indicate that our proposed method offers the highest accuracy,
highest sensitivity, and highest specificity as compared (o
Modified Otsu’s and MRF [12]. Our method can provide the
improvement rate on accuracy of 21.25% and 46.25%. on
sensitivity of 9.10% and 18.19%. and on specificity ol 25.86%
and 56.89% as compared with Modified Otsu’s and MRF
respectively.

©

Fig. 7. Multiple lesions identification in vertebral spine. (a) original vertebral
spine image (b) localize of T12 . L5 and bone lesion from section A.B.C and D
(c) bone lesion result from our proposed approach
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(a) (®)

Fig. 8. The result of losing some bone lesion because of abnormal feature that
is similar to vertebral intensity. (a) grounth-truth image and (b) bone lesion
detection.

IV. CONCLUSION AND DISCUSION

This paper proposed a new approach to deal two issucs in
identifying bone lesion on low resolution vertebral spinc of x-
ray images. The first issue is to remove unrelated vertebral
objects: T12 and L5. The second issue is to identify bone lesion
on vertebral spine. Our proposcd method is able to attempt such
difficultics of identifying objccts of intcrest on low rcsolution
image with a reasonable output. Our proposed approach starts
from cropping vertebral spine automatically using Vertical
Projection and Normal Distribution. After that, we detect
vertebral spine boundary using Gamma Correction and DRLSE
method. Then, Vertebral Pose Estimation is applied to find
vertebral pose and to remove T12 using segmenting technique.
Finally, the proposed method can automatically detect bone
lesion using Modified Average Intensity. The results of our
proposed method are compared with the ground-truth by an
expert radiologist. The results show that our method can identify
T12 and L5 with accuracy of 82.50% and 76.25% respectively.
In addition, the proposed method can identify bone lesion with
61.25%. Experimental results on x-ray images demonstrate that
our proposed approach is sufficiently more accurate and robust
than the Modified Otsu’s and MRF.

In this research, we proposed an approach to identify lesion
on vertebral spine. However, our proposed approach cannot
detect lesion with low intensity and with very small size. In
addition, in the case of missing or incorrect black holes

information, the accuracy performance will be dropped too. So
we plan to solve these two issues further in the future work.
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Abstract—Vertebral pose segmentation is an important factor
in di ing di such as ostcoporosis, ostcopenia and scol-
iosis. Low radiation X-ray images are often used to diagnose such
diseases. This has been done to reduce patients risk exposure of
over dose radiation which may cause from a series of treatments.
In this respect, it led to a low accuracy in vertcbral pose
detection. In this paper, we proposed to improve the automate
segmentation of low quality image of vertebral pose with a more
generalized technique. In the proposed method, there are three
main steps. Firstly, in the pre-processing step, Auto Cropped,
Multi-Threshold and Canny Edge Detection are applied to find
the vertebral bone structure from the original image. Secondly,
Feature Analysis and Gravity Force were used to find the region
of interest or the area of cach pose. Finally, Colormaps, Intensity
Diagnosis and Angle Analysis arc adopted to scgment cach
vertebral pose from candidate areas retrieved from second step.
The experimental results which were compared with ground truth
shown that the proposed approach can estimate vertchral pose
with Precision at 79.61% and Recall at 77.11%.

Index Terms—Vertebral pose segmentation; Low radiation
image; Convergence gravity force; Feature analysis; Colormaps;
Intensity Analysis;

1. INTRODUCTION

The poses of vertebral column are important information
for diagnosing many medical conditions such as back pain,
osleopenia, osteoporosis and scoliosis. There are several tech-
nologies deploy to take the vertebral column image such as
X-ray image, Computer Tomography (CT) image, Ultrasound
image and Magnetic Resonance lmaging (MRI). However,
the most common used technique is X-ray technique. This is
because the X-ray technique often uses low level of radiation
as shown in Figurc 1 (a). If the high volume of radiation is used
or different techniques are applied, the high image quality is
obtained as shown in Figure 1 (b). The low level radiation can
help to avoid risk on radiation exposure to patient and cost less
in term of both machine and supplics cost. However, the low
level of radiation produced poor quality image for diagnosis
purpose. The image quality is significantly alfected the work
of radiologist to correctly identify the poses of vertebral bone
column which is a major factor in analyzing the bonc discasc.
In this research, we attempt to improve the segmentation of
vertebral column of X-ray image from Dual Energy X-Ray
Absorptiometry machine (DEXA).

To avoid the certain side effects on patient, the radiologist
normally chooses to use the low volume radiation which
978-1-5090-4834-2/17/$31.00 (©2017 IFFE.

(b)

Fig. 1. (a) An cxample of low radiation image (b) An cxample of high
radiation image.

tesulled in low resolution images quality. The low resolution
images cause the radiologist to spend more time in locating
the poses of verlebral column. Several researchers are (rying
to identify the vertebral pose on this kind of low radiation
images. Tn order o decrease the burden of low quality image,
a number of techniques were applied to either enhance or
analyze the image prior to the scgmentation process, to help
the specialist to diagnose the diseases more etfectively. There
are a number of approaches proposed Lo segment the verlebrae
bone objects either by semi-automatic or fully automatic
method as followed.

Silvia Ruiz-Espaa et al. [1] presented a fully automatic
segmentation method of thoracic and lumbar vertebral bodies
from Computed Tomography images using Level-Sel Based.
Madha Christian Wibowo and Tri Arief Sardjono [2] proposed
a methodology for determining the Spinal Curvature from X-
ray Image using GVF Snake. Jianhua Yao et al. |3] presented
automated extraction of anatomic landmarks on vertebrae
based on anatomic knowledge and geometrical constraints in
CT scan dataset. S. N. Zahari el al. [4] represented the In-
fluence of Preload Application for Vertebra Segment in Finite
Element Modelling on 3D CT scan image. Mohamed Amine
LARHMAM et al. [5] proposed Semi-Automatic Detection of
Cervical Vertebrae in X-ray Tmages using Generalized Hough
Transform. Yang Li et al. [6] presented an automatically
inilialized level set approach based on region correlation for
lumbar vertebrae CT image segmentation. Robert Korez et al.
[7] presented an approach to automated detection and seg-
mentation of spinal and vertebral structures from Computing
Tomography (CT) images based on interpolation theory. Their
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proposed approach was applied to detect the location of the
whole spine in the image. Chea Keo et al. |8] presented
an approach to automatically detect vertebral pose on low
radiation x-ray images with different bone structure layout
using Horizontal Gradient Vector Tield. Huang et al. [9]
proposed a verlebral pose estimation using two sets ol training
patterns. Their method used eXclusive ICA based Boosting
(XICABoost) algorithm. They argued that with their method
a uselul information for supporting diagnosis of the relevant
medical conditions can be obtained. Rabia Hag ¢t al. [9]
presented a methodology to segment the intervertebral disc
of spinc in MRI image using Shape-Aware Model.

In this paper, a new methodology to estimate vertebral pose
on the low radiation X-ray image automatically is proposed.
The proposed method consists of three main phases. Tirstly,
in the pre-processing phase, Auto Cropped, Multi-Threshold
and Canny [dge Detection are applied to extract the vertebral
structure from the original image. In the second phase, Feature
Analysis and Gravity Force are used (o [ind the regions of
interest or the arca of cach posc. In the final phase, the
segmenting phase, Colormaps, Intensity Diagnosis and Angle
Analysis are used the estimate the location of each pose.

IT. PROBLEM ANALYSIS IN VERTEBRAL POSE ESTIMATION

Most of the existing methodologics are appropriate with
high or medium radiation image. However, the accuracy rates
are decreased when applied with low radiation images. In
Figure 2, an example of low radiation image that causes an
incorrect scgmentation is shown. In this cxample, the low
radiation images was segmented using a method proposed by
[8]. Tt can clearly seen that due o a number of noises on the
image, the proposed algorithm that was based on a rather fix
configuration or layout of bone structures could not deal with
this kind of problem. As mentioned above, the low radiation
image is often used in the case of patients who need a series of
radiation follow up. This, therefore, led to a very challenging
problem on how to correctly locate vertebral pose from low
radiation image to further help the diagnosis process more
cffective,

Fig. 2. An example of low radiation image that was segmented incorrectly
using existing method.

There are difficulties of low radiation images as follows.
Firstly, the low radiation images produces a very high similar-
ity of color between object and background. Secondly, the low
radiation image also produces a very high similarity of color
between vertebral pose and vertebral bone. And thirdly, those
patients that received X-ray diagnosis [requently may get bone
diseases such as disc degeneration and disc collapse which
led to complicated bone components on the X-ray images.
Therefore, in this work, we proposed (o attempt these problems
(o automatically estimate the vertebral pose more elficiently.

III. PROPOSED METIIODOLOGY

This section described the steps of the proposed approach
for estimating vertebral pose on a low radiation image. The
overview of the proposed method is shown in Figure 3.

Tiirstly, the pre-processing techniques were applied which
consisted of Auto Cropped, Multi-Threshold Edge Detection
and Edge Estimation techniques to find the vertebral bone
structure from the original image. Once the main structured
was located, most noises cause from background can be
removed. Secondly, the regions of interest were obtained
using Feature Analysis and Gravity Force techniques to find
candidatc location of cach vertebral pose on an image. Finally,
vertebral pose segmenting using Colormaps Visualizaion, In-
tensity Diagnosis and Angel Analysis techniques are used (o
estimate location of each vertebral pose on an image.

Pre-processing

Auto Cropping |

v

Multi-Threshold and Canny Edge
Detection

v

’ Edge Estimation I —

Identify Region of Interest

Feature Analysis |
v
| Gravity Force I —

I

[ —— ]
v

| Intensity Diagnosis |
¥

’ Angle Analysis

Tig. 3. The overview of the proposed method.
A. Pre-processing

In order to find the location of vertebral pose, all noises
needed (0 be removed. Typically, the low radiation image con-
tains a great number of noises. Thus, we needed to eliminate
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image background. Tn this step, we use Auto cropped which
included Vertical Projection and Normal Distribution [8] to
solve this problem,

1) Auto Cropping: We start by crealing Vertical Projection
Profile as shown in Tigure 4. This profile is built using
equation (1). After retrieving the Vertical Projection Profile, we
then applied Normal Distribution on the information retrieved
from Vertical Projection Profile to locate the area of vertebral
bone using equation (2) as shown in Tigure 5.

n

1
p=—3 Iy m

=1

where I(xz,y) is a pixel position (z,y)

1 is the average intensity

n is the size og image

18

15

10

Fig. 4. An example of a vertical line graph.

) 2var i ®

where g is mean of distribution

2) Multi-Threshold and Canny Edge Detection: After get-
ting the result [rom the Auto Cropping step, the cropped image
may contain several noises as shown in Figure 6 (a). These
noiscs may lead (o incorrect detection of the vertebral pose
boundary. Hence, in this step, Multi-Threshold and Canny
Lgde detection were used to locate vertebral bone pose and
remove all noises as shown in Figure 6 (b). There are three
threshold values for convert grayscale to binary image. Those
threshold values are 1) mean of intensity value, 2) mean of
intensity value plus ten percent and 3) mean of intensity value
minus ten percent as defined in equation (3). The addition and
subtraction of ten percent values were proposed due to the
experimental results that these two values offered the optimal

Normal Distrbution Prosabity

Fig. 5. An example result from normal distribution equation.

results. Then, Canny Edge Detection method was used to find
verlebral pose edges using local maxima of the image gradient.
The edge function calculates the gradient using the derivative
of a Gaussian filter. This method uses double thresholds o
detect both strong and weak edges.

I ifl{@,y) > p
if {2, y) = p+
if 1 (x, u)Zu—/)

)

)

)

I{a,y) 3)

0 ifI{x,y) <p
ifI{z,y <u+p
ifI{z,y) < p—
where [(z,y) is (he input image
P is the ten percent of intensity value

in grayscale image

Fig. 6. (a) A result from Auto Cropped (b) A result from Multi-Threshold.

3) Edge Estimation: After getting the result from Multi-
Threshold step, we can locate the main structure of vertebral
pose on edge lines as shown in Figure 6(b). However, from
the boundary retrieved in previous process, the bone structures
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ar¢ curve. Therelore in order (o find the bone structures,
Polynomial Curve Fitting Degree 3 was applied to estimate
the main fcaturc of the bone structure as shown in Figure 7.
Polynomial Curve Fitting can be defined as shown in equation
(4) and cquation (5).

P(z) P+ P '+ ..+ P+ P )
y P+ P 4.+ P+ Pup ©)]
where P(z) s the coefficient
Y is the value of a polynomial of degree n
n is degree of polynomial

Fig. 7. A result from Tidge Estimation step as depicted by orange, red and
blue lines.

B. Identify Region of Interest

1) Feature Analysis: The result of [idge Lstimation pro-
vided 3 calcgorics ol vertical line as shown in Figure 7.
Therefore at this step, the output image consisted of a variety
of information. Those information may include boundary lines,
bone areas and nosies. Tn this respect, it is dilficult o find
the position of vertebral pose. So that, in this step, I'eature
Analysis is used. That is, aller geting the resull from Edge
Listimation step, the first category of vertical line, the middle
orange line is used to divide the image into (two partitions:
right and left partitions. The next two categories of line is the
left red line and the right blue lines. For the left red line, those
objects which are located on the right hand side of the left red
line are the features that were used in analyzing the position of
vertebral pose candidates. For those objects which are located
on the left hand side of the left red line are considered as
unrelated objects. Likewise, those objects which are located
on the left hand side of the right blue line are the features
used in analyzing the position of the vertebral pose candidates.
So those objects which are located on the right hand side of
the right blue line are considered as unrelated objects and

are removed as shown in Figure 8 (a). Once all the possible
candidates were obtained, we then use basic morphological to
fill up arca under the detected objects. Then, we merge those
objects on the right hand side of red line and those objects
on the left hand side of the blue line to locate candidates as
shown in Figure 8 (b).

(a) (b)

Fig. 8. An example result from Feature Analysis slep (a) unrelaled objects
(b) candidates objects.

2) Gravity Force: After getting result from Feature Analy-
sis technique as shown in Figure 8 (b), a number of candidates
of vertebral pose were acquired. These candidates can cause
incorrect segmentation. So (hat, in this step, Gravily Force
technique is used to solve this problem. Then, the candidates
of vertebral pose is located using Convergence Gravity Force
as shown in equation (6). The mass value of m; and my in
this work is equal to one. This is because we consider to use
every pixels in each object 10 calculate all possible forces (o
the opposite direction as shown in Ligure 9 (a). Then, we
select the max values Torce of each object (o find the nearest
distance in order to identify all possible candidates as shown
in Figure 9 (b).

Smayme
z

F=¢C (6)

where I is the force
(& is the gravitational constant
mq,m2  are the mass of the objects interacting
r is distance between object

C. Segmentation

After Gravity TForce step, we can retrieve most of the
candidates which made it difficult to find the exact pose
of vertebral spine. In order to find the position of vertebral
pose, we crop boundary area which depicted by Gravity Lorce
lines as shown in Figure 10 (a). After finding a region of
vertebral pose, we use Colormaps function as an visual aid to
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Fig. 9. A sample result [rom Gravity Force Step (a) the projections of all
gravity force to locate all possible objects (b) the identification of candidates
arca using maximum force summation criteria to generate the matching
objects.

help confirm our assumptions. The observed gradient in those
boundary area is used to find min intensity in average line
across to find a position in bone segmentation as shown in
Figure 10 (b). After getting position, we draw a horizontal
line to the first and last point of the image to create a straight
line as shown in Figure 10 (¢). Then, we find the angle of the
straight line intersect with the center line. It is determined by
the intersection location in an upward direction 20 positions
and in downward direction of 20 positions to create a new
vertical line to get a proper slope using equation (7).

(7)

where M is the slope

@,y is the coordinate position in the line

The proposed value of 20 positions was resulted from an
experimental setting. Once the two straight lines are intersect-
ing, the angle can be calculated from equation (8). In order to
make a straight line rotate perpendicular to the center line as
shown in Figure 10 (d). Finally, those all possible horizontal
lines were superposition with the original image as shown in
Figure 11 to segment the vertebral pose.

angle = arctan

My — M
(M. : ®

\[1) +1

where angle is the angle between 2 lines

M is the slove of each line

©) (d)

Lig. 10, A sample of Segmentation Step (a) binary representation of
the candidates (b) visualization of grayscale using Colormaps (¢) horizontal
straight lin¢ on cach vertebral pose is located using the lowest intensity sced
points (d) final result obtained from rotating the horizontal lines.

Fig. 11. A final result after superposition the segmented lines obtained from
Segmentation Step over the original image.

IV. EXPERIMENTAL RESULTS

The proposed approach used 80 vertebral spine X-ray im-
ages which are obtained from DEXA machine to validate the
efficiency. Most of the images are obtained from low radiation
process. Typically. this type of images is rather ditficult and
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TABLE I
RESULT OF SEGMENTING VERTEBRAL POSE WITH TRUE POSITIVE(TP),
TRUE NEGATIVE(TN), FALSE POSITIVE(FP), AND FALSE NEGATIVE(FN)

Image TP TN FP FEN
1 4 0 0 0
2 3 0 2 1
3 4 0 0 0
4 4 0 0 0
5 3 0 it 0
6 3 0 1 1
7 2 0 1 2
8 Z 0 2 2
79 4 0 2 0
80 4 0 2 0

time consuming for a radiologist to identify the position of
vertebral pose. Therefore, an automate tool is expected. The
experimental results of the proposed approach are compared
with the ground-truth prepared by expert radiologist from our
local university hospital. In this step, we use Precision and
Recall technique from True Positive(TP), True Negative(TN),
False Positive(FP), and False Negative Values to evaluate
accuracy of our proposed as described in equation (9) and
equation (10).

TE

Precision = TP+ FP ©)
TP
Recall = TPTFN (10)

In table 1shows the validation results of segmenting verte-
bral pose. For example, if the True Positive (TP) equal to 4,
True Negative (TN) equal to 0, False Positive (FP) equal to 0,
and False Negative (FN) equal to 0, it means that our proposed
approach can perfectly segment the vertebral pose correctly.
From the acquired dataset, the experimental results show that
performance of our approach attains 79.61% for Precision and
77.11% for Recall respectively.

V. CONCLUSION AND DISCUSSION

This paper proposed an approach to improve the automatic
segmentation of the vertebral pose from X-ray image. The pro-
posed method started from pre-processing step which included
Auto Cropped, Multi-Threshold and Edge Detection. These
techniques are applied to detect the vertebral structure from
the original image and remove all noises such as background.
In the second phase, Feature Analysis technique is used to find
important feature of vertebral pose. After getting the result
from Feature Analysis technique, the Convergence Gravity
force is used to find all possible candidates. Finally, in the
segmenting phase, Colormaps, Intensity Diagnosis and Angle
Analysis are used to segment the location of each pose. The
proposed method can automatically segment the vertebral pose
about 10 times faster as compared with manual operation done
by radiologist. This help to reduce the burden work load of

the radiologist. In performance verification, the experimental
results are compared with the ground-truth receiving from the
radiologist in the university local hospital. The experimental
results shown that the proposed method is efficient with the
precision rate of 79.61% and 77.11% for Recall. However,
the proposed approach is unable to segment vertebral bone
in the case of collapse bone structure. The proposed method
also cannot applied to locate other bone pose beyond L1 -
L4. However, these are the potential scope of interests in the
future work.
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Abstract—Vertebral pose segmentation is an important
factor in diagnosing bone diseases such as osteoporosis,

teopenia and liosis. Low radiation X-ray images are
often used to diagnose such diseases. This is done to reduce
patients risk exposure on the over dose radiation which
may cause from a series of treatments. In this respect, it
led to a low accuracy in vertebral pose detection. In this
paper, the automated vertebral pose segmentation based
on geometric analysis using ellipsoidal wave on Xx-ray
image of human spine. The proposed method consists of
two main step. Firstly, in the pre-processing step, gamma
correction is an image adjustment technique that used to
enhance spine area. Secondly, in the segmentation step,
Level Set Method, Edge Estimation and Ellipse Analysis
are combined to locate the vertebral pose area. The
experimental result can locate the position of each
vertebral pose with 92.54% for Precision, 84.40% for
Recall and 79.02% for Accuracy.

Keywords—vetebral pose; edge detection; ellipsoidal wave;
geometric is; poly ial estimation; low radiation image;

1. INTRODUCTION

Diseases such as back pain, osteopenia and scoliosis can
usually happen to people causing from their everyday life
behavior. Such habits, for example, lifting too heavy things,
wrong sitting pose, lack of exercise and accidents are the
causes of such diseases. In addition, aging people are most
likely to face such diseases unavoidable. Symptoms of these
diseases often could not be easily visible or noticeable by
patients at the very first state of symptoms development. Most
cases, the symptoms shown after the patients are in the severe
state. In such case, the patient may already need a surgery
treatment. Therefore, the earlier the symptoms can be
diagnosed, the better the alternative treatment can be used
instead of surgery. Currently, there are alternative medical
diagnosis support tools such as Computer Tomography,
Magnetic Resonance and X-ray Machine. These medical
equipment have different properties. Some of them can
produce a very sharp and clear image quality of the bone
structure while some of them cannot. The quality of the image
is varied directly with the volume to radiation.

In clinical routine, X-ray Machine is widely used
because it is a simple and cheap one. Moreover, the patient
will be exposed to a very low level of radiation as compared to

978-1-5386-2615-3/18/831.00 ©2018 IEEE

other types of machine. In this respect, it means that it can
reduce risk on side effect for a long term treatment. However,
due to the low volume of radiation, the quality of the image
produce by this machine is not good. This led to a difficulty to
properly detect the bone structure by specialist. Likewise, this
type of image quality also made it difficult to automatically
detect by computer vision. This is due to the fact that there is a
very small differentiation among intensity of each objects in
the image.

A number of image processing techniques has been
proposed to overcome such a problem mentioned above.
Binoshi Samuvel el al. [1] proposed a mask based
segmentation algorithm for automatic measurement of Cobb
Angle from scoliosis in X-ray image to find the angle from
vertebral spine area and then get the result for more accuracy.
But the starting point for the position of each vertebral posed
is still set manually. Bagus Adhi Kusuma et al. [2] presented
spinal curvature determination from scoliosis X-Ray image
using sum of squared difference template matching. This work
focuses on the vertebral column shapes: S-shaped or C-
shaped. Template matching and Sum of squared difference are
used to estimate the position of vertebral. However, a problem
of template matching is not suitable for detecting objects
which have variety of sizes. Chunming Li et al. [3] proposed
distance regularized level set evolution or DRLSE. This
DRLSE model based on the gradient method to find the
contour of object of interest. Yang Li et al. [4] proposed a
novel automatically initialized level set approach based on
region correlation for lumbar vertebrae CT image. S. Ruiz-
Espaa et al. [5] presented a fully automatic segmentation
method of thoracic and lumbar vertebral bodies from
Computed Tomography images using Level-Set Based.

II. PROBLEM ANALYSIS

Typically, Dual Energy X-Ray Absorptiometry Machine or
DEXA, generates an X-Ray image with different variation of
contrast depended upon the volume of radiation used for
diagnosis different symptoms. Normally, for long term
treatment, the patient will be exposed with low volume of
radiation. This is done to reduce risk of overdose explosion
that may cause from a series of treatment in certain cases such
as osteoporosis disease. As a consequence, a low-radiation
image may contain with a lot of noises. Moreover, the bone
structure of each person is varied. This may due to the weight,
age and congenital disease. This can lead to the loss of certain
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information of the vertebral spine. These situations brought
forward a number of diversified patterns on the vertebrae pose
that made it difficult to analyze the image either manually or
automatically. In the case of manually segment the vertebrae
pose, a specialist may need a longer time to draw the boundary
of each pose for low quality image. For the case of automate
process, an attempt using only single algorithm is almost
impossible. Fig, 1, showed an image of lumbar section that
contained various pattemns at the joint point area of each pose.

Fig 1. An example region of joint between each vertebral
pose.

IIT. METHODOLOGY

In this section, the proposed method to locate the vertebrae
pose is discussed. There are two main steps. The overview of
the proposed method is illustrated in Fig. 2.

INPUT
Pre-processing

Gamma Correction

Segmentation l

Level Set Method (DRLSE)

Edge Estimation

Elipse Analysis

Fig 2. Overview of the proposed method

A. Pre-processing

Gamma Correction: In this research, Gamma Correction
is applied to enhance an image to distinguish foreground
from background. With this technique, a number of noises
can be eliminated. In theory, a value of gamma correction
less than 1 will increase the brightness while a value more
than 1 will decrease the brightness.

The proposed method used a gamma value of 0.4 to
generate a result as shown in Fig. 3.

Fig 3. (a) Original image (b.) The result from pre-
processing step.

. Segmentation

Level Set Method: Level set methods have been widely
used in image processing and computer vision. The main
idea of the level set is to detect a point where there is a
differentiation between intensity. By detecting this kind of
points, the contour of object can be revealed. In this work
Distance Regularized Level Set Evolution (DRLSE) [3] is
applied to find a boundary of vertebral column. The
general equation of DRLSE can defined by ¢ : 2= % js

LSF on a domain Q. Energy function €9 written as

£(@) = uRy(¢) + Eexe(P) @

Where %(9) is the level set regularization term, K is
coefficient of the distance regularization term and Eoxt ($)
is External Energy. The level set regularization term Ro(#)
is defined by

R,($) = fn p(Ive)dx e

Where Pis a potential function. While Edge based active
contour in DRLSE is defined by function 9 as shown in
Eq. 3

1

S 146, x 12 &

9

Where I is the output image from Section A, Go is
Gaussian kernel with a standard deviation 0. In Eq.3 used
to smooth the image. For LSF ¢* 2= R in our work

defined an energy function &(¢) by
&(@) = uR,($) + ALy () + ady(d) @

Where 4 > 0 and @ € R are the coefficients of energy
function, o(#) and 45(®) with are defined by

L(#) = fﬂ 96(#)IVp|dx ®
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4y(9) = fﬂ gH(—$)dx ©

Where 0 and H are the Dirac delta function and the
Heaviside function. The Lo(®) computes the line integral of
the function 9 and 4s(#) computes a weighted area of the

region.
A
Py .‘\l
-l -8 N
{

(a) (b))
Fig 4. (a)) The result from Gamma Correction (b.) The
result from DRLSE.

Ay T o

Edge Estimation: A result received from Level Set
Method provides an outline contour of the vertebral spine.
The proposed method, then applied edge estimation
technique called Polynomial Curve Fitting to smooth out
the contour outline before generating the center line of the
bone structure. Polynomial Curve Fitting can be defined as
shown in Eq. 7and Eq. 8

P(x) = Pyx™ + Ppx™ M. +Pyx + Poyy @)

y=Pix™+ Ppx™ 1+ ... +Pyx + Ppyq ®)

Where £ s the coefficient, Y is the value of a
polynomial, ™ is the degree of polynomial. In this study,
a degree is equal to 3. This is because the spine structure
have a curved like shape.

Ellipse Analysis: Once the center line of the bone
structure was retrieved, ellipse shape objects are generated
using a point in center line as a center point of each one.
The proposed method used ellipse analysis to differentiate
among different patterns of bone structure which are
distinguished by its intensity and properties of each
specific cases. Ellipse equation is calculated from

x_+y_=1 (9)

Where X and Y is coordinate point, @ and b is axis
length. The axis that has a bigger value is called a major
axis moreover and another is called minor axis. The center
of the ellipse shifted along the position of the center line of
the bone structure.

A region of ellipse can be computed from

— 2 — 2
(x a;c) +(y bzyc) <1 (10

Where *¢ is a center along x-axis, Ye is a center along y-axis.
The density of ellipse we called DE can be calculated from

n "
DE = Zi=a(ed (an

nxlevel

Where DE is density, 1€ is an intensity value of each pixel
inside each region of interest, 1 is size of an area, level s 4
color value which has the maximum value of 256.

However, ellipse analysis does not consider only the density
information of overall ellipse area, but also consider the
density of circle patterns within each ellipse as shown in the
following cases.

Pattern #1: Three Adjacent Circles which has diameter of
each circle equal to minor axis, where its center point located

at the center of the ellipse as shown in Fig. 5.

Fig 5. A pattern of three circle insides the ellipse

The density of first case we called Casel can be calculated by

YhiG
e (12)

Casel =

Where Gi is density of circle can be computed in Eq. 11

Pattern #2: Two Circles at far sites of the edge of ellipse as
shown in Fig. 6.

Fig 6. A pattern of the circle on the edge of ellipse in the
second case.

The density of second case we called Case2 can be calculated
by

C +C.
Case2 = % as)

Where C1 and G is density of circle

Pattern #3: Two Circles in between Pattern #1 and Pattern #2
as shown in Fig. 7.
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Fig 7. A pattern of the circle the located between Casel and
Case2

The density in the third case we called Case3 can also be
calculated using Eq. 13. The algorithm of ellipse analysis can
be summarized as follows.

1: Initial four parameter of ellpise(e) in vertebral spine.
Let Center is center line of the bone structure, Major is size of vertebral in x-axis
Minor is 20, Angle is 0
Compute density in ellipse(e).
Let NV is a number of ellipse.
For each the ellipse(e) between 1 to N. Computed as follows:
DE(e), Casel(e), Case2(e), Case3(e)
: Create label of each ellipse(e).
For each the ellipse(e) in vertebral spine:
If Casel in ellipse(e) > Casel in ellipse(e+1) then set Label(e) is |
Else set Label(e) is 0
: Adjust label in each ellipse(e).
For each ellipse(e) in vertebral spine:
a) If Label(e) = 1 and Label(e+1) = 1 then
If Case2(e) < Case2(e+1) then set Label(e) is 0
Update 1 .ahel
For each ellipse(e) in vertebral spine:
b) If Label(e) = 1 and Label(e+1) = 1 then
If DE(e) > DE(e+1) then
Collect ellipse(e+1) in dx
Else Collect ellipse(e) in ldx
Adjust label between spacing distance in each ellipse(e).
D = Idx(k+1) — Idx(k)
Let k is number of member in /dx and D is distance of the elliptical
a)If D = 2 then
Collect minimal DE of ellipse range between Idx(k) and Idx(k+1) in List
Else Update Idx(k) in List
Repeat a) until computed all element in List
b) If D = 3 then
Collect minimal Case3 of ellipse range between Idx(k) and Idx(k+1) in List
Else Update Jdx(k) in List
Repeat a) until computed all element in List

»
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IV. EXPERIMENTAL RESULT

From the lab scale experimental on dataset of 50 X-ray images
obtained from local university hospital generated by DEXA
machine revealed a reasonable result as shown in Fig. 8. Each
lumbar spine image composed of T12 and L1 to L4 which has
5 vertebral poses. The proposed method aimed to detect each
vertebral pose of the lumbar spine. The proposed method used
Precision, Recall, and Accuracy Rate to evaluate performance.

(b.)

Fig 8. (a.) An ellipsoidal wave in vertebral spine without
overlapping area (b.) A final result from ellipse analysis
algorithm.

The experimental results are compared with the ground-truth
provided by a hospital technical specialist. The performance
evaluation indicated that the proposed method obtained
92.54% for Precision, 84.40% for Recall, and 79.02% for
Accuracy.

V. CONCLUSION

In this research, an automated vertebral pose segmentation
based on geometric analysis is proposed. The proposed
method can automatically segment the vertebral pose in a
normal environment. The proposed method used geometric
features such as an ellipse and circle for finding the location of
each vertebral pose. There are two main steps. Firstly, pre-
processing step used Gamma Correction to eliminate
background and noises. In next step, Level Set, Edge
Estimation and Ellipse Analysis methods are used to segment
vertebral pose on the images. The results of our proposed
method are compared with ground-truth generated by hospital
specialist. The result shown that our approach can locate the
position of each vertebral pose with 92.54% for Precision,
84.40% for Recall and 79.02% for Accuracy. In future work,
the proposed method will be modified to attempt those special
cases on complex environment image and a curved-like
vertebrae bone image.
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