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Abstract

This study focuses on developing a geometric algorithm to identify the position and size
of bones in X-ray images, aimed at supporting diagnostic and tracking processes in medical
treatment. Accurate bone positioning assists in analyzing patients' anatomical structures and
identifying injuries or other medical information effectively. The algorithm leverages statistical
data from existing datasets to enhance accuracy and applies the Active Shape Model (ASM)
method using an elliptical model, which adjusts in size and orientation to align with the X-ray
images. Results show a Jaccard index above 0.85, indicating higsh accuracy in estimating the
positions of the pelvis bones on both the left and right sides. This achievement forms a crucial
foundation for detecting other structures, such as the lower spine or coccyx, and holds

potential for applications in the medical field to improve diagnostic efficiency.

Keywords: bone localization, X-ray imaging, geometric algorithms, Active Shape Model (ASM),

medical diagnosis, statistical analysis, pelvic bones
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4. Active Shape Model
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2.3 Active Shape Model (ASM)

Active Shape Model (ASM)'* Lﬂumﬂﬁﬂmﬂﬂumﬁmiwﬁgﬂiw (shape analysis) Tun1s
Uszanananmmanisunmg Inslanizlunuiidesnisanadulasaiiaanis wu nszgaluain
wonese Tunth sidesTenznislu ASM gnitaunduiieliaunsnssysunssesngiidauudsiu
maguisuagsumidlaegrsBaveumngiunisldnmaemsnsunmdveusiazauiionaiilasaing
Limfoudu wiligusnmen 9 aanediu

ASM vira1ulaenisadisuuudiasudaiivesgusiad sgnilnsluainyadeyadiegad
Usgnoudesuiswasgadang (landmarks) uuiagfidne ainduuuudaeszansnuiudde

sUs1vesnuedlaiiionsaaduingluninlue Ineagnererumiunisvesyadunaiffganvinli
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sUTeaenadasiuinglunin ASM Svunaundndadl:

D,

1. Msunu§Use (Shape Representation)
JUT199NUNUIeYATes landmark Faaunisi (6) X = (Xq, Xg, wv ) Xpy) Bousiay X;

Judia 2 30 3 4/ landmark i 9 vuing
X1

2. 5UswAadY (Mean Shape)
nnswnugusaduuninnuadamansiuded 1 1s1avaunseasnagysienade
31NN3AINAINANTIUTNATTmualuyatayad mSulnia lnen1smiA1adevedqn

landmarks finsafilugndeyadaaumsi (7)
M
1 7
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3. Principle Component Analysis (PCA)

Tuluina Active Shape Models (ASM) n1571AS18%03A Usznaunan (Principal
Component Analysis %38 PCA) 1 uimadandniilddmsunisadianuuassuazesune
AuLUIHUYesgUnsiluyadayaunaryusie lag PCA ¥l ASM a1u13aunuAIY
vanvaneYeIUnsefidutoulsegnansedunasiussavsan esanmngusdeded
vane landmark enadswaliiivesteyawerlude PCA axgaelunsmiiemaideyaiing
Wasuwasnnigathuduunundnlumsuiususis deavtnelunsasiifvesdoyals

a. ﬂﬂiLUﬁauLLUaﬂgﬂiﬂﬂ (Shape Variation)

vannfiligUnAnedsandofiaead sUseildunenalsi fit wedtugusedila o
1 FafuslunaasiarmeuBanguannanyiuam landmark eananguieadels
meAdsauunasguvessudla 9 fusuindiededsiuandluannisi (8)

Axi =X; — X (8)

Tnefl

o X; o g i

® X Aa JUeAade

LUUTIARIIEANNTaLanINSABULUAsYRIsUT 10NN US A LRd s lan e Ty
voulniruandeyayadeyanldlunisaislung

5. mMsuasUnssiunwlna (Shape Matching to New Image)

(9

e ASM gnilldlun v wuuiaesaggnuiulidndugussvesinglunimiag
NY18113UA AU landmarks AU YARNUY Tuneuilaze1den1sUTuUAILNL1899A
landmarks ligenadasivveunkazsgasidunveiusiatuninlue uagususuinanes

wuuasanuAdelarAALUsHuignivualudunsunisiln

2.4 mslduuudnaasgunsasslunisnsradunsegnidensiu
anwazraInsEanBenunUInglunmenesdssiivuivesdulasuluesdusenauvens
! =~ ) = 5 =2 ¥ ' ! N < a o A o !
ageinanaluzun 2 lun1sfnwdisnFeadieguseaadoduluwass Wunisunuiidumies
N13ANLTINTIU s euazrvle laeaunisvesitodnikansluaunisn (9) unususieanaiisves
NIEHNLTINTIY
AV AV
G-h? G-m_ o
a? b?

1ngn



(h, k) #o aaudnasvesinay

® a fie Naunuwdn (ATaniavesn e IEUHIUALENA YD IUNUNAN)

b #e Asunuses (AFmilswosnnueriduriiuguinaavenuse)

1%
o

a = b > 0 fe a frunnniwviewiniu b wasvisgdediAunnii 0

\

3U7 2 lunauszanasuniansegniiensume JUNSsnaiings

meIsnsunuilimameaunEiliisauseananududouresguiaiadela

2.5 mil,‘ll?ilalugﬂ Affine Transformation

Affine Transformation (Jumafialunsdsuguiuvresdeyanmitlilunisuszananann
wazmsiaresiden maliadtaelunisusudsumn mavu M3dre weensiadouvosnw
Tasmsinundndiuvegunsuazauduiusseninegelunin mawasusy Affine Transformation
aggnimuslaenslduamingnisuuas (transformation matrix) 3952ufisn1suda (translation), N3
Yy1eN3 oA (scaling), N5 (rotation), warn15UnLT U (shearing)’® Affine Transformation

asadeuluguvesauns (10):

x' a b tx]rx
y’ =|c d ty y (10)
1 0 0 1/t1

] ) Y Y ! 4 Ao )
ed (x, y) Wuiidagelunnduatu waz (x', y')Jduiidavesgandsnsudas a, b, ¢, d
WuAweawuningnisulas waz £X, ty Aemnsudaluiianie X uaz Y anuaau

[ 1

Affine Transformation dn15Usuasunmitddtyey 4 wiln desialuil
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1. mM3U5uvwa (Scaling): N1sUsurwInagyiiluwassinnudangu Ineaiunsausurun
IARULNY X Y5BUAY Y ANUAUABINTS

2. n1suyu (Rotation): Mavyuazyilvanunsauiulineasd WhFeasvsuluamuesei
wingauiuyuveInIEnidanTule

3. nsuUa (Translation): MsfimunaAudnatsvedlunmsiaudfyegun uiteya
AndsasiliiunungaguinaaSusuldlndidssudriony nisazusulinsetusumives
nszAndanIuaasavnlalaenistinsudasunisvadlunala

M3USUIUIRvRgUT1esEn sl Affine Transformation sggniidanldileysuruevedlana

ialvisldnuaizaenndesiuingiieinsnsiadu dddunilde nszgnidansiu
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UNA 3

3198199ANANITALHLUIIY

3.1 nMsUssanauiuvianszgniBansuisududledeyanisadnanyadoya
suvasudulunsmiumisesnsegnidsnsuannsahldlnenisindusounsegnids
nynilunmionesd ieUszliumumiisnsn q vesnszgrluusdazam nouflzsiusiaudoyadums
ﬂisgmL%qmmmﬂ‘qmﬁagaﬁwm iiothunarady probability map Fauananmnaziduves
si’%mﬂamz@m%qmmﬁuﬁu wasaniy Weldmumiansn %] 91N probability map i svuvay
ansailuldlunsusuiumidiuusfduluduneudaly fefiuandusud 3 wae sU g
‘ - '

Uszanm

U
NIz
%
Mgy

Uszunu
AN
nsENT
i
AINNYN

PR A7

U 4 msUszanasumisvesnszgnidanssheteyanisadi (mewan)
FBnnsiismiiauslinisuszinamumagagudna AT IUINALIITBILNUVAN LAY INY
sewaslulamndeyanisafinuusnlugi@ shlsanunsaussanagusisaiadensiain q 16 u
iiellanasiiany fit Wdunssgnidensiule 9 1511iaueisnisld Affine transformation Lite

USugusleeldnannisusulamareas ASM isuwinsialy
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3.2 N3UszanUALMLaNTEANIBINIIUAQY Active Shape Model

=

fupoududurensruaunisifenistudinmenvisdvesiinedsiiuandugud 5 Fadunmid
Yoyafidosnisdmiunisiinszimunsesnsegminu ndussuuaglidoyanisada i
Tassaiaunsgunsedoyaadsnnguiessiitieades ileUszanausumisSuduvosnsegnids
newluniw dumeudvaglinismunlududeluiarmsniuaiivssansamaindy Tngi
wiEuuaiinailndiAsstusumissdanniiga

deldmumisSuduiimnaziuly svuuazlddanadfiu ASM andrelunseurumsuSusiums
THusiugntu ASM Hudaneiufiannsonnadusuiuasveunasinglunmldodiusiug oy
wengmUTugasiumislinssiuveuvavesnsygnLiensuasdunwenaisd dewagliszuvanunsa
sryiuwviavansenansulaegagnsiaauiugn

anvie lensgurunisUiuduniaaiadu seuuagldmumisiudugieinszgnidansiu 3
fumbsiannsnihluldlunsiesginieidadusely funeudduanandeldmumisiigesnsuda

iszuunsendwiunszuiumslutudaluaunglddeanis

1. dudhnmenaiss: fuseuusniduanmstdnamenussuesdine elsruvanunn
Uszananadeyanini

2. UszanashundanssgnidsnsuiEuduandeyaadn: szuvarlddeyavneada wu doya
Tasaainssemennnsgiu TumsmaaziusiumisGudureanssgniden s

3. 14 ASM USusunislinseiunseanidansiu: danesiu Active Shape Model (ASM) 2ggn
thunldiiteusugasiumisiisiug: nsefuveuiwmvesnsegnidansiulunm

a. leumisnszgniBeansudiuiuegn: ndsansumsusulag ASM seuuagldmumisiuueu

Yo4nTEANINT 1L Feanunsaihlldanudelusunsinseivseiiady

5. &@uan: NszUIuNsAUanailalamumansERnganTIukiue
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b = e

W wenETsBInIg BUU-LSPINE
dszanusumiansyg nideansu Dataset
\l/ Al

AnmAnFuduanatin lugadaya

o P =
UG L R - (AmeudnaaT89nd, 1a189943,

W o
NNeyaiaaiia nsideEn)

|
' 7
| 2 =
L Vﬂ%ﬂ‘lmmmw
FuFuAINAD A
dfrauazumisiaeslimasianisld ASM uaz
Transform saa Affine transformation

Urzifiusumibsneudagauuun Norma
vectors seslumarimsariuflmizelal?

Talunaadnasaiuaauden

Al

14 Polynomial lunns fine-
tuning ssvassinglivln

WaAnanaas s

Al

NRANSTBLITATEINTZANEINTIY

JUN 5 N3EUIUNITATITUATEANTINTIU e ASM

3.3 MsUSulumamaduvienszandundeiag Affine Transformations

ndsnildsumiadesiunndoyanmeadn aniuinfiiumisassuavedduaadilings
fusunisassasnszgnidainslunmensisd faiuandluzuil 6 uazsud 7 fadu Fesdudedd
ASM uae Affine Transformation titeusulualwaenadasiunmiy 9

Translation Adjust (Judumauiiddnlunisususumisieslualinssiugunniidosnis
ArgihenmInsaaeutinaveuesinglassouimssmuiiveudanuuaslinnaazidousum
T¥nsstureutu Insamzluuiunsesnsngandususimielasadine wu nszgmdensilunin
wonaisd MIUSusumisien15uUa (translation) Baelsiulalddlueaiiadsduaunsodsoglu

Aunangnesauunnliogusiug
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JUN 6 nsususuvtsvedling

Scaling Adjust Junszurumsiiddglunsusvannvestumalidrfugusisideanis
Amsiesrenisusziivainveuvesingdn wanin wiadnninvwiavedumalagdunouazuiu
yuavesliumalyivingauiureuveting laglanzluusunteininsiadunagitaTenlasw@inmig
msunng W nszgadsnsulunimenatsd msuiuruetielilumaaunsauansguindigneos

waglNEELAUTLINS AL

B

JUN 8 wadnsvesnsusulumaliiiniunseanidansiuuugy
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3.4 FnsUszfiuna / deasizvideya
sieifigamnglunisusaduanuuiugmesnaasadusunaingzgnidansiuain

amonaise Taelddanasiuivauntuans wasisudiounadwidldtunaiaaslugadeya

wmsgu WeussliunumiieuvesnwluinifieSuiemuvisnszgniBsnsuegisuiugr sidees

T¥sviiuiansa Jaccard Index)® @afuianaunisn (1):

ANB
AUB

Jaccard index j(A,B) =

Tneft A war B unusumisnszgaidansiuiildainnisasisduiazansaiaasauandiv
diudaniinazdrsliaansniaeuutugwesiuninszgniinaduldifisuiunaieas fegnad
Use@ndnw

TumsUsuifiulssans ammessanesiimdundy azldreuiindusming (Confusion Matrix)
FerelianunsaiiasesiAnding ) 1w Amwiugh (Accuracy), mnugnaes (Precision), Ausauln

(Sensitivity) tagAuTwWg (Specificity) vesdanasyinlglunisnsiadu

A9 1 ABUTRTULNS NG

Positive Negative

Predicted Positive TP: True Positives FP: False Negatives

Predicted Negative FN: False Negatives TN: True Negatives
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| ~ TP + TN
CUraY = TP ¥ TN + FP + FN

Precision = —— )
recision = TTF
TP
Sensitivity TP+ FN
TN
Specificity TN T FP

Accuracy Aodnaruvaamsviunefigniesismuailodeutusuiusiedidlugadeyaianua
wandluaunisfi (1), Precision wanaflanNuLugIvIN IIENaUINIIEANUg N laLaR
Tuaunsfl (2), Sensitivity w38 Recall Usuaninlumaaunsaviunesegsiiduuinaidldasudau
uelvuuandluaunsfl (3) uaz Specificity Aoamanunsavestumalumsiuienaauldgndes Tng
WdfT St Usidunnuansavedlunalufifsng 9 nudnNuwUzYIUynINITIUNUIZLAY
wansluaunsi (@) 9nnsldsnsinfinanunavanunsaussiunadnsvesdanesfiu ivmuniay

fuBmsiiviuasielutiagiiu (State of the art) 16

3.5 n1seanuuUsTUUatuayumMiaduladmuwwng
ssuunsinaulavesumeieanuuuiitunounisvaudiiuandusuil o lnewdsoandu 5 dumey
1. Sudunsiauanudiuledli user upload suameneisduiin L-Spine fifiduusznay
YDINTEANIINT DY
2. svuvazdsmmdnludeseuu backend fiad1edenisld python mwﬁ%umazgmﬂauﬁu
AUNIYBINTEYNIBINTIUMEIARIST
3. MRINIAlIAANTRAITEUUITU SUUTIUU kAL AU IlAaI93AIE ASM Lay Affine
transformations TlinfureureInszgniBsnsuvesguilld upload 1
4. F9U15EUURY fine-tune YOUTBIARALLINUYOUTDINTEANTINTINAIWNTUTLLNUAN Y
Polynomial

5. g@avhnesEuuIrds Auie uag sUnmaansilalugaduledidunisnsinduwuudnlud@



Website
Upload awianaised

N

Python

Uszanousnumisnazgniansusoniinass

N

Python
Ufulmatssmas ASM uaz Affine

Transformations

N

Python

Fine-tune aauassnszgnidisnaiusas
Polynomial

N

Website
asgUnwanagsiinisunfasumiauaz fiia
wsnsvgnidans il User

JUN 9 nszuIumsviauvesssuvatuayunmsanauladmsuunng
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uni 4
Nan1saliulAsINIG

¥

4.1 ¥avayua BUU-LSPINE

q Y

' ¥ '
4 a v aad 1

yatouaildlulasin1s3Idedfitedn “BUU-LSPINE”® \un1n X-ray ¥9la CT Scan uSiied

9 Y

nNsEaNdUNadINa1 (Lumbar Spine) FeUsznaumeyuien vt (AP) uagsudne (LA) Aaillans

Iug‘ﬂ‘ﬁ' 10 %ﬂgﬂﬁﬂuﬁ‘?j‘a “BUU-LSPINE: A Thai Open Lumbar Spine Dataset for Spondylolisthesis
Detection” uansfamasuidonounthivens gadeyaivsznaudenmane¥dvoansegndunds
danguaediuiu 5,308 318 laldsunssyydeyadirglaownmdidudszianndn 3 Uszan
loun fifavesnszgndunds msiinlsanszgndundaindou (Spondylolisthesis) Laznsegndundaiid
fosiofunszgniBsnau (LSTV) musgazBenlumsned 1 uazasnsil 2 dwsuteyaifiufuuasnis
dhsyadoyall anunsofnwldnenasiiaumeuns’

ngatoya BUU-LSPINE Aiflanwénumii 5,308 am nmsdnunillddanmiifiesdusenoutas
nsEaMTenIIUATUIN 2,500 nmuazdniunsuUsateyadmiumsuiasinaisiiesnaidu

80:20 1 Jumsuiledninuay 2,000 AW wasnaRwgnI1uIY 500 AN

(¥) LA View

7l 10 yndioyya BUU-LSPINE: (n) AP View, (¥) LA View

U



m3aft 1 Sudeyaluyatesya BUU-LSPINE

o SruauMn WNANEJS | LWAYY

All Patients 5308 3316 1992
Spondylolisthesis Patients 889 616 273
Anterolisthesis 657 503 154
Retrolisthesis 300 142 158
Left Laterolisthesis 86 65 21
Right Laterolisthesis 95 64 31
LSTV Patients 172 123 49
Sacralization 152 113 39
Lumbarization 20 10 10

15197 2 AnUdNYRIZYeY BUU-LSPINE

vlam A195UY
Usennlng sUNN: JPG, walaae: CSV

Ground truths

Lumbar coordinates, Spondylolisthesis, LSTV

ANEIVDINTIN (pixels)

AP: 1,434 - 3,408, LA: 1,752 - 3,408

ANATINVDININ (pixels)

AP: 860 - 3,408, LA: 868 - 3,408

Pixel Spacing (mm)

0.125-0.175

WAYATeLA (gigabytes)

15.7

4.2 NAANSVYBINITUTTUIUAUVUIVDINTZANLTINTIY

19

HARNEIINNTUTEIAUIINTENTNT Y Ae Taades (enauduadluguin 11, U7 12,

WazgUN 13) HadngannsUsuiuswazaunress ililuwalinnugangudsususialiidiiu

nsrANgansuveIfieudasay Smadnsilaty fannsadunnglunismduniweinsegn

dunasdua nivesAUsznaudu 9 laonee
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4.3 NAANSN13NTRTUING

nsnsaduiuntsesnszgnidensuisansdnu nslddadudanisalunsuseidu
UszanSamwsauuuinaasdsiiuandugudl 14 uanawadnsfideudraiugr Taonsegnidansiums
Frudefinogd 0.8594 wagneiuetegil 0.8597 FeAmanivsvenieanundieadeiusening
Fuvisfinanisaifusumiangs TnsfirndvduianisafilndiAstu 1 wansdsnuusiudfigedu o
dviludaniaiiliogiivszana 0.86 uandiiviuresinsfiamsofauniuduld fiuandunsd
3 dhudrmuusiugwesmansiuisussrisiiuiiag finseduld futnglasweansegnidensiu
169ndlAn Precision veenszgniBsnsusudns egil 92.50% wazvesnsrgnidansIunedueg
92.68% durn Recall flléiagit 92.69% vesisiutrouazen Fefiuandlunisedi 3

ANUMgluNITEYT0UTRINTERNTINTIUAAIINAINAUIATEVRIVBUIAE TIUTNAIY
Adnemdsvasdseninsiiundaasing lin1snmadureuiumvenssgnidansulaslililuiea
prduiiuveuavesingate Sududesordunsuszinadiumisesweuluuinailidao lu
et Tiiasmsdssnasiumisinesiuld delluasamsafind fureuesnsegnids
nsnldegrumngay FFddelansadsrnaiumisomnssgnidsnmuldisluuinuibvey

Founarusnunveulidaiau dauanddusun 14

31971 3 dududansauazaeuiduamdndflalunisnmadunsegnilansiu (wan133inain Testing

sets 91UIU 500 AN)

v a:l'

mqwmaﬁu Jaccard’s index Precision Recall

N3EQNIBINTIUNNAUEY 0.8594 0.9259 0.9269

ﬂix@m%mmmdé’mmw 0.8597 0.9268 0.9269
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HAGNSNAINN1IATINTUNTEYNATNT I 819 lATUNANTEIUNI N INTUNILUUTUA N

Mlildausansadulsegrafulseansnin e luil

®  LALMIINMTAEAMSIEIIAALIUTNAATOUTDINTLANBNTIU TFedaNasion 150 TIaTU

vosluna Fafinansluzild is

a

¢ gavszvesthevngthlilimemisuineunmilie1avsiiddvesiouganseaaiiuans
317 16

® Artifacts vugUnwiisiiitelvideyatudailduioneisd UATIANANBEYUTINNTEANLTINT NN

Iidawasian1snsiaduvedluing sgeniuandluglii iz

[0
¥

JUN 15 fyarausunmiuiifinnnmaiasdiduaenvinsaienimenaisd

JUN 16 dyarausumuininainganssluald uadansegnidensiu



23

JUN 17 dysyrusuniuiliinann Artifacts vugunm (gUlsiussiin snwiuugy veuvessy)

4.4 wagwsszuvatuayumsanduladimiuunng
HaansnsTaviszuvatuayunisdnduladmiuwnmdlunsussanardiunyansegnids

nauuandlilugud 18 Fwthivresssuuusenoulyie 4 dumdn 9 muguil 19 wazgud 20 Taed
, oA, A T L o ¢ v , oA A oA O v A w
gl 1 Ao dumldsyuuing upload aMmeneisdidnan @i 2 Ae druiuanaguasuigldau

Y

'
=

) P 2 ' P v ¢ o ' a Ay v ) N
upload A9UN 3 AD ﬂ’«]u‘ﬂLLﬁﬂQNaaWﬁsﬂaﬂﬂqiﬂiguqmﬂqmqLLVIUQﬂiS@]ﬂL%QﬂiWUWiW LAYAIUN 4 A

druinansiinnvaenseandansuilaannsdewasyvesdiiey

« > C ©O & 10.80.35.5/diagnosis_pelvic/

Upload Input Image:

[Browse...| 0001-F-037Y0.jpg

Input Image: Prediction: ~ BBox

U7 18 ni1m1ves Website oanuuudmiussuvatuayunisindulavesunmglunisussunnu

Y

AUMLNYRINTEANBINTTUTIADIA Y
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o8 10.80.35.5/diagnosls_pelvic/

Upload Input Image:
[Browse...| Nofie selected,

| Input Image: Prediction: = B88ox .-

U7 19 esdusznavreiuledaivayunsdndulaveawnnd (1)

O & 10.80.35.5/diagnasls_pelvic/ b
L e ———————

Upload Input Image:
No file selected.

Input Image: Prediction: ~ BBox

Bounding Box Details:

BBox Position Detection
Lumbae [[row_min, col_min],[row_max, col_max]] | Score
Left Pelvic
Right Pelvic

U7 20 edusznavreiuledaivayunsindulaveawnnd (2)

HadNsveIsTUUATUALUNMSAnAUlave s SluN1TUTEINAUUIMIIUBIN T NLTINTTUUARS
1ilugun 21 fe3ui 24 aziiudwadnsiild fe Msnsiaduingiilusiuvimenssgnidansuma

AUTELAZ YYD UL



QO & 10.80.35.5/diagnosis_pelvic/

Upload Input Image:
[Browse...| 0001-F-037Y0.jpg

Input Image: Prediction: ~ BBox

JUN 21 fMog 1 eHaaNENITUTEIAUMWMILINTEANTINT U A M (1)

O 8 10.80.35.5/diagnosis_pelvic/ w
V- EEEESS———— ===

Upload Input Image:

[Browse... | 0003-F-013Y0.jpg

Input Image: Prediction: ~ BBox

JUN 22 fMog 1 HaaNENITUTEIAUMUMLINTEANTINTIUNIED IR (2)

25



O R 10.80.35.5/diagnosis_pelvic/
e = -  — ____ _____E=———

Upload Input Image:

| Browse... | 0006-F-031Y0,jpg

Input Image: Prediction: ~ BBox

JUN 23 Feg NHAaNENTUTNUALIUINTEANITINTIUNIEHDIY (3)

O & 10.80.35.5/diagnosis_pelvic/ w
S — N B L. L2

Upload Input Image:
0008-M-022Y0,jpg

Input Image: Prediction: ~ BBox

JUN 24 Fog 1 9NaansNITUTEIAMWILINTEANTINTIUNIED A (4)
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unn 5

#5UNaNISAIULIURY

5.1 dosguuazanuinena

KamIns iz nians i udeuazduanlagliisms ASM uandliifiuing
Asviiudandngandt 0.85 davsuendsmnuusiugwesiimsiiauslunsyszinasmumisuesnszgn
Bensuldogneiiuszansaw lnensltlumaguassidnmsusvsuauazsiumisliaenndoaiunm
daddyAenismuundundsazvuiaveslunaisudulnsdedaifonyadeyaneuiiazyiu
yuakagiandidiunm

FBnsiteglildmumisarauinveinssgnidnsusgiudug Jadunnguddyluns

AUEUMAYRINgRY 9 1 nszgndunasduavsensegniunulutunaudnly

5.2 dadnfiauazauluauinn
Wnshvsznuiunieinszgnianiumelinaniausadin lnggainveuvesdensyan

ilonanudgynideeduniniifivevvestensegnilidniau wu lnudmygiusuniuiie neu

a6

93913¢ LW1VBINTAENNSIAVTE Artifacts Toyaveie

1
[ =] v

NuUlUBUIANBNA N IR UANTINTIANSAUF LU B9 LA T AauYinN1SUSEUNIUAN

(7]

AUNUIVDINTEANTINT Y

5.3 UNANRIINST LA SUNARUR
1. unA11uTTuLs 09 “An invariant geometric feature for inter-subject lumbar curve
alignment to detect spondylolisthesis” fﬁé’qaq’luﬂfumaumsw“msmﬂmmj:mqQmqéﬁ
wdaandiladslugansans IEEE Access Wlotudl 27 sanau 2567 fauanslugud 25 Tnefud
daunarmusnglusui 26 anuztagduresunanude “eglunszuiunisinisanlag

a

Avsanandl” Felasuuduandiuaudafieuainiiuussandnisvesnsans duanslugun 27
(Updated: 16 §u21AN 2567) UNAINNI8LIT0Y “An invariant geometric feature for inter-
subject lumbar curve alignment to detect spondylolisthesis” Iasuneeusu (Accepted)

Wi Tui 16 Ay 2567 udegniuandlizun 28
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Abstract— Spondylolisthesis is a spinal disorder characterized
by the anterior displacement of one vertebra over the one
beneath it, predominantly affecting the lumbar region. Accurate
and timely diagnosis is crucial for effective treatment and
patient care. This study proposes an automated method for
identifying spondylolisthesis by employing a deep learning
approach using SSD for lumbar vertebrae detection. After
detecting the vertebrae, the centroids of each vertebra are
calculated from their respective bounding boxes, and a linear
model is fitted through these centroids to assess vertebral
alignment. The centroid distance error, defined as the deviation
of each centroid from the fitted line, is utilized to evaluate
misalignment indicative of spondylolisthesis. The proposed
method was evaluated on a dataset of lumbar spine images, in
diagnosing spondylolisthesis based on centroid distance errors.
This automated framework demonstrates significant
advantages over traditional diagnostic methods, including
increased efficiency, consistency, and scalability. The findings
highlight the potential of integrating advanced image processing
techniques and machine learning models into clinical practice,
paving the way for improved diagnostic accuracy and patient
outcomes in spinal disorders. Future work will focus on
expanding the dataset and exploring the integration of clinical
parameters to enhance the model's predictive capabilities. +

Keywords— Lumbar Spine, Centroid Distance Error,
Spondylolisthesis

1. INTRODUCTION

Spondylolisthesis is a spinal disorder characterized by the
anterior displacement of one vertebra relative to the one below
it, commonly affecting the lumbar region [1]. This condition
can result in severe complications, including nerve
impingement, chronic pain, and restricted mobility, all of
which can significantly affect a patient's quality of life. Early
diagnosis is essential to prevent further progression and
mitigate the symptoms. Typically, the diagnosis is conducted
through visual analysis of radiological images, including X-
rays, CT scans, or MRI scans, followed by manual

979-8-3503-6630-3/24/$31.00 ©2024 IEEE

measurements of vertebral displacement [2]. While effective,
this traditional method suffers from several drawbacks, such
as inter-observer variability, the time required for manual
inspection, and the potential for human error, leading to
inconsistent or inaccurate diagnoses.

In recent years, advances in artificial intelligence (AI) and
computer vision have provided opportunities to automate and
enhance diagnostic processes, reducing the burden on
clinicians and improving diagnostic accuracy. In this paper,
we propose an automated approach for detecting and
quantifying spondylolisthesis using deep learning techniques,
specifically focusing on lumbar spine images. The proposed
method integrates the Single Shot Multibox Detector (SSD), a
cutting-edge object detection model, to accurately detect and
localize individual vertebrae in spinal imaging datasets [3].
The efficiency and accuracy of SSD make it well-suited for
real-time applications, as it can effectively handle variations
in image quality, orientation, and patient anatomy.

Once SSD detects the vertebrae, the centroids of each
vertebra are computed from the bounding boxes. These
centroids are crucial for assessing the alignment of the
vertebral column. To evaluate the spinal alignment, a best-fit
linear regression line is calculated, passing through the
centroids of all detected vertebrac. This line serves as the
reference for an ideal, healthy spine where no significant
misalignment  is  present. The characteristic  of
spondylolisthesis, is quantified by calculating the centroid
distance error. This metric measures the perpendicular
distance from each vertebral centroid to the fitted line. An
elevated centroid distance error indicates a deviation from
normal spinal alignment, with larger errors signifying greater
vertebral displacement and, consequently, a higher likelihood
of spondylolisthesis.

Our proposed approach offers several advantages over
traditional diagnostic approaches. First, by automating the
vertebral detection and measurement process, it eliminates the
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subjectivity and variability introduced by manual methods.
Second, the use of deep learning allows for rapid and scalable
analysis, which is particularly valuable in clinical settings
where large volumes of imaging data need to be processed
quickly and accurately. Lastly, the centroid distance error
provides a quantifiable measure of vertebral displacement,
allowing clinicians to objectively assess the severity of
spondylolisthesis and monitor its progression over time.

In summary, the proposed method aims to provide a
reliable, efficient, and automated solution  for
spondylolisthesis detection. By leveraging state-of-the-art
deep learning models like SSD, combined with robust
centroid analysis, this approach holds the potential to
significantly improve the diagnostic workflow in spinal
healthcare, reducing both the time required for analysis and
the risk of diagnostic errors.

Ragression Line

Distance rror

(A) (D)

Fig.1 Conceptual of Proposed Framework

The objective of this research is to improve accuracy and
reduce computational time in spondylolisthesis identification.
Our proposed method provides an efficient and automate,
Spondylolisthesis detection that can help in preliminary
medical analysis.

1I. BACKGROUND

Spondylolisthesis is a condition where one vertebra slips
forward over the adjacent vertebra, leading to various degrees
of spinal instability. This condition primarily affects the
lumbar spine and can result in significant pain, neurological
deficits, and diminished quality of life [1]. The early detection
and accurate assessment of spondylolisthesis are crucial for
effective management and treatment strategies, which may
range from conservative approaches to surgical interventions
[21.

A. Pathophysiology of Spondviolisthesis

Spondylolisthesis can result from multiple factors,
including degenerative changes, traumatic injuries, congenital
anomalies, or pathological conditions [4]. It is classified into
several grades based on the degree of slip, with Grade I
indicating a minimal shift and Grade IV representing near-
total slippage. The pathophysiological implications of
spondylolisthesis can lead to nerve root compression, spinal
stenosis, and altered biomechanics of the spine, necessitating
timely intervention as shown in Fig. 2.

Spondylolisthesis

Anterolisthesis Retroliéthesi

Xy

Fig.2 Pathophysiology of Spendylolisthesis

In Fig. 2, in X-ray imaging, spondylolisthesis can be
visualized as a misalignment in the vertebrae. Radiological
examination is typically the first-line diagnostic tool used to
confirm the presence of this condition, with lateral (side view)
and anteroposterior (front-to-back view) X-rays being the
most common views taken.

B. Traditional Diagnostic Approaches

Normally, the diagnosis of spondylolisthesis relies on
radiological assessments. X-rays are often the first imaging
modality employed to visualize vertebral alignment [1].
However, the interpretation of these images is subjective and
can vary significantly between practitioners. Advanced
imaging techniques, such as MRI and CT scans, provide better
anatomical detail and allow for the assessment of soft tissue
structures; however, these methods are more expensive and
less accessible [5].

1. PROPOSED METHOD

This section outlines the proposed methodology for the
automated identification of spondylolisthesis in the lumbar
spine. Fig. 3 demonstrates the approach leverages state-of-the-
art deep learning techniques, specifically the SSD
architecture, for the detection of Ilumbar vertebrae.
Subsequently, we calculate the centroids of these vertebrae
and assess their alignment using centroid distance error as a
diagnostic metric. The methodology is structured into the
following key components: dataset preparation, lumbar
vertebrae detection using SSD, centroid calculation, linear
fitting of centroids, and distance error calculation.
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Fig.3 Propesed Method
A. Dataset

For this study, we utilize a dataset comprising labeled
medical images of the lumbar spine, which include X-rays
images. Klinwichit et. al. [6] introduced an Open Dataset
contains Lumbar X-Ray images with Spondylolisthesis cases
entitled “BUU-LSPINE”. The dataset consists of plain film
images from 3,600 patients, annotated with vertebral
positions, spondylolisthesis diagnoses, and ground truth labels
for lumbosacral transitional vertebrae (LSTV). The dataset is
then split into to 80 percent training set (2,880 images) and 20
percent testing set (720 images) to avoid overfit problem.

B. Lumbar Vertebrae Detection Using SSD

Using the Single Shot MultiBox Detector (SSD300) from
PyTorch for lumbar vertebrae detection in X-ray images
involves training the model to locate and classify the lumbar
vertebrae (L1 to L5) by predicting bounding boxes around
each vertebra. The SSD300 model processes the entire X-ray
image in a single pass, leveraging convolutional feature maps
to detect vertebrae at various scales, ensuring accuracy across
different vertebra sizes. By minimizing localization and
confidence losses during training, SSD300 efficiently learns
to differentiate between lumbar vertebrae and background
structures. Once trained, SSD300 can rapidly detect and
classify vertebrae in new images. Once the dataset is prepared,
the SSD model is trained to detect vertebrae. SSD employs a
unified neural network architecture that directly predicts
bounding boxes and class probabilities from full images in a
single pass. The architecture comprises multiple
convolutional layers followed by regression layers, which
produce both the bounding box coordinates and the associated
confidence scores. During training, the model is optimized
using an annotated dataset, with the loss function typically
combining object detection and localization components to
minimize errors in vertebra localization and classification. A
validation set is incorporated to evaluate performance and
mitigate overfitting. Following training, the model is deployed

for inference on previously unseen medical images, where it
outputs bounding boxes around detected vertebrae along with
confidence scores. A confidence threshold is applied to
exclude detections with low confidence, ensuring robust
identification of vertebral structures. The parameter set is

shown in Table L.

Table I. Parameter Setup

Parameter Value/Range
Model Architecture | SSD
Batch Size 16
Leaming Rate 0.001
Optimizer Adam
Epochs 100
Confidence
Threshold 0.7
IoU Threshold 0.45

Validation Dataset

10-fold cross validation

Loss Function

Cross-Entropy + loU Loss

Non-Max

Suppression Enabled (NMS threshold: 0.45)
NVIDIA GPUs with CUDA

GPU Usage support RTX 3080

Evaluation Metrics

Precision, Recall, F1-score

The result from the localization is presented in the bounding
box for each vertebrae. In Fig. 4, the vertebrae of lumba spine
are located.

Fig.4 Bounding box of each Lumbar Vertebrae

C. Centroid Calculation

After the lumbar vertcbrac have been detected, we
calculate the centroid for each vertebra. Bounding Box
Analysis: For each detected bounding box, the centroid is
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computed using the coordinates of the bounding box corners.
The centroid (x.,y.) of a bounding box defined by
(Xmins Ymins Xmax» Ymax) can be calculated using the Eq. (1).

Xmin T Xmax Ymin + Ymax
= >y, = 2 M

X

Centroid Collection: Store the centroids of all detected
vertebrae for further analysis. This data will serve as the basis
for assessing vertebral alignment.

D. Linear Fitting of Centroids

To evaluate the alignment of the lumbar vertebrae, a linear
regression line is fitted through the calculated centroid. The
centroids are subjected to linear regression analysis to
determine the best-fit line that represents the ideal alignment
of vertebrae in a healthy spine. The linear equation can be
expressed in the form of Eq. (2).

Y =Byt BuXy +BoXo + ot e @

Where m is the slope and b is the y-intercept. In Fig. 5, the
fitted line is visualized alongside the centroids on a graph,
providing a clear representation of vertebral alignment.

Regression Line

Fig.5 Regression Line from Vertebra centroid

E. Distance Error Calculation

The final step involves quantifying the alignment of each
vertebra relative to the fitted line by calculating the centroid
distance error. For each centroid, the perpendicular distance
d; rom the centroid (x., ¥.) o the linear line can be calculated
using the Eq. (3) derived from the point-to-line distance.

0 [Ax., + By, +C|

e @

where A, B, and C are coefficients derived from the linear
equation of the fitted line. Algorithm I show the process in
determination of spondylolisthesis detection

Algorithm I Spondylolisthesis detection

Algorithm: Spondylolisthesis Detection

: Centroid C, of vertebrae from Localization Process
1: INITIALIZE list of centroid G

2: POR EACH vertebra centroid in the image

3: ALIGN adjacency centroid €
4: END FOR

5: COMPUTE regression line L =@y +B,Ci+B,Cr+ =+ Bula
6: IF ~(L L Xgys):

7 Mark vertebra as Spondylolisthesis

8: ELSE:

9:
0
1
2

FOR EACH centroid (i
COMPUTE error K between €; and L
END FOR
COMPUTE Thresh,,y using Standard Deviation o® of E,
IF E > Threshye,:
Mark vertebra as Spondylolisthesis
ELSE
Mark vertebra as Normal
END IF
: END IF

Output: Detection results for each vertebra

The calculated distances provide a quantitative measure of
vertebral misalignment. Larger distances indicate a greater
degree of displacement, which may suggest the presence of
spondylolisthesis as illustrated in Fig. 6.

= Distance Error

Fig. 6 Distance Error and Angle Error

In Fig. 7, the error from the regression line is demonstrated. If
the error is between the red line, the vertebrae is determined
as Normal. On the other hand, the data with an error above and
below the red line is decided as Abnormal or
Spondylolisthesis.

Fig.7 Scatter plot ol error value from the regression and centroid of each
vertebrae.
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IV. RESULT AND DISCUSISION

In this section, we present the results of the proposed The
proposed method for identifying spondylolisthesis in the
lumbar spine was evaluated. The proposed approach
demonstrated impressive detection capabilities, achieving a
precision of 0.88, recall of 0.89, F1 score of 0.85. This
performance indicates a high level of accuracy in identifying
Spondylolisthesis, This approach established a threshold for
diagnosing, demonstrating an accuracy. The advantages of the
proposed automated framework in terms of efficiency,
consistency, and scalability.

In addition, the results illustrate the potential of the
automated method to enhance clinical diagnostics. By
providing an objective measure of vertebral alignment, the
centroid distance error facilitates more accurate diagnoses and
timely interventions, addressing the limitations of subjective
manual assessments. Furthermore, the proposed method can
be seamlessly integrated into clinical workflows, allowing for
rapid analysis of large datasets. The following table
summarizes the performance metrics of the proposed method
applying in various dataset.

Table I. Performance Evaluation

Dataset
Metric Klinwichit et. al. [6] Caiet. al. [T] Fraiwan et. al. [8]
Precision 0.88 0.81 0.79
Recall 0.89 0.83 0.77
F1-Score 0.85 0.86 0.78

Table 1T emphasizes the performance of the proposed
approach in detecting Spondylolisthesis, demonstrating that
the proposed method significantly reduces diagnostic errors
and enhances efficiency in identifying spondylolisthesis.
While the results are promising, it is important to note the
limitations of the study, including the dataset size and
generalizability to other spinal disorders. Future research
should focus on refining the model further and exploring its
application across diverse patient populations and imaging
modalities to validate its clinical effectiveness.

V. CONCLUSION AND FUTURE WORK

This study presents an innovative automated method for
identifying spondylolisthesis in the lumbar spine, leveraging
deep leaming techniques with the SSD architecture for precise
lumbar vertebrae detection and centroid distance error for
assessing vertebral alignment. The results demonstrate that
our method significantly enhances diagnostic accuracy and
efficiency compared to traditional manual inspection
techniques, achieving a high Precision and consistent
identification of vertebral centroids. By establishing a robust
framework for measuring centroid distance errors, we can
objectively  quantify = misalignments  indicative  of
spondylolisthesis, facilitating timely and accurate diagnoses
that are essential for effective patient management.

Despite the promising outcomes, this research
acknowledges several limitations, including the dependency
on the dataset's size and diversity, as well as potential
challenges in generalizing the model to other spinal
conditions. Future work will focus on several key areas to
further improve and validate the proposed method. First, we
aim to expand the dataset by incorporating a broader range of
imaging modalities and patient demographics, which will
enhance the model's robustness and applicability in diverse
clinical settings. Additionally, exploring advanced techniques
such as transfer leamning and ensemble methods could
improve the model's performance and accuracy further.

Moreover, future research will investigate the integration
of clinical parameters, such as patient history and physical
examination findings, to enhance the predictive capabilities of
the model. This multi-faceted approach may lead to the
development of a comprehensive diagnostic tool that
combines automated image analysis with clinical insights.
Lastly, we intend to conduct clinical trials to evaluate the
method's effectiveness in real-world settings, which will
provide valuable feedback for refining the algorithm and its
clinical implementation.
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