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Abstract

Muscul oskel et al di sorders affect a significa
people in the UK currently suffering from su
work and .wbcialthevmechani sms under-pi nning s
under amajoar, chall enge in advanrcelngt @ dh ec aimdlietr i
l'ies in the difficulty of accurately measur.i
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es, and treatment strategies. Further more
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indi spensable part of this quantitative a
| abiomrensicoea,s utmi meg, -pndnEemd mat ort,ew g hil mdyihkt i ty

the needifsegmawmt @amaton met hods

The aim of this thesis was tdeegpeVelacgm, ntge dta,s
aut omat ise gmexnfttagm omme di c al i magi ng hddatwsa.i nTchti s
met hods designed to addrmeddi aidh enadustcolinea & i con s

segmentMRiimanges. The outcome provides a compi
existing and novel me tph @canidnea n anluys il € fsre@mem
i mages.

The methods discussed in this thesis offer v

foundation for the gegment aBtyi wma ogptsuudyw eadfh emubs
deep | earni Algp gectadece ssioffg @miepbl snwor k, future
i mprove the understanding and treatment of n
to promote the clinical adoption of computat

enhancing di agannonsiinsg,, taroeda tpnaa n te gpotl
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1.1 Thesi s overview

Mus ¢ Imaggeeg ment ati on in medical i maging plays
moni tmus eyl oskel etal di $d4da&s<es,e g24d & npdad syac Ic ®
atrdBHy THése di seases often | ead to abnor ma
or changes in muscle function, makomg accur a
bi omedi cad se maigals for assessing disease prog
treafménths | e manual segmentation remains t he
del i neati oeinnt e,ntstidveeed wrhipmg n-ea ntdo -oiprétreart o r

vari gei]l,i aywd not psaatiecal ihorcal amapel icatior
i ncreasing inter ebsas edd aduvetegomad teiacr nsienggme( nDiLa)t i o

potential advapgamgaacaduwnroahceyr,msr eopfir oduci bi |l ity

However, one maDlmodehsl iengdewrt hi mited gene
across di ff erueentt op dmaucdteotresomarkpehol ogy di ffere
populoart iloinmi { €4 wdhaatcapseerts t heir wi despread cl i
thesis addresses severalstkeyspsciufeisc alnl ynufsad
dat a aug(nmepheaoacte,soshviagnpdd!l struct moeeimodi ficat
gener aperczhorewmanln wat i epmr,0ocaemsdimgstmet hods t o i m

robustness, accur &d-p a sneudsdc Ice isne gcnad n tuatiil o nt ymoo

A significant Dhbneoldleelnsg ef oirn nterdaiicnailng mage seg:!
sufficientl 8l]aebseplelceidaldlayt ai n specialized cohor-
popul pedjueng o the diffamrmudnd etshe nr elqauiar ed ||l ek

|l abelling Opeacddi @i stihnhs Diiduscuees, a novel dat :
pi peblaisneed on the StatiplOfrhnéefBhphgeebMostiecbkde §SSH|
augmenusgseiommr anatomical knowledge to genera
training samples. This method allows the mod
and variations, particularly i mportant when
modaé&sat ure | édar miemmd iashkiilci taynat omi cal vari at.i

i mprolkesr obD&mondsesls of

Whil e dat a camlnpmeaoavatibe diversity of the tra
architectaféebestl hahil pes é ogmenat a&Teh iosn tahcecsuirsa c
propasmddi-NatedarUchet et e eiadFourse -B(AB FU o

further enhance the segmenftradm oMa qarcetuira cRe od
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| maging ( MRh) sdabdel modi fication integrates
fusion strategies to better capture and pres
introduction of attention gates hel[pls2]t he mo
whil e fedtlBrlg mpusiyers t he isnctaelger aitn foonr noaft inmounl ,t
more precise muscle delineation. This struct
l imitations-Netf moddl sjopalttlUcul arly in cases
|l ess clnedar | v phodgfudati ons wi t-He$ mhaokithadrarore sl es:

amomgscl es.

Modéabsi | ity to generaliiszeidaarlossn dipvadr] e d ah
effectiveness of a segmentation model traine
not translate to other cohorts (e.g., childr
anat omi cal di ffer en[cle@®hii 0 ftohcaussiless mar phall aw@yt i
generalization potenti al of the proposed AFF
ot her basel i neNeno deUNset +s+u-UNaeneds AOhtiesn teivoanl uat i
dat asnectlsu i icomeh gerhtisl dr en, young adgulttos ,a sasneds se ltc
model 6s robustness in handling variability i
results reveal that model s t rogitnemaldrny avhseinng
appl i ed htoor tost,h ehri gchoo i ghting the need for i mpi
mu s ¢ maggeg me namdnidenmn scores the i mportance of e

across multiple populations

For an entire segprendeassiomg pa perl atniegn piosta f
canbegnor ®dspi t e s ohmoef endltlhbdigdnsa Irlyi$ keangd

Conditional Rand®yw & ibkedeadn (WCRdFd) i n applicatio
speci fpirmcmpeessti ng met hadad hies fdtnialll orbg te card pvoes #.f
processing method based on mean shape and SS
accuracy of muscle segmentation results. Thi

duri ng-ptrlorecessdtng phase to refinecé hfealseg ment

positives. The incorporation of mean shapes,
gui des tohermaddiecle tmor e anatomically accurate
initial segmentation might be noisy or incon
processing technique iIs compared to traditio
(CRF)2Danpdorsotcessi ng met hods, which focus on r
small segmeind eamhao romnt reatreosy ssuperior performanc
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muscl e boundaries, especially in challenging

boundaries, thus i mproving the overall segme

This thesis presents a comprehensive approac
oDLmodel s faout omastginent ati on i n medical i magi |
the i mportance of incorporating anatomical Kk
pi pé&lfirmen data augmentati-pmott@d o dagriprdoevsei g ec

clinical r eliecvadbncdle tayndofaprmpuscl e segmentati on
of fer a step forward in creabliengmomibeles rfodiru sm
segmentation, with potential applications 1in
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2.1 The€imbwemumscul oskel et al Sy

2.1.1 Anatomy of skeletal muscl e

The skel et al muscles of the human body can b
muscles, trunk muShd esnlanmuscimbs muscll ede t he
di aphragm, abdominal and back muscles, and t
and | ower | imb muscles. There are more than

muscl e accounts fbe boOgr gwei gpghopowhber 0Dt &l
t he btoodtya.lm&sax h skel et al muscl eckbtenbeabkbhgnbohga
sensory nerve endings. Under nor mal circumst
attached to t.wAfdiefrf déoree mtg Bdnemul ated by ner\
The two attached bones wil/l be displaced aro

t he humaaa broshyiflgi tot i on

Skel et al muscl e i g Fargguarell Z2a@dlyhideimadr enluiscalel y i

mul tinucleated and el ongated cells, are surrtr
endomy$hemfi bres are collected into | arger b
fascicles are in turn grouped into muscles a
of smal ligmowmr @aadsmyofi brils, which tontain t

Groups of muscle fibess fwoimhbanel enctalsleedob
peri mysi um. Mul tiple fascicles are further g
i's wrapped in a dense connective tissue | aye
supports both t hed niehceh a nnincearlv aftuinocnt/ivoans caunl ar i ;
making it essential for forceSkealamtsarli smu ol a
activated by nerve impulses transmitted fromn

speci aldaleldedinewr omuscul ar junctions.

Ther i maurnysdof os kel eatrelGemesalte energy to adj usH
temper2gt Lromvert fatty acids, glucose, and ar
and ot her ced)l ullmard airlogcreuscsbelrse. 6 hes kel ét al mu
mai ntaining posment bwdcbodgcmbmwg bones and
muscles of the | owB2aplliagb taabh & bsooldowise mobi | i t )

which is also the research object of this pr



Muscle Fascicle

Muscle Fibre
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Blood vessels

Fi gurMus2clle structure



Psoas

Iliacus

Quadratus femoris
Tensor fasciae latae
Pectineus
Adductor brevis
Adductor longus
Rectus femoris
Sartorius

Gracilis

Vastus lateralis
Vastus medialis

Vastus intermedius

Gastrocnemius medialis

Gastrocnemius lateralis
Soleus

Flexor hallucis longus

Figu2m a2 .o modall

Gluteus maximus
Gluteus medius
Piriformis

Gluteus minimus
Gemellus superior
Obturator internus
Obturator externus

Adductor magnus

Biceps femoris caput longum

Biceps femoris caput brevis
Semitendinosus
Semimembranosus

Gastrocnemius lateralis
Popliteus

Extensor digitorum longus
Peroneus longus
Tibialis anterior

Tibialis posterior
Extensor hallucis longus
Peroneus brevis

owshownmbnmasté



The Ilavwdkrel et al craumbonmepsh lavriec girdl e, thigh, c
muscl esl.i moosvelres are sboneswlirchh hame up@leat ed |

ampright poagpporeéeing weight ngval ki ng, runni ng

The pelvic girdle muscles are mainly distrib
gluteus maxi mus, gluteus medi ugpramdhodIlbgtnalus
and rotate the thighs and maintain the gait

The thi gthomumsudre® i ¢ he tlheaer dhaustani body, di stri
f eulmandli vi ded into anterolateral, posterior, e
includes the quadricep<e, TBhe toea cpsif iosagnsd t ens
parts: rectus aflemwastsys viaastesalmegdiand vastus
mai ntain the bending and straightening of th
| e sesponsi ble for the abduction and interna
group consists of theudjiceapd demomembhbr sreos o €
femoris is a fusiform muscle, and the semite
mu s cslterset ching the thitdhle arad fe x tTdren anleldy ad otga |
adduMdanuswhich undertakes the work of adduct

Fi gu3lt2zr ipastaeirdow himuhs cl es
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T h e ncuasl cBl heoswm uR2ar e al so adchitwirdeod ,i ntad er al an
groups. The anteriamr egrioumudamlitphlei mMaogwedry It g’
anterolaté&mhalpesderi or group consists of the
whi ch mae®&s$ ampmri iadhhret functi on of the human bo
| ocated on the soles of the feet andusaerde di v
pri maoi mgve, tnmaei ntoaeisn t he foot arch, and aff

ot her humdams movemen

a

F 1
L

VY

Figud4bmt2zri orp¢s eértiwoirendrmashdl)

2. 1 a2 nMeaamrceat ment

Skel et sacomaspot efor about 40% of human body n
declines gmaddgkltyh.e Afunmean body wil/l |l ose abi
ar, wheaB0Oi%e druecatgiioensvi | | affect nor mal muscl
mes to 40%, [ 1.9 WHdahped fafgeld tvi deeal timt o pr i mar

eing. Natural ageing causes the body's str

<
(]

eing. A further decline in function due to
whol esome | ifesdpaplty Bgecagsi Seuddesebanme s
generation of skeletal muscle structure an
uses of sé¢ck@ktdcaonrydiageitroga survey[ 21I] 280, 0C

ss than 17% of the people who regularly pe

O o < 9 29 O
c 9@ ®© 9 ® S Q@ «@ O

ve neglected muscle strength training for

3 =

scle |l oss in the elderlygtaaer ahe poweg, ¢
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muscle al so undertakes functions such as mai

[ 2.

To

ca

accur ate

t h
h a

2]

mai ntain muscle health, besides regular n

n al so

se CT, MRI , and other medical i mag

u
shape, quality, and related di seiasetmarkests.
a

nd precise imaging technology for

e advant agetsi sosfue hree shalguht isoonf,t repeatabil it

S been increasingly uséddseasRBlsalgatoasle mumsc le

MR I c
changes, revealing muscle adipose, oedema, a

an also accurately assess skeletal mu s c

According to aetiology, muscle diseases are

hereditary. The former mainly includes infl a

especially has muscular dystrophymedalbolail c my

myopathy, etc. The treatment and prognosi s o

an

early and accurate diagnosis i s necessary

muscles (atrophy, hypert rtchphy)o,weaf tld ommrbsse esrh oo

25[ 2.4]The

t e
hi
c a
ad
| e
Wi
Ac
gr
sc
ch

an

rm

gh

ower | i mb MRI dcldnNVes gdiud erdd enaigreq | w@ad
inversion recovery (STIR). The presence

signal in T1 on MRI, as most | esions ha

n be initiall ysidgrnalr mimell.byAtt htehihs gthoi nt

ded

, WwWhere the presence of a hicontsaiigmnnanlg o

sion. Cerebral pal sy (GRB) Il ysaadfeetisoiofiaoa

t h
cur
owt

ans

cerebr al pal sy have small er nu2sjcl e volu
ate muscle size, mass, and other par ame
h survey is conducted in children with
, asus2bowanannbrrimgmg researchers a quanti

il dren with CP. After sliceks'a mpumamtli tsaetgime

aly

si s of ROI
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STIR T

Fi gusMRI2.reveal s( &rTrl Rwd )e sa fo ntsh e
medgabstromnemi dshagesfeamttpl acem

I Medial gastrocnemius Soleus Tibialis anterior

Peroneus tertius Peroneus brevis +

Tibia Fibula

Fi gueMRIKRc aonffs nor mal «c¢child (A) and
corresponding manual segmentati on
of nor mal child differs from that

sizes/ vol umes of muscl ¢
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22Research on medicealsi nmage

Medi cal i maging tedmvalsagy| @& blaecd stomeonononr g
shape, structure, and some physiological fun
This technology is fundamental for clinical

supports accurate patve¢nmnipmeysssembénd! oBgcenbd

tomography (CT), and magnetic resonance i mag
medi cal i mages wnt oar mapraowird itregx taulriersi ci ans w
for more accur atbeutdiinagg ntoos eas raenddu cctoinotnr ii n mi s

di scoveray sofboyX Ger man researcher Wil hel m Roer
start of 2640v el otglye past century, the integr
magnetic resonance has driven substanti al pr

capabilities and the overall field of medica

Il n 1973, magneti c weasohnahcleadwtoerrgh umg g Rai )cb i o
nucl ear spin [ 2Znalglihneg ptrecnhcnipguee of MRI r el i es
frequency signal within human tissues by app

q
pul se. By adjusting the intensity and durat.
h

within the amalgonweitnigc tfhieelrdecei ving system to
signal sz aynliimaegi g, MRI does not involve i or
potentially toxic contifavtasagent e,chmalgiureg IAMN
pri marymembbgiRd gr ay i ma@T ngeaauwlnt m&svdRRu nd s
especially favoured due to its superior soft
particularly wuseful for studies in infant de

di fferentiati on.

Traditionally, medical diagnosis required do

notate regions of interest (ROlIs) on MRI o
equi pment variation, environmentsalngfsadttesr s,
these | magtesr caemmMd@u s i onal ly, the annual i nc

gmentati on. l-ai dedpdhagnosomp(CAD) technol

c

n
q
h

vol yrB8 s mavden ictmoarlel engi ng dxp &riethayn DIl el y on
e
omputer algorithms to enhance the visuali za
0

now commonly applauetdo R®tr dmudll ysiog a&rednihas be

prominent field i n mMadicadl einmad e ea u tngma teise a
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primarily involves extracting rséddicass tohfe i nt
i nitial staeipded dcioamgpnuotseirs, segmentation is ¢
identification of contours or set2s9]of voxels
Aut omatic segmentation primarilySegmesésngn
organs and substructures enable the quantita
such as volume and shape, which are esg.enti a
' i ver automat ianm ad ognmmewmthat rjph@ijhdrlysarst segmen
to assist the conge[n3.1]al heart disease treat

This section provides an overview of medical
incl bdt hgtraditi onladsseedigdnechapapritoanaehaes ngGi ven
l i mitations oasntdudyh,e dmlcyusa offew representatiwv
hi ghlighted, whiwiet étnhter emaoinn -lddeieespd ul sesaitr anm antgi ¢

segmentation techniques.
22. Tradi siegmaiht ati on al gorithm

Traditional mektetriwalse Ip rihenactdd regys t o basi c visua
characteristics that can[Hé8hexmageROB odexeéecta
They mainly employ cl assi cadelnasshye ntaot iucnadl e rtsh
and -efofsegécti ve to i mplement. At the same ti me
amounts of data to trsauint enb dfedrs,s malkli ndya tt hear
computational compl exityvelfy tlraw,i tand arlu nanigno
faster, giving them an adv-anmagerooneapphgcat

—

raditional me t hnoednst csai nmpel fef eicntai gveesl yt os esgo me e :

-

esults are often subopf8é&hd Matucamps eeneeid

—+

hier regul ar shaepmpl| acodt edch t extlumr etsh e rfeslelnawi
subhapstems ,representative tradetp dehsedtn tsuetdy rhd rz
| olwevel features,eyi nalkwyee nyeatt thoedn,p i exded e gdet e cf

met hod, and region segmentalbhiiomélImgw.hod, whic
Pi xel grey value segmentation method

This method extracts ROhtkewsusyngniledtheeepi K
most representative method (Fhtkescsl BlBdealgop!l d
setting difmanaatdiyxheles hwiltdls varyi ng graysca

15



canchbhassnfoedi stintitstadygyaent aggowsnsfior si mpl
making it widely used. However, it also has
often need to be tested to achieve optimal r
MRI siln ctelsji smanydmuscl el becehgarcionsé®amed &od

example, the borders between the semitendino
similar textures, makilndgi nigt tdoi fafciccuurlatt efloyr sseit
muscThes .Ot su method, introduwcedBAgy sJ ap aryasaeni

threshold segmentation algorithm that addres
incliass variance between the baciksgruosuendd iannd
manayp pl i @ & onuebdniscmealge prfoedeésdsi sggch as in the w
[ 3 5]where an enhanced Otsu threshold method
i mages. Despite tthhersees il pokedivigeonde nsttsi,| It hper o d u c
rough results with seacdietairvedogmres @@ixa etrley, atnikd

techniques | i ke Otsubs are now mainly applie
Edge detection segmentation method

As an object's most essential and dedrgect f ea
det ecsegmernt at i ome meddhe ddet ecti on met hod focus
i nt enssii t g rfdierrs teorr dseerc odeedrd vgatd mjnect boundar i es
compl eteCcommoouedge detectors used to extrac
Prewitt, Sobel, and Lapl[aXd]Emchf oGa ushseisen mel
highlight boundaries within an image by dete
edédased segmethadvad\Vvi eorn, ttahsek sdr awback of edge d
suppress noise is |imited. Il f the target's ¢

background pixels, the results wil.l be poor.
Region segmentation met hod

| mage region segmentation aims to | abel and
finding the set of pi x[e3.8]Ac krerye & pacrhdiii mqgu et d sa
gr owi ng[ n&jwhoedr e segment at ( ®atehbgdetg i nrmese tfsr ocne rat a
criteria and expands out ward. |l dsadhaaent re
grayscal,e,orddtheexyt uaree merged into the growing
when no further regions meet the merging con

in some medical segment at i[Bi8 ptpd S led; af D ir regt

16



gr owi ng me tahuotdo nfactri cs essceig ment ati on of the br ai
However, this method requires manually sel ec

accuracy heavily depends on operwtor preci si

Il n addi ti groptudr archieteit chmadle sb ac®mdt slergment ati on t
|l i ke the [Shakar pMb@les o Twh&dealkye uMsoedsecll osed cur v
outline the target region by minimizing an e
the object's biotunadas ol e smi wvHedswgeovsesrt, i vie it ® t he
contour ds position and shhyappeerr a aencmenteldbea 4 yt o
di srupted by monfscer,betaiddimgc poxaty and reliab

segmentation results.

In genreardailt,i otn al i mage segmentati onnamneurhalds ¢
i mage&ke showr;, i mowewgamr,e f2ar c o6 mpime MRinedr c &IT
wi tbmpl istauvuedures and rich teubhsaessfitée@eir r

| Fi guet2aditional met hods can achieve good
si mpl e taamaobbefiteewt s. For exampl e, by cwoxitodgrr egi
t he ani mal has been basicsal] gteatt nacdcidt i dHmoavle
can doinflfyet éred g iastves o ftei, sashumled bac kgr ouinrdd i v ihacdu alp ¢

muscl es rceacnongornti zbeed i n det ai l

Mor eorveagmpl ex scenari os, tr adnatniuarndalmorde tfh od
on specifiamddanaa edcdaladrtresources to manually
generalization and poor adaptability to new

(Dla) gorithms may be more suitable for compl e

Thal gorandnmsemeeseaepatli e@rni ng based aut omat.

wi || be described in next section.
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Thresholding (50)  Thresholding (100)  Thresholding (56)

Thresholding (50) Thresholding (100) OTSU (110)

Sample_Muscle Seed (5) Seed (15) Seed (30)

SIS’

Il gurTwi s2ual i zation of segmentation bas
ataset (DIV2K)-l ambd BRhusilaincé owEor eac
threshold set to be 50/100 and aut omi
t hreereatogpr s wer e-guoevd ngamethegi ¢seed s
espectively.

2.2.2 Automatic medical si mage seg

The dapiedadpmemetdi c al i magi n gmatsesci hvheovl bohgaym ehaasse
of medi cal i mage data generated dai-ly worl dw
assisted i mage analysis [i49nl]Meidnicadl i dmag@gso Dif
featudesy Icokherast, compl ex textbhurncehgp | laenndg eusn C
for traditional segmentati on rhe tmbdced.i glhhese
computational demands and variability in res
performance comput(iMig ,a nnda cnheiurfdd M)vecedrtivnd o gk s

With thhel, rparetiodul arly convol ugpnahd@pral al

net work almoréasimsglay er épl acing traditional

algorithms thédevextfaat uoeby (lkow.-hased odeept

l earning modeled evaern capiannme choehgif lme mait b loa,

i mproving segmAst ahowonr2dionc BMGHQ1Es] t he si ze of

i mages continues to decr eadeg, tthree moamd n tbiea oir
c

advanced and abstract.
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224 x224x3 224x224x64

56|x 56 x 256
/4 28 x 28 x 512

7x7x512

14 x 14 x 512

( 1x1x4096 1x1x1000

/

(=) convolution+ReLU
max pooling
fully nected+RelLU
softmax

Figu8racture of VGG16 whicét wadlRj pmopl
University of Oxford in the paper-Sdcadke
| mage Recognitiono.

CNNsnhance segmentation accuracy by extract.i
convolution kerandlose. ooBuea ationtcsomptuntese net wor |
mul ti psezemakcbnvol uti onal | aysamp | sthgc kwesdck dt ag
progressively reduce thpusgati §hidi meonsiesss e
receptive field (RF) of the convolution kern
from shallow to deep | apnears ,agdobadmpladct @l nd
approach, convol ut i oelneavie In eftewsotrukrse aecxhti reavcet inoun

accurate and comprehensive I mage segmentatio

Supervised |l earning useapfDaonkmedionall iamagaevi
segment ati oheveheapeepfaaseinorns cal tradismi ng ref
known as graoumnditsr atplpr©@T))h de maqual eab g lalrege v
data, which iscofteettbapbehnhgnhgptbovacy conc
dateasenstruenliaoamge Tohaeudarabaseublic medical
emer,geddl ®ICDRI (Lung | mage Databatsab&LoasRedouwn
Il niti[d@4iSMeC) (I nternational [SkEJne o tag[dMen]g Col | e
facilitating extensive rMeeanwhihl atna bsbuspyenr evu rsae
net wor ks 4,7 Ne[t £FL&INDe dpi%gdhb nd|[ 6BANee accel erated
advancements in medpwesahi ngaglkecfé ganepge ravine soand
l earning in this field.
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Mi naeg¢g S5dtiiravleyed and summari zed the | atest |
di scussi Dgbaved d40&€Hdmentati on methods propose
semantic segmentation networks can bhe broadlI
Fulcoyvol net worak s BEnFcCofdecobd e mmad ¢ | BBe.e p taanb, | vy

4 Model st twe rminc danlirs mghat ofmelelpowsens ati ve mode

t hese canaogareisggondi ng meidilc able. adpi pslciucsasteido n s
Fully Convolutional Net wor k

The FEZR$ the best papemi 9o C¥PRf 29ddmamanidc t e
technol ogy in Deep Lemaodslngh &al AkexNMetasand i
[ 42]FCN replaces the feluhmtlt wonkewt ed taweobu
| ayers, retadn &, -npiixaell esdmanti ¢ slTehgement ati on
segment atai pmarttaskul ar case of the classificat
target from the entire image to every pixel

The pr oductfiiaama havfotl eurt itohnea-t hbhaypwedi mdéamieonud It |

matri x. Il n the channel direction, each pixel
representing the prodblads3hd ychhdnrell oinrgd enxy wio
probability can become the category number o

change (fulally opgermrrvwadli wtni on

a The fully connected | ayer requires the inj
because the weight matrix size of the I|linear

characteristics of the neuralbeetivoakRy shieée

making it moretrfdiexedlmoddlhecarl|llbe used on a
shape process, e.g., cropping and resizing.
b. Most of the model's paramet émayeareAtbaceh:
replaced by the convolutional |l ayer, the tot

significantly reduced.

The FCN architecture opaemptesagbyhprogpaestsi ma
repeated convolution dsm@adppoolgi compageses Tihie
di mensions of the i mage, all owing the networ
shrinking the input size by factors of 32, 1
channel depth i neatepeasd mémécarstlaatl st age
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processing, t hseanipelaetdu rbea cnka pt oi st huep or i gi nal I

ver si BENs4,7]Jutilized thidsragppadmmlcdd twherfeeatu
by 32 times to match the original di mensions
coarse results, as significant Tdoetiamplr owaes d no
thi ss16BCMR&WEICAN i nt rwohdiucchedachi eve finer segmi
incorporating information from both the deep

coarstevieilghnformati,ovmtfhr ¢t ihedédepenr , lespat s al |
from shal /bewersalmpparnsgg, thereby restoring the

i mproved segmentation accuracy. This fusion
precision of the final segmentation output,
wi G

As a mjFChbaneme ee significant contributions:

aFully convolution

The fully convolutional model <can accept inp
bUpsampling with deconvolution

Il n the semantic segmentation task, after the
significantly reduced, but the semantic segn

pixel of the image; the i mage zreee dwhitcch e arne
bei ngampl ed to enl argesatmpe i algamet hdtdand arcd uvuud
interpolation algorithm and so on. The origi
will cause the feature map Tthoe rleofsoer es,o0 men sternaa
aut hor uses descaormpvlioilnugt.i oGho mipoarr eudp wi t h ot her

deconvolution has the tlkearacthgri stics of par
cSkapchi tecture

Il n FCN,-l efael skt pucture method is adopted, Co
convolutional | ayesrasmp laendd |caoyaerrsse) .| alseirnsg (tuhpi
segmentation can be as fine as possible on t
aut hor compared the performance of the three
through experimésat sthé&Ermond@&8R2'sstperfor mance i
reachmn@U alnmean intersection ®dverthaeipanf @f m

increased by only 0.3 percentage points, but
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t hough FCN(8s) achieves better results, th

d insensitive to details in the iIimage, e. g
nores gl obal i nformation wheprextedametit hgds
e proposed to improve this shor[tio]lmihreg. | n
obal average pooling is first performed on
e size is restored through the convolution
l cul ated by weighted s ummataiposn.c alnh eo batdavi ann t
fferent global i nformation on each channel
rseNet is similar in concept to the attent
17, HSBNBDPosed the spatial pyramid modul e
lstcial e i nformation and reducededrhentpatoibarbi il
e FCN network. The core of the spatial pyr
fftersecal es through pooling operation, whic

f ormati on.
co-Dec ollhesrend d e |

t he same yperaop,oskeat efeCdsearse d nrbedte,l ,wals al s
trodusedmemtiihelaNeetU ar chi tectur e, eptr caplo.s ed
JABgwas presentwvatsutatb avid eCEGN @ sne wo r k

cor porsahtaipregd -deenttooddeerr st ructure with skip co
d decoder informati-oecaderadédsil gyewas Ther e
nt on Natt 21656 t hat time, the primary func
gment ation but fogawiamgreastowigng magise. |t

cessaryi mag «feeeapt utrhees and a t ranamged .decoder

e kernel-Ngptakitg ®if a ¢ ftledodJso.Bljeeceascoder i s t he
t r patritqn wi tsha mMpoluirn gd ooyner ati ons, so that th
p at the bobobtogi habubdBkrelfcddpth i s increa
i ch can rierceerpga d Ree ) tMi eeh dt h e psraongprlei $hsgvjolfit hdeo wn
pand step by step, equivalent to the compr

ea becomes wbshthplti nfspr de edade®mnctyhe nlif ow mat i

i maigee mor e per cei vedsaniphlei Adbetceoadretra mipd iutrplge up

op
Th

eration, the output of the encoder in the
e fusi on-Nane therde oifs U o concatenate and fus
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di mension, whi l-6 4 haen8fsuGshhyp @ii mtt F & Nsda mhd loinng Up

can be regarded as combining information at
i mage. Still, this combining process i s conn
features to be [ ost.
4 64 64 64 o
i @
g £
© | °
g 128 1 128 E
5 c
g £
S B ) o | % =Ty}
& B o ~ Q
=] O QL G L w
56 25

o~ [}

|
ey
| conv 3x3

J up-conv 2x2

Figu9st r2Zuct e e .

As the typhemdhmaadkNe@cdheals been i mproved by
di f feppelnitfciadlinhsnt ecent y e aNed .} bRRdrdNedUxBabnépjlee , U
based on madiutcNeaudr anloltlgtd 8+ Wses more short con
strengthen theRAFnseaanholf ayée fNeeBy odondpdrfiemrge nd
dept hset [Zihojuu nd Nethat dan be regarded -as a corl
Nets of different | ayer depths throdNgth short
wor ks becsathe cimaddallri s@lrbpaabdbcens

Feat or efRFom moalteh yharve di fferent sensitivities
Ssizes. For i nisdtemtciefiyzidicerogepa aishye ntgo | d f eat ur «
cl ear ¢no nptroauchtsi .ceed,ge i nf or mati on represented
things is easil-yamplfengesappyagdepedaved! v.

UNet + +RHods di fferent ss§ zdd,e seaginueuniaagighanme nt

UNet ++ model i n | unagnldiowdeurl easr,e coon oaxNegwaodtgfep shi g
0.6 | OU points. |l n experi mNett+#a#t ico mpsaed saoNn sa
benchimartkhe contr ol gr onop i o @eelb ;mpaAkt woubhot
i mprovememnt+odbswWinooust he experdiesa giesa a&fxtpd ra,i nteh
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Zhceu palovighesd fava yno ¢h e )-Neetd mo d e | in thenfoll ow
this.tAkesiNseugh Wt i-ddalees imuflarimati on through
skip connecti dmrsa,mesnvolr Kb yoina ksthgoprnte b €1 osnosme ma K i
pri mary features Nerte +h gorr dblpyy Susstheads Wi @l & G- YU

which abandons frequent sHaeaervtelcsremanttiiacngd nldu
and -lleowel semantic information in feature ma

datasets used in this papeNet UaNett 30 achi eves

Anotchleacaceprcesmodal i Vg5, BugsNentgs tar isadhdeltear The

i nnovation iIs thpatolinkdegexdéoodeésiaomslaidnegn.h elpt i s
out that the deecesoannvpolliuntg oinn uFs@GNl alolrowsp t he m
by iHewd ¥®0o mangmet er scmalyl feoard eddidiealet o

opti mabpboghagleagINet , whelni mue admpwn negc o chett het he

position of each pixel in the result affined
decoder -saumspelsi nugp to restoppelinogmbnded, wt hb phe
restored to the original position, and other
operation i s per fedrcmindc.l uBlaed rtihmar asyuacrhan mpr oV ¢
the number of training parameters and i mprov
SegNet is to design an efficient architectur

Compared t-NetSeagmMdti,tsd nvdardrei asnutist aabrlee f o r s e g me

medi cal i mages.
DeepLab family

As mentioned above, the i mage semantic segme
network classification model. -HaweVeéeng due t
operations, certain detailed text-ures are | o

di mensi onal features transl ation invariance

accurately define the semantics of individua

DeepLdbMpPpybposedsienrd@s8cahgol Wdolwat @d

convolution), which typicall yCNa&hdoulced ss- rla skoel W
Net . RFHhne asrGNNer segiomnhthlee or i gi nal i mage that
in the featur & m&prafl ewshthayeodel to captu
i nf ormatwiolndegioaom ai n t hlen-M&ti,dRifnlsael i n araegaes. ed b

dowsnampling the input image multiplf times,

24



original siszempl|Whnd edadeopens t he net work and
al lsos e scrsiotnec al information, especially afte]
convol utiongoWwedpemwdt Vdl resolution and focu
wi t hout | olsni ntghec comrtdeixnta.ry convol utiord3operat |
size is used (rate=1), the RF ob3t,aiamedd iinn t h
DeeplLab V1 (rate=2), [5.heAtRrFows ddrevdliutsitond aby

of Vi ew.

Al t hough translation invariance enhances the
al so hi-hedeels Viossnaobaomagsd kew! semantic i nfor ma
Vi adopts the cd@Rfpbpboncerandom MmMepbdldl dm s ol
CRF, each pixel is used as a node, and the r
constituting a conditional random field. A b
bet ween pixels, andgsidmibabepazgei gnadet bprceoa

with a significant differencevphb®rapovisgned d
| ater adds the ASPP (atrous spatial pyramid
parall el sampling of given inputs with atrou

equi valent to capturing t hees ctoon taecxhti eovfe tfhien ei

The DeeplLab series of models are mainly cons

receptive field. While retaining the input i
field inside the model i's enl am gekuwde ttd etrlked yn
obt ai ndihmegrhssironal semantic i nformati on.

Attention mechani sm

Attention mecahao hsaihqguésfieamdl baim@en per cepti on, S
vision or hear imadg,moigie¢ lod efeqpc U se amanriengogn speci f

i nput data that are most predckipatniton diibe t ar

RNNSearnchat t en[t 6,®]ntdme dfeititedt appl y attenti on me
machine tr alnmslcadampul ided stidskd losn pr i @aatiehy i oni | i
mechanisms to calculate attention weights by
pi xehmest hod t hat has been appl]jed|[ 6Bhgafbdbs
the di mensions of features considered, atten
attenti on, channel Spaentbiontaerdt s0al esabnen

useddul et selectively focuses on different s
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varying attenti oanidse iegxhttesn stiov eelayc ha pppilxieeld t o

cl assi[f6,lcl]atnidom mage 6sdeflgment ati on

| hber ms cfegimeaadeati on, representldetfiéybel SBodel s i
modylégt]an@onvhel ut i onal Bl (CBAMAG.B eNnti on Modul

| h6,2] ndtvtee i'Gat en ( AG)wasst rpurcotpawohseecdh aut omati cal |
model to | earn targedursitrgt cddiniefeAt todntdi dh eUNea
integrates feature maps from two | ayers into

channel weight grid. This grid is multiplied

to different f eatuuvpedipghetelrso.u gphh ebpaécGat i on. It
computational cost, andNesaeryiackset egr afifencti nme
chall enging tasks | ike CT pancreas segmentat

Squeerfex ci tmotdiy/dSE H,4]dev el oepteald IbMo Heaint a, won t

| mageNet image classifikataehpdnreskt Dyarae | tahh g
and excitation modules. The sqgqueeze modul e r
map to 111 using global average pooling, the
chapwmiesle weights, resulttorng Tihni sa vlelcltiod wesi gnhu
original feature map, enabling information e
procee®enbatdyacent | ayers, SE significantly e

The AG anda$SEukwlkffocesi ng onaspemnim afoemandr € ha
maps. [CB&MMbbogeswapplying channel and spati al
wei ght feature maps along these di mensions.
and maxi mwmpep@dWwiomh experiments showing supe
teinglespoatégyg flexibility and simplicity n

structure than the AG, allowing integration
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2 RBesegmapls manhdvation

Muscl e manual segmentation is very | aboured,
study using the s§mBé¢ sowl ddhmtwoahbhesdapetsen i n

for muscl en swehg menntadtsioo hi ghl i ghts the i mport:
segment atAcecnrsatedyuscl e segmentation IS cruc
tracking muscle degeneration in neuromuscul a
monitoring the effectiveness of rehabilitatdi
segnneati on errors may |l ead to significant mi
mor phol ogy, whhiec hn euendd efrolri nbeost h larut goemmad ri @ln, an«

aut omati c segme mteatiiicoealg iorfi g marsaoctp aeisge | cntt ©
segmentation iteaa&dmoarna bempgiekded i-nto three

processing, model based -paructcoerBastihncgs.s egmphawns i

rolebt ai niacgc umarte resul ts. However, despite
and development i n medicalcriinsage | ssepgenea nftiat ita
muscl estseogmarmtpd i cati on, particularly in the

geomefeataltes carri ed blyn tahded intuisocn ,e st hteh egresred
model in muscle automatic segmentation is al
This secti orne swebdarlscehidooms tdhe t hree key steps a8
analysis, analnysedtulté t gnoydTvlairtsd ownno.r K i s parti
motivated by the clinical need at oronac asr antae L

met hods ar e paoaormdwmitngrednyd tiimper acti cal i n ro
Pr-mrocessing step

Prrer ocessing is a fundament aileesdmgret dtoiromrted:
such as ensuring consi stiemgr avmage ngualoindy t ir

data augmentation.

Dlbased model s-dargedeephgy data quality and q
of mMedeér f p6.mphwrei ng medi cal i mage model s tr .
the size I imitation of available training da
consusmaanmgmp éirgat i onsaf Wwéhsee dv me mpuedrtdi corprBg nTooe

solve the probl em, maenahmaydesd gptrao paousgende rstuacthi cams  r ¢
cropping, flipping, noise addition and spat:.i
[ 43]., H&Béverstudiegtui oemeaeats to maintain the
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medi c alMRtsipsescuef,i ¢ | maige mamgeneah altli emgi ng ¢ omg

natur al objects augmentati on.

To date, there has been iThyuvkfhjué&¢gmdniease atrlc
hi ppocampus by enhanci n@Rotnme beomgter asett atl .i ma
[ 48] useeé®lor mabl e regit®t s aginmeimnt ttecrhonumgsieand ¢
all 704 64N networks to generate synthetic MRI
i mpir ongod e | perl fipddr] ndabnecoer. ma bl e regiwatr apipodomn ede ¢
augment muscl e dastlai gamtdl yj ubged S&crh iCeecvcduWir .aac y

The methods mentioned above appear ompdeus
i mage motdof modifgntarget objects and gener at
suitable for targwhisktdini khefvieeda ss haanpde .t uHmowe wse
struofutéskaemuscl es, which may exhibit volu
mai ntain consistent topological structures,

ensure that the meewlsy taieg memttieathiplresticat d crest r a i

To addr evwusttt hdys pHhpposesi aal Silmd me aMgdneIntlad s
met hodk.erinkkd ai ©ft 0 t c onmpsuhtaep et hoefi ntdh ev i sdaunad | owe
muscl e acrossuddéf esqmeansda it pheetnt, spbiyné¢ ingalr por ¢
componentPGeaethasi gues, introduce deformati on
met e ur e sa utghnaethatelade i s not only distinct fror

retains its authenticity.
Mo d e | based automdt mussé@ment ati on

Wi th the tpyoNmufl a#8Jer i es model s applied in i mage
structures iampertommeco poeed ct ®oon accuracy. Only
deep |l earning modified models to Ppleufetr mamus
[ xs]legmadn3t muscles from the svkaghtefd MRdEhi Imdmge
dataset included 15 subjects for training an
14.8 years (6 femal es, 14 mal es, amtdh 6t serbj e
ori giNreatl alhdp eirtfsorbmeisntg varianttheepdepgosedci hwg
mode-DenbBeUNet achieved the best sddr7rg (DSC O

proposed a -diamemslieadnalhréeéeep convolutional ne
|l ower | imb muscles of a testing cohort inclu
i n average. The accur aseggmentcampamr amoei foctah
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UNet[+5t5 ] Mul t i [Ree&¢tUhNeetv ed succ®ssegmelonteyer ohi s s
empl oy multiple short connections to enhance
within each | ayer or focus s dlloswleyneotpnpheli nt egr a
expansi ve -Nat haomdhitthectUure, deep features ar
features from the bottom to the top. This pr
|l ayers to fuse, but as it ptrwege Basdgesc ennpwad rady,e

leading to information | oss.

To address this and i mprove the inttelgirati on
st uwdyo p omsceddi faNetd et wor ks, by adopting featur
mechanil2hg o] Wéphken t hei sfidremefgercts from

Poeptrocessing step

For muscl e s epgrnmoecnetsastiinogn ,s tpaonsdts as a final an
prediction results from the initial segmenta
| iteratur e Frpeawicevs,sisnogmemeptohsotds hawveabeen useq
predi ct iFoorr rienssutlatnsc.e, 1 n [a7,3 Jiwherr es & diree ratsatuimpl
that an organ should be represeead erde gqisorm, sa n
popt

ocessing technique was employed. This me
selection of the | argest region, dilation, a
n
e

in I ntersecdcqgme@yelri Wai 6andi ti onal- Random F
processing metha@&hngl7,pfiets ewnatse datitnached to t he
resulting in 4% i mprovement of |1 oU.

Al t hough the deep |l eaning modelodnd@®OHn frmake se
research i n my<dl,e [tsdedrnee nitsatsitoinl | some error
i mage, -$egmemi asi on areas and | ocal error cl
i mproved. I n pr evi ohucsf esltfluidniides n@alopEi2dad i ons | i
met hods wer e usheadlogasor Eemobvetbetempty i n muscl

Al t hobgkd hods achieved good segmentation r e:¢

constideer2D or 3D shape of the segmentation t

muscles, which, despite variations in vol ume
mor phol ogy and t[obdl,Mdri‘esdgVv e rs,t rtulhcea sueg emet hods
i mitation: if the segmentation of a continu
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two disconnected parts, the traditional appr
which bel ong .t ol htilse woiud hdt faurrdedahser degrade t he

Consideriinnggapheoaxrxi study propopgpescasmeng séat
to increase the segmentati on mewcnuatlancoyi kosf, t he

a focus on accurately delineating muscle bou
Gener alpezraftaromanc e

For muscle segment awomind tol ibei aa@lopd etdt ii mgs e a
demonstrate strong generalization across dif

Gener albibDi-bhas ed rmofderlss to a model ' s ability t
on unseen dat a stihmadti actormebsu afidmenmagtsh eT he goal o
generalization is to maiarblree pgrhees emmtdattihi et e0 fceagp
training data, all owing i tsuthg eresf.onmatvel It g
critical for the practical application of de

reliably emoerlat esciemarraals beyond their traini

Il n this ste®udgyendrheael imnmateilon perfor mance means
' imited kinds of cohorts or subjecolomptesd orn
mu s cDeessp.i t ee s eaatelciheved good resul bsleitrPSC ar ou
mus¢R¢, [7the[ 7} arget category is single, |
the previous study, there i s nodiefxfpeorlmaomed rst, t

|l i ke children and the old people, athletes a

To addrevusrt hdy @iams t o investigate the gene
l earning model s-li mbsewgmehtisngchrowsr di ver se ¢
will explore how a modteylpitcraali adeadd edlmepoende p € 0 h @
when applied to a si griofuingga preloy | Bdfweaérdent co
provide insights into the robustness and ada
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Chap3Aurt omati c segme
skel et al muscl es on
| magesFrRWB/FRY and SS

based data augment a

This chapter is badgedndn easpameBi pehlgiinteed iir

(202Mut:omati c Segmentation of Skel et a-l Muscl
Net and a Novel Dat Gb A uhg mel a\Wid, © nDoonk |\WWaripdr o a ¢ h

Dal IE, ArGa.o Doit ps://doi .org/ 10. 3389/ fbioe. 2024
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31 I ntroducti on

The skeletal muscles of the | ower | imbs play
facilitating movemané par diaclblyamakyi vimpoesant
conditions related to mobility i mpairments.

such as oOsaagreed pemidal oss of ®dHoesol sigassi aadt §

mobil ity i[nl§olmddrardduyl tss roke patients often
muscl e denervation, inflammation, and inadegq
|l oss and i mpaj. eldd Famicltdroeen, conditions |i ke
progressive brain injury at birth, can | ead
mo v enje/nm7t]Moni t oring changes in muscle propert
understanding of these muscul oskel et al di sea

approaches ap88]interventions

However, the effective assessment of muscl e
clinical i maging techniques, such as Comput e
|l maging (MRI). Among these, MRI is prsefigrred
avoids the i1 onizing [r6adiMait2&dre assedgammima taetd owi t
bi omedi cias a magesci al step for measuring the
muscles, which are brobd@t]f,e§gTojacdit[tiZidoirad | Imu,s c
segment at2snd icfesMRlas been used to delineate

procees ym®nsudni @egui ring approximately ten hc

35 | ower loifmbo nmed ssautbgpercane to v-apemnbtbrty, wi
reproducibility errors gg8teeflirBd 10% for <cer
To address these challenges, numerous | mage
traditionally based on digital i mage process
conventioph8#l] mein®sthsaal [| I8leexvtalacgermaonmt i cs of i
as colour, texture, or shapleevienlf osremaan toinc, iwl
and could |l ead to WmphethseemabgkehitepgofePekp
Artificial Neur al Net works (ANNs)[42ahd [Cé8BVO
traditional segmentation methods are gradual

algorithms based on DiLlba9gBVENNsSemantextra€tbDr

i mages, i mproving [th®] segmentation results
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Il n recent year shasdckeae ps elgameernitiang o(nDlt)echni ques
repl aci ng manZihau[ 2dijeevt ehloodpse d-Nat hypnbded tJhat achi
Dice Similarity Coefficient (DSC)(lodt é€r.8I8 f o
gastrocnemi us, medipalla ngtaasbtiraol cibhse bainatkejrsisoprb e i 8 1
extensor di,petonampdphnhigiuedieogi t or amfdll ®exgmu s

hal |l ucj)isn I[boomtghusheal t hy chil dren and those wi
[ 1djeated a 3D CNN that performed comparably
reaching a DODSCHowewawaboutwl®i.9e these model s ha

specific groups, they haven't been widely te
po-menopausal oCompasedwomen hi | drmen amau syalung
women experience a decline in muscle content
boundaries between individual mus<cl|a&sgraemat em
chall enge for automatic individual muscl e se
skel et al mumescodegasus al polséese women i s potentia
thick | ayer of fat around t hteatmucsrc!| &pspr Mg H e
on CNN algorithms are wuswvually calibrated and
i mprove the applicability of the models it w

for different testing datasets.

Currently, one of the most popular DL networ
Ne[tZzalnd has been shown to be power ful in medi
segmen[t8&lt]liornwer and t [BaiubDe spigtme ntt rad iWeat ces s
type networks, they suffer from some | imitat
field size, as well as that they do not acco
U-Net net wor kesp diaevck, bwldab,5qg abNe tmp+ ovdlét ver si on

empl oys multiple short connections to enhanc

each | ayer, compromising|[i7TR¢rlrasMumigt i cRenpUN a i
proposed to enhance the semantic integration
only focuses the integration withNatthe same
architectur e, deep f eatsuhraelsl oaw ef egartaudrueasl |fyr ocno
This process allows the fusion of semantic e
towards the upper | ayers, t haedjeacreemtailnasy ear ss,e
in informati on alnas 3 .mpFTmwveddrhees s nttleigy at i on of
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fferent | ayers,-Ndatn nehtivwo rsk su dhya vimeo db & @ re dd elv e
ature fusion and 24t,t gnmet6ilon mechani sms

e common issue with supervised |l earning fo
ailable training datasets, which can signi
gment at i[f 8o mad hroelss t hi s, data augmentatio
aling, cropping, rotation, flipping, noise
e often used td48ypafdBgherdabagemensi ng me
re challenging compared to natur al i mages,
atomical accuracy.

ere has been r el atsipveecliyf ilci titmaeg er easueganrecnht aot ni
yreau6&$¢gmdnted the hippocampus by adjusti
il e RonnéeéBahdebDoHdy gtp.laled def or mabl e regi s
rr-- brain tumour and [c/all$le ds esgAMle mted twioo rk.s S loi 1%
nor mal brain tumour MRI i mages, optimizing
gmentati on. Despite their advancements, th
scle segmentation. Def diymalblse omre gimutsrcdtei 1
bjects, |l eading to a | oss of anatomical <co
ape of [tINeormowyelresrandomly applying def orn
t eftebancel yhe variety of image features
se of muscle slices.

e first awan tod ChapgNenrm&Sdirfuicadures (AFFU/ FF

troducing featayres fusmndmodhelneshyd nadi t € ntt h @
t h potphbdeanrc h mar k-Nma d elngd (UW ente+n+o)p aouns aplo swo me n
hort. The secowa tao mpnmod\pelhedsatcah agputgeme nt at i
sed on Statistical Shape Model (BBYSM) for e
mparing the performance of the saméemodel

tentth@alnew data augmenvesiogamedhod can be
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3. 2

3.2.1 Partici
The data from
study. The

11 PMRWMWywi t h
(Sheffield,

and

Hertfordshi

16 //EEA96)] Two

Leeds

wor k:

We s t
8P MEIWI t h

Research

statiafbcmbhti on

Physical

EP/ S03294MW ) OBawds

Sciences
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Matemetahsesdand

pant s

no muscl e

UK) as part of
re Research

ot her cohorts

Research
tfhuen dMveedd i bcya |

firstweioghotred crnoangsn esttiead
di sease
| ariGambst ddesbi (e
Et hi

recruited

wh o

Counci

cs C

thremediobesaht womeaor {( # MOV wes
roefs ofrla n c e

wer e

ommi ttee
from a

Ethi@a7€pomei tdyeweRefiene
mua cile odb essteeVofRENBW et ai | e d

) SPiMlwaJablued8dlby Engineer
(EPSRC,
Research
Counci

( MR/ R5021

Ver sus Arthritis (Medical Research
into Muscul oskel etal Ageing, CIlI MA,
Tabl &S&tatlstical nf ormati on
Cohort Age (y¢qg Weight Hei ght B MI
P M\AL 69. 0ONG6 66. 9N7 159N3 26. 5N3
P MW2 65. 8N3 57. 1N5 161N3 22. 0N2
P M\AO B 64. 7N4 84. 1N1 159 N9 33.0NKN3
Al Il t hhee ofcwlhlo-fFlt ambe MRI permaher wed eon t he

Magnetom Avanto or 1.5T Siemens
underscammei aiigfook sequences were taken
and dgm®Wdgniko mini mize scanning ti Wi

were scanned with a higher resolution

of 3.00 mm) than the central porti amms amfd
slice thickness of 5.00 mm). The se
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t he
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resol

cont i
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(interp3,
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were manualudgi e gViem®®gMia(t e r)i aal nids(efemisri a n
2022. 2; Thhegr mdifrieseh eerx p efro re necaecfih6 ¢spudbrij astitotri s
considered the gold stdahdasdmtomumue2s/eEB f s e g
wemanusaeéfgmentt kel adytmeo Amu g/i@mrgi on 2022)2; Ther

The -amtdeoomeér at or reproduci bil iony PeMAa g he manu
found to differ from mus2z2e® %3 od mursicy esso g am
t hewher e tolpeeriarntorra CoV wesr el ersesp rtohdaunc i 1b00% enoug
cali brating the DL model s. Ul timately, durin
selected as the objective muscles for analys
vastus | ater &ldial (L)X VMyastsagstmri us (SAT), s
semitendinosus (SMT), gracilis (GRA), biceps
aput | ongum (BCL), addwct dbremagny AB)AMaddad

gluteus maximus (GM), iliacus (lL), and tens

o

The setting of the computer used to train th
RTX 3060 Ti; RAM: 16.0 GB.

3. 2.2 Mo-NefrathwssiUNret /| At-Feat-uoa
FusiUdre t

Il n sdctsi we -DNefe@AafJd UNet ++ as benchmarks for ¢
[ 70] ., -NJe@ 2] ,i 9 8al ]2IDa yneurl tB@ecodshrapged neur al net
The Encoder consists of convolutions and dow

features of input i mages and transmit them t
whi chernirsed etfo as feature extraction. Il n the
gradually expands, resembling a compressed i

unit. Additionally, dofwne gwmenpdy nign fciampagué iedcn m

The Decoder wutilizes features to restore the
pi ¥elvel predi ctsiaommp.l iAnfgt eorp eeraacthi ounp, t he out pu
corresponding | ayer is mé&legefde autsurneg fsuksiipo nc oin

concatenating and merging feat Urbess$ al mreg ttelde
versi onNetf a@ahmehiUtecture used for semantic se
i mage analysis. -Netimprembanuopaog ftbhat Ure ext

superior performance I n medorpalatmage one®memn
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on skip pathways to bridge the semantic gap

gradient flow, distinMati.shing it from the or

Two mod-Nédterduaeureesievelchmpeod edn-FehiJdle ¢

(FFU) incorporated aNéusmodepattodo i mpoovéeet ba
semantic features from different | ayers. I n
feature mappisampWwe meo nasp etmog tzuopom i n features

mai ntain consistent sizes and then extracted

(ASRPBNlocks to fuse the semantic i nformatior
with the output. Furthermore, to address pot
structure resembling the residualatnientgvor k wa

i mproved gradmeekiitrmhg r mod & lefr a s tr8epr]

Further mor e-Fet Heairsdxdteetn t(iAOFNFU) was proposed b
explore the employment of multiple attention
segmentation accuracy. The AFFU incoifipéiated
and used (bBMSWM tledpk compensate for any defi ci
and mitigated | osses during resizing, enhanc
pyramid pooling techniARFRU iThes sdBvim citrurkei gur
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33.2.3 SSM based data augmentati on

The proposed data augmentation method was ba
[ 10], [ 86wh,i c[h8eide nd[I88B]devel oped met hod t hat
i mages to obtain an average shape model and

the training dataset.

To define homologous surface emopienitnst si nartehe o
represented by sampléeitrhgdaeeaaerhs ischhmagde aceurraf eescppea n
shape sample ca&wvelte oenceded oas edpresent the e
subjected to statistical analysis. The accur
point selectionen@enernasl lay,e serlrecspandnanual l
target surfacea,uabdfi tdydotea i aamelass nmakes manua
cumber some anfdl®hsamesfact meyhods have been
i ssue,[ S@whcihc hasuses a met hod based on fixed s
to select points. However, most medi cal or ga
so these met hodsCatt e 4[|lefih] aoqdea. slepoani 4 rae ti mins . an a l
systemMhape Model i rBga swidt hP aBnttbrochpeye Wy sk € ms  (
correspondence optimizatiodiatgobubhomfwt whic
s haspiemi | ar correspondences and seeks a compa
the shape space taHrgough ham top tdiihmapdbaatfsiyoct h @ e rac
ShapeWorks is to construct a seéetodbf dynamic
cor r eesnppoensdnd n se¢ d adsnu t hf@eamsh aPye bal anegagi vhe
entropy of particle distribution on each sha
di stribution in shape space, amcorueispongradi
canopti mi zed.

Assuming thadmplhasceomiatdess pondences on each col

seencapvextor inwsleppesemace,a sSkh obhaparticl
Y heo ohohoBh hhQ piBhl and @l edthbBho ,di s a
random variable of a shape in the shape spac

system. Then the method consi st si manmiersit mimait

of differenti al entropy

~

L Ow Ow 8 oPp
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SSM pipeline Registration pipeline Data-produced pipeline
Same individual muscle’s (L 1st_Muscle's New Label ] ; :
label from ten subjects ("2nd Muscle’s New Label ] FLpalr Ot MIRLAnd Jebe' slices from
+ real subject
TS 5 | | D
' [ 25th Muscle's New Label ]
l ‘ ‘ \ Alignment
‘ \ Combination )
Reference
SSM process inﬂ E :l'>
\
\‘ v
Mean shape Target | -
T Compactiey MRI and label from : ShIRT
i e
i e ) 1 A pair of MRI and label slices of
! 1 : i
PCA i : - - - 2 a n(lew subject
( 1 i
\ ,“ \\ |
Mode 1(-1) Mode 1 (+1) " "Reference” . .
Mean shape with + 1 l s A v
standard deviation in mode 1 T p
Fi gBrata augmentation combined with S
registratproanduaeadlTpliagealfi gese il l ustrat
new subjects with matched | abels with
process is accomplished by wusing SSM

subjectTeédee EBM pipeline (based on Shap:
same muscl e frowmhiodwdhderent-danud® M®/dlsi es
optimization formula to generate corr«
surfaces, caskcapateandhesemegaRBRCA t o Newt
shapes are generated by adding rr subi
mean shape. The registration pipeld.@
using SSM. A new muscle | abel (ta
original samples, and an original
targetodés | abel (mean shape) of th
mappi ng amatarliixgntsh t he reference with t
i mage of the original sample is transi
target. However, due to Iimage noise ar
traasmed MR i mage may not perfectly o\
and therefore, cannot be directly
sformation map generated bpyr dduced
|l ine applies the mapping matri x g:¢
nce, resulting in fully matched i

[ 9,0]
tran
pipe
ref e
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FigB8tAMugmentasubhs of one subject. The

from subjectitogtae Bondmendaali on proce:
slices of the original MRI (distal to
of one subject. (b)), (c), and (d) il

me anp & hand melanstsehnadpaeer d devi ati on mode
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3. 2.4 Dptaceseing and training prao

The datametdelbstdal nd mgs iantded ecft i lgi ces obt ai
| owerd |Imanbn (kngh parhip) of each subject. A
wi dth of 256 pkiexeeplisngf otrhei noptuitunahgr esal at ng
random clipping was applied to further crop

speed up training time and enhance the model

To reduce the comp@mautdatcioms ane emo® igme 1t enfeeinh s

equi pmantbatch si ze ofNelt6 awads WNeots+e+, fwhri Iteh ea

was usepdr bpmeedl s . The initial l earning rat
a factor of 0.9 for each epoch. The model wa
weights on the validation set were retained

parameters were empiriclfa84]y tuned for best p
3.2.5 Experimental design

The experiment was split into three parts.

3.2.5. onMeerdadvaeardbssgdati on on PMW

I n the first -Neatr,t ,UNeotutw+ , CNANFsU (alnd AFFU) wer e
PMAWM data (11 subjoeneius) aplpir oggacthhet t iealve a si
used as a test sampl e, meiutgh htes elejsdhc il se di sierd ta
tesonslehti s approach was used to verify whet he

segmentation perfor mance-Nedmmarde dJ Nveit t+h+ tmoea el
3.2.5. AaCrased getagstrmahgzati on

The second part involved -1t rand itnhge no nu tliOl iszuibn
network to test on: thd,rédmaiumijrg t-Z darmtlogne a tth, €
and 10 subjec®B datoanseéth.e PHVAW obgtewdy veaoft a h
evaluate the model ' s genceorhaoritz a(thi eoanl tahbyi |aintdy

menopausal women)
3. 2. .Au.g3me n thaatsieodn t r ai ning for enhanced

For the third part;l dotsawskkjte awtsse df ri oam tthlree pR MW
i nput to the augmentation pipeline, expandin

4 3



mean shape of the muscles and including a va
the PCA mode that describes best the variabi
dataset was-tthen tbhedmbdeleweimgdhtpamnbtaf ntelde
study. This part of the study aimed to inves
i mproved the segmentation performahbhgce of eac
8* PMWN 100BMW

3.3.2.6 Evaluation metrics

For each part of the study three metrics wer
Rel ative Vol yamed BHaruosrd o rRME)d ] sf afbef &@BPet ri cs
provide complementary itnlse ghegmemt ot tthre mpedd

assess their accuracy, volume similarity, an
The Dice Similarity Coefficiermfio® D®EB) ctvas ca
shows the similarity between reference shape
ey GSY, 0s
OYO ———— o
Ys VS
wheYies the set of voxels in theéisefeomntbhel a
model ' s prediction results. A DSC equal to 1
segmentation result and the ground truth, wh
Rel ative Volume Error (RVE) was wutilized to
results and the ground truth in terms of tot

defined as

'ond)— prtmp o

wheweand are the volume of reference and pre

conveni enceRVoEf whiss pulseeyd, als measur ement of ac:¢

The Hausdorff distance (HD) is a metric that

reference and predicted external surfaces. I

errors in the model 6s prediction. HD was ca
'OOY 4 oYM Qi o8
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wheiries t he v oxéYlangins stulrd axcex @|fQi sn as d rufnaca d onf

t he mini mum diiosftaasnrdc & hbee tnveeaere st (pootY. nt wi t hi n

3. 2.7 Statistics

When comparing two different models the diff
metrics were tested foSmhonmal tegtuyusicogcaulo
di fference between the paired values were no
signedk test was utilized. Th&VEaiandd HDal ues

metrics were compared acrosd=t0hwd5f @dalememodel s
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3 Resul ts

3.3.1 Performance of-l1t tehmodel s or

| n t otneold,eleacrhedi ct ed 1 ha@ i Maodedad Irienpbr ensuesnct!ien
subjects with 16 muscveel ildabatbilopnr.8ae b sotfkheugh
each model to predict thRVE hand HKD.nsSidgemriefdi on
di fferences between the accur aNgt odr tthiee modN e

are repor8%&d in Figure
——— — ; e
09t *k ] 095+ :ﬁ 1 80 == 1
= T 70'-1- i
T I L 0.9'T s i -:- Go.l -
0085'T 1 1 - : : ’é‘ :
@ z Esof
o < 085} 1 @& -
! I 3 £ E
08} .k = i -
oL ' 1
.L ! 08¢+ 1 - 30-: 1 H.
: o L
1 1 1 £ . !
075t L ] A ! 20t 4 4_.
‘\ ‘x ‘0'0 0.75 M M i i " " " M
& O ¢ & o D D & N
S & N &\“‘x @ & S K
)
Fi gB4Rer formance of each moaleilda&tsit@am.l i
the DSCRVYEefm)ddlLe) and HD (right, 1 oy
for each model -1t evthe®d torf 1t6h eneRMWv al ue
calagdweld from 176 predicted | abels) are
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Tab3d &kode
represen
all wvali
signific
subjects

I performance compapvabunesniderthérea
t the significanaeskreestteontiutthedWnb
dation subjE-Nées Thevatearst hepmedelns a
ance resulrtasnkoft eshte Wi 1 dcwxtoend sd g nrews

avabssdathencpos®sses sUNedt+twieqn it fhiec amotd

di fferences amem@mortdeud in bold (
DSC
Me a°8 D n Gaivris -NE t n’ Gaivie UNet
U-Net 0.80010 N/ A N/ A N/ A N/ A
UNet 0.80109 O0.02 NS N/ A N/ A
AFFL 0. 82807ma 8 2.22 =m 8 2.10
FFU 0. 82608mm 8 1.98 == 38 1.85
1-RVE
Me a°8 D n Gaivris -NE t n’ Gaivie UNet
U-Net 0.88215 N/ A N/ A N/ A N/ A
UNet 0.88714 O0.57 NS N/ A N/ A
AFFL 0.88912 0.00 3.25 =m 8 2.63
FFU 0.88312 0.00 2.52 0.00 1.91
HD
Me a°8 D n Gaivris -NE t n’ Gaivie UNet
U-Net 497?498 . 6 N/ A N/ A N/ A N/ A
UNet 44°473.1 0. 29 NS N/ A N/ A
AFFL 29°296 . 5mm 8 40.1 == 8 33.1
FFU 32°345. 7em 8 35.1 == 8 27 .5
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Tab33&Aver agneisgeére performance of eeawlksmodel ¢

C
vali dat iEarc hr el;adlat 3 ecorded in the table repre
performance of each model for the same muscl
values for the Hausdorff distance are rounde

U-Net UNet + + AFFU FFU
DSCI1-RVI HD DSCI1-RVI HD DSC1RVI HD DSC1RVI HD
[ mm [ mm [ mm [ mm
RF 0.80.826.0.80.821.0.80.817.0.80.8 25.
VI 0.80.947.0.80.931.0.80.9 29.0.80.9 34.
vL 0.80.850.0.80.837.0.80.837.0.80.8 314.
VM 0.80.855.0.80.8 35.0.80.8 30.0.80.8 43.
SATO0.70.7 43.0.70.7 43.0.80.816.0.80.8 16.
SsMB0.80.851.0.80.8 43.0.80.848.0.80.8 38.
sMTo0.70.7 47.0.70.7 37.0.80.835.0.70.8 33.
GRAO. 70.7 22.0.70.7 23.0.70.817.0.70.7 17.
BCBO.80.783.0.70.7 74.0.80.7 23.0.80.7 35.
BCLO.80.8 62.0.80.842.0.80.825.0.80.852.
AM 0.80.858.0.80.843.0.80.9 34.0.80.8 37.
AB 0.70.834.0.70.841.0.70.821.0.70.8 18.
AL 0.80.8 26.0.80.827.0.80.818.0.80.8 30.
GM 0.90.869.0.90.860.0.90.961.0.90.9 44.
lIL 0.80.867.0.80.881.0.80.835.0.80.8 31.
TFLO.70.852.0.70.872.0.70.825.0.70.8 25.
Overall, the AFRUdwas flatnewnndgi tradotld ed Isaumwed uci ng |

best avel.aBI'DRVUEQN.(8°D2 J2ando9HB6MBacross 16
mus chHRrRUWY .was tbhees ts entoodned  wiOt.hQ 8D/SKEV K °(q..0B) 2855 3

and HD°3B3ndh)4 On the tecut pern f-Mdebtrod(dha fodo dueN est + +
with the following a(vZ.rla%)e iimipDSEBL/ERMBERRWSL: 2. 2
40. 1L3%3.1%) in HD(fLoBY%AFFUO( DISTBROLE »%A5. 1%
(27.5%) in HD for FFU. The mean metrics valu
shown siump ptlreement aa | )na 8FE3IBG wrheofvs t he segment a;
vi sualization results of somé hmuselsead t swihhdit e
from AFFU and FFU, exhibit genecrNeltl yansduperi o
UNet + +.
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Reference

UNet++

Fi g8%5egmenviagualni zati on of muscles of
model and manual reference. The first
manual muscle segmentation by experieil
perfor maNeee@dofUNEt ++ i s depicted, wher
around the contour compared to the ref
segmented points. The fourth and fift]l
FFU, which adxlyi siutpegemer segNent anido N
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3.3.2 Performance of the model s oI
training eln ctohheorRMW
Il n this section, -1t,h rREVW & a B &d\ish o(rit.se).,, weMVe¢
evalupeefoheance of the models after having
PMWL cohab3teind F36g pre wivekeeda varew of the average
each model, pooling together #tihe 8r-BPMWN ts fro
10* PIOW) .
1 1
100 |
0.98 | -
095 = —— 096 5y —F— e —
e . 80 -
: ! 0.94-T ol
09r : : I.UOQZ-' T 1 i E
Q - i : E 60} [
(2] T o =
= - 09} = &L o
0.85 | - :
0.88 40 b o
08t i : J:- l 0.86 : E 30F E L H.
- 0.84} L : 20 * -
0.75 0.82— : : : 10 0 0 0
SN PN S x
\3_&‘0‘@*" & W e € S A
FigBéerRer formance of each model on al l
metric, 16 mean values calcul ated frol
subjects) are shown (* indicates p<0./

50



Tab3 . edverage model performance c.Gmmarifd @amnitnc

di fferences are reported in bold
DSC
Me a°8 D n Gaivis -NE t n’ Gaive UNet
U-Nel 0. 8830¢€ N/ A N/ A N/ A N/ A
UNet 0. 8B70¢mm 8 -0.70 N/ A N/ A
AFFlL 0. 88080 mm 8 0.59 = 3 1.31
FFU 0. 808080 fmm 8 0.59 = 3 1.31
1-RVE
Me a°8 D n Gaivis -NE t n’ Gaive UNet
U-Neil 0. 8930¢ N/ A N/ A N/ A N/ A
UNet 0. 8841(=m 38 -1.01 N/ A N/ A
AFFlL 0. 8940¢ 0.67 NS 0.01 1.13
FFU 0.8940¢ 0.638 NS 0.01 1.13
HD
Me a°8 D | n Gaivris -NE t n’ Gaivis UNet
U-Nel 497?512 . ¢ N/ A N/ A N/ A N/ A
UNet 512479. &£t 0. 214 NS N/ A N/ A
AFFl 30°328. 7Tem 8 38.5 - 8 41.6
FFU 357592 . fmm 8 26. 9 = 3 30. 6

The AFFU and FFU models were more accurate i
U.Net (0.59% and 0.59% higher DSC, respective
and the UNet++ (1.31% and 1.31% high-er DSC,
RVE respectivel y HD42 Y% eampekcd3i1%ell ywer The AFFU
significant i mprovement compared to FFU on H

i ndi vidual muscl es amhadb3leeBch model are shown
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Tabld &/ er agnasmgere
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each
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VL
VM
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in the tabl
across all
UNet + +

HD DSCl—RV[HD
[ mm [ mm
21.0.80.9 30.
45.0.70.8 32.
72.0.80.9 51.
57.0.80.8 32.
41.0.80.9 55.
62.0.80.8 46.
37.0.80.9 37.
30.0.80.8 29.
35.0.80.8 90.
37.0.80.9 57.
69.0.80.9 53.
32.0.70.8 44.
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Tabd . erpegref or mance of &aam drtdBdidNev b u e ® MWn
the table represent the si gmmanfk ctaenscte acemsdid dts
muscles in all wvalidati ddNesWiNjeeaHsutb ett weeen t
di fferent -2 cdhnod-OBMWPMWg ni fi cant diffrprences a
T3 E inz2 18U,

DS (P MW)

Me a°8 D n Gaivrs -NE t n’ Gaivis UNet
U-Net 0. 8R80° N/ A N/ A N/ A N/ A
UNet 0. 8R00¢( == 8 -0. 97 N/ A N/ A
AFFLUl 0. 8830¢ 0.00 0.60 - 3 1.58
FFU 0. 8840 ¢ 0.00 0.72 0. 74 NS

1-RV EP M\AR)

Me a°8 D N Gaivris -NE t n’ Gaivis UNet
U-Net 0. 8801 N/ A N/ A N/ A N/ A
UNet 0. 8681 == 8 -1. 36 N/ A N/ A
AFFLUl 0. 803 1( 0. 47 NS 0. 26 NS
FFU 0. 806 1( 0.73 NS 0.16 NS

H D(P M\AR)

Me a°8 D | N Gaivris -NE t n’ Gaivis UNet
U-Nel 457?407 . ¢ N/ A N/ A N/ A N/ A
UNet 47 2434 . 0.60 NS N/ A N/ A
AFFl 257?297 . ( mm 8 42 . 4 - 3 45 . 2
FFU 29°382. (== 8 33. 8 - 8 40.0

DS (P MWOB

Me a°8 D n Gaivris -NE t n’ Gaivis UNet
U-Nel 0. 8870 N/ A N/ A N/ A N/ A
UNet 0. 8B830! == 8 -0. 47 N/ A N/ A
AFFlL 0. 806020/ =a 8 0.58 = 3 1.06
FFU 0. 8610 : 0.00 0. 47 - 3 0.914

1-RV EP MO B

Me a°8 D n Gaivris -NE t n’ Gaivis UNet
U-Nel 0. 9°04 0" N/ A N/ A N/ A N/ A
UNet 0. 9°080° 0.00 -0. 66 N/ A N/ A
AFFUL 0. 9°09 0 0. 214 NS 0.02 1.21
FFU 0. 9°070° 0. 48 NS 0.04 0.99

HD(P MO B

Me a°8 D [ n Gaivis -N@ t n’ Gaivis UNet
U-Nel{ 54?558 . ¢ N/ A N/ A N/ A N/ A
UNet 57544 . ¢ 0. 44 NS N/ A N/ A
AFFl 347°48. ({ mm 8 36.1 - 8 39. 14
FFU 42°655. == 8 22.0 = 3 26. 0

The performance of da&daeh moesddle sf mf gegementsiumbg
2 cohort and the 10Bswubdbherct salfaegbdnmeé g dirett @dibisn o
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(RVE), there were no significant differences
achieve®8VE) ghaldes +0n 9t2h e irnadnigceatO .n8g7 accur at ¢
For DSC, AFFU demonstrated aNgtaiinn gdso talp pgroxu
(p=0.0082fop<bMWOAGB)f.orFFPMW howed a significa
compar eNkett d oUW -2t {e+t OPM® %, p=-0B0Q06) 4@dkod PMW 0.
cohorts. For HD, both AFFU and FFU consi sten
UNe (22204, p<0.001). On average, they achi

mm in | ocal distance, indicating iIimproved | o
Al | muscle segment affTab3dh.ainds BatBseare reported
Tabd3 Aver agnaaismgaere performance of each model ce¢
WO me n
P M2
U-Net UNet + + AFFU FFU
DSC1-RVI HD DSCI1-RVI HD DSC1RVI HD DSC1RVI HD
[ mm [ mm [ mm [ mm
RF 0O.80.923.0.80.931.0.80.918.0.80.9 19.
vi 0.70.8 34.0.70.832.0.70.831.0.70.8 32.
vL 0.80.8 61.0.80.841.0.80.832.0.80.850.
vM 0.80.834.0.80.8 35.0.80.821.0.80.8 21.
SAT0.70.8 33.0.80.841.0.80.819.0.80.8 21.
SMEO.80.8 71.0.70.7 36.0.80.822.0.80.8 26.
SMT0.80.9 38.0.80.827.0.80.929.0.80.9 29.
GRAO.80.9 24.0.80.9 24.0.80.820.0.80.817.
BCEO.70.8 34.0.70.7 93.0.70.822.0.70.8 22.
BCLO.80.945.0.80.960.0.80.822.0.80.8 29.
AM 0.80.863.0.80.851.0.80.848.0.80.8 46.
AB 0.70.7 35.0.70.7 49.0.70.7 16.0.70.7 16.
AL 0.80.934.0.80.932.0.80.819.0.80.9 18.
GM0.90.968.0.90.952.0.90.954.0.90.972.
lL0.80.887.0.80.81120.80.918.0.80.9 37.
TFLO.80.8 29.0.70.831.0.70.816.0.70.8 14.
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3.3.3 Effect of augmentation dat a

The muscle volume distribution after the add
37, showing that the augmented data fills so
tested on the all subjects pooled together,
observed by using the augmented tr0ilni ng dat
+1. 5 %-Nfedr, 3T)a%b | However, wiR&¥E @odsHderithege perf
remained al most unchanged (veryrsmdlNeotd. 9% i

with the augmented dat as elta)b.] eT h3e 1fOul | result
Tab3 .&0o del comparison under three metrics wit
subjects poolgamd fi cqaat hain ffereCoeds mar &/ Bepempt
the scores achieved by the models trained wi
A B n Gain
DSC Mean N UNeiO0.843 0.856 = 3 1.54
AFFLO. 8438 0.853 = 3 0.59
RVE Mean N UNeiO.893 0.901 = 3 0.90
AFFLO0O. 8914 0.897 0.28 NS
HD Mean NS/ UNet 49.1 P 43.5 [ wm 8 NS
AFFl 30.2 f 31.3 f 0.00 -3.64
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Tabd eAOer agnaismgere perUNedman dé& FUf cal cul at ed wi
augment adma lo lessdlalilee results for each muscl e r ¢
obtained from predictions d&molalnmn tAd Bt repares ¢
scores achieved by the models trained withou

U-Net AEFU

DSC 1-RVE HD( mm) DSC 1RV E HD( mm)

A B A B A B A B A B A B

RF 0.80.80.90.921.18.0.80.80.90.9 18. 16.
VI 0.70.80.80.8 45.52.0.70.70.80.7 38. 27.
VL 0.80.80.90.9 72.60.0.80.80.90.9 49. 48.
VM 0.80.80.90.9 57.39.0.80.80.90.9 37. 31.
SA10.80.80.90.8 41.38.0.80.80.80.9 21. 20.
SMEO.80.80.80.9 62. 35.0.80.80.80.8 33. 27.
SM10.80.80.90.9 37. 42.0.80.80.90.9 31. 31.
GR£0O.80.80.80.9 30.23.0.80.80.90.9 21. 20.
BCEO.80.80.80.835.35.0.80.80.80.819. 19.
BCLO.80.80.90.9 37. 44.0.80.80.90.9 26. 24.
AM 0.80.80.90.9 69. 75.0.80.80.90.9 48. 42.
AB 0.70.70.80.832.22.0.70.70.80.7 17. 16.
AL 0.80.80.90.9 40. 18.0.80.80.90.9 17. 17.
GM 0.90.90.90.9 72.92.0.90.90.90.9 65. 96.
IL0O.80.80.80.878.62.0.80.80.90.9 20. 39.
TFI0O.80.80.80.852.35.0.80.80.80.817. 22.
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Fig8tMuscle volume distribution. The f
muscl es i n feurtrsadtng:ngl G,aRMpWwedr 4 icoil wgn
added augment at, i dd udka taaPAV\Y eldy rmgymbe e€an d
OB (co,) uomhanmdpeé ort s. I n each column (b)
of the additional sbbthehstedepubgent st
original scans.
UNet demonstrated a noticeable inkrebhs2%, n t
p=0.0062: 2P.MWo, p<OBOD1]1%PMW30)D0Q@n (Tadl @t her
AFFU shows a small signi ficaznt( li.nlcY%,e aps<e0 .i0n0 1t

3)9 Significant i mproveme2atscsohaor RVEer andbsi®r
(+1. 93MKHeftormand +1. 6% for AFFWetn iRV EQD)asTda b+ 1e9
I n contr aGBt,, oinn yPMWe DSC metric showed signi
and HD remained relatively unchanged. The re
i n T3ahlilB.dnd 3. 13
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Tabd .eAler agnaisére

data ommemep Posadi nwoemaonn.| y
in aboveptabérets the mean
Column A/ B represent the
dat a.
P M\AL
U-Net

DSC 1-RVE  HD( mm) DSC

A B A B A B A B
RF 0.80.&€0.90.¢ 112.10 0.80.
vi 0.80.&0.90.¢ 35.39 0.80.
VL 0.80.€0.60.€ 37.25 0.80.
vVM 0.80.&0.80.8 35.25 0.80.
SAT0.70.70.60.%5 24.21 0.80.
SMEO.80.&€0.80. €€ 38.33 0.80.
SMT0.80. &€0.50.%516.16 0. 80.
GRAO.70.70.40.426.25 0. 70.
BCEO.70.€0.50.€¢ 12.22 0.80.
BCLO.80.€0.70.7 13.11 0.80.
AM 0.80.&€0.90.8 31.32 0.80.
AB 0.70.70.70.€¢11. 9. 0.70.
AL 0.80.€0.90.¢17.13 0.80.
GM 0.80.€0.70.€€ 47.16 0.80.
IL 0.80.€0.80.¢ 43.32 0.80.
TFLO.70.70.90.¢32.21 0.60.
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one test scan
value of three
cores achieved
AFFU

1-RVE  HD( mm)

A B A B
0.80.¢ 13.12
0.80.8 27.21
0.70.7 28. 25
0.80.8 19. 15
0.70.€ 21. 16
0.90.¢ 27. 214
0.60.€ 14. 114
0.80.7 21. 21
0.50.€ 10. 11
0.70.7 6. 36.
0.80.8 34. 32
0.70.€ 11.10
0.90.¢ 17.13
0.80.8 17. 14
0.80.8 19. 25
0.70.8 23.19

perUNeaman Aé& FAJFf wi t h/ wit hout

was
rep
by



Tabd .eA2er agnaisgéere perUNedmandé&FWUf wit hh/ without
data on ten .odBEh oba®ts®® pvoimetn represents the m

muscle for a particular model across all i nd
P MVAO B
U-Net AFFU

DSC 1-RV E HD( mm) DSC 1-RV E HD( mm)

A B A B A B A B A B A B
RF 0.90.€¢€0.90.¢€20.18.0.90.€0.90.¢18. 16.
vi 0.70.&0.70.755.69,.0.80.€0.70.7 44. 27.
vL 0.80.€0.90.¢84.69.0.80.80.90.¢65.60.
VM 0.80.¢0.90.¢77.51,0.90.¢€0.90.¢52. 38.
SAT0.80.€0.90.¢49.50.0.80.80.90.¢ 24. 24,
SMEO.80.€0.90.¢57.39.0.80.80.80.¢42. 32.
SMTO0.80.&0.90.¢38.44.0.80.€€0.90.¢ 35. 33.
GRAO0O.80.€0.90.¢34.28.0.80.€€0.90.¢ 22.19.
BCEO.80.€0.90.¢37.35.0.80.80.90.¢19. 17.
BCLO.80.€0.90.¢33.63.0.80.¢€0.90.¢30. 27.
AM 0.80.¢0.90.¢78. 77.0.90.80.90.¢50.40.
AB 0.70.70.80.€¢€ 31.21.0.70.70.80.7 18. 17.
AL 0.80.€0.90.¢46. 20.0.80.80.90.¢15. 18.
GM 0.90.¢0.90.¢78.1140.90.¢0.90.¢ 78.137
IL 0.80.€0.80.8&875.67.0.80.80.80.¢8 22.38.
TFLO.80.€0.80.€¢ 72.53.0.80.80.90.¢16. 28.
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Tab3d .eABer agnalsére
dat a

mu s c |

RF
VI
VL
VM
S AT
S ME
SMT
GRA
BCE
BCL
AM
AB
AL
GM
I L
TFL

O OO0 O OO0 0O0OO0OO0OoOoo o o

on eight . @aEd HMKeadlat pYyiwoememrpr esents
e for a particular model across
P M\WA2
U-Ne t AFFU

DSC 1-RVE  HD( mm) DSC 1-RVE  HD( mm)

B A B A B A B A B A B
80.€0.90.¢23.19 0.80.€0.90.¢18.17
70.70.80.¢ 34.34 0.70.70.80.¢8 31.27
80.€¢0.80.¢61.53 0.80.€0.80.¢ 32.35
80.€0.80.¢ 34.25 0.80.€€0.80.¢8 21.23
70. €0.80.¢33.25 0.80.€€0.80.¢8 19.16
80.€0.80.€ 71.30 0.80.€0.80.822.21
80.¢€¢0.90.¢38.41 0.80.€0.90.¢ 29.30
80.¢€¢0.90.¢24.16 0.80.€0.80.¢20.21
70. €0.80.€¢€ 34.37 0.70.70.80.8 22.23
80.¢€¢0.90.¢45.23 0.80.€0.80.¢22.21
80.€0.80.€63.78 0.80.€0.80.8 48.4¢6
70.70.70.€ 35.25 0.70.70.70.7 16.16
80.€0.90.¢34.15 0.80.€0.80.¢19.16
90.¢0.90.¢68.74 0.90.¢S0.90.¢54.55
80.€¢0.80.¢87.61 0.80.€0.90.¢18. 42
80.€0.80.€€ 29.15 0.70.€0.80.816.15

perUNeaman Aé& FAJFf wi t h/ wit hout
t he
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Augmenting the traNeatngodhearhaaddnabbedl Usa
enhancing its performance and edrercorresa, s ifnogr tehxe

by effectively filling the muscle vo38yme t ha

Fi gB8B8egment ati on per f orNreatn cter aviinseuda Iwiz
augmentation data. The figure dbehi int
chosen from each o0fl/t2H@©Bt)hr de@a)c ah srmptl :a
manual taggmen while (b) and-Ne¢) mpdes e
without or with augmented data, respe:

6 2



Table 3.14Comparison of models across three metrics for different cohorts traitied

augmentationdat&i gni fi cant

DSC ( Mean

RVE ( Mean
HDMe an NS
DSC ( Mean
RVE ( Mean
HDMean NS
DSC ( Mean
RVE ( Mean

HDMean NS

di fferences
P MWL
Wit hou With n
U-Net 0. 824 0. 83 0.00
AFFU 0. 833 0. 83 0.79
U-Net 0. 786 0. 78 0.91
AFFU 0. 801 0.80 0.71
UNet 27.2 RN22.4 0.02
AFFU 19.7 117. 8 0.01
P MW2
Wit hou With n
U-Net 0. 828 0.84 == 8
AFFU 0. 833 0.84 == 8
U-Net 0. 880 0.89 == 8
AFFU 0. 873 0.88 == 8
UNet 45.0 N 36. 71 =m 8
AFFU 25.9 KN 27.¢( 0.06
P MO B
Wit hou With N
U-Net 0. 857 0. 86 =m 8
AFFU 0. 862 0. 86 0.09
U-Net 0. 9114 0.91 0. 47
AFFU 0. 9109 0.91 0.06
U-Net 54.5 K 51.¢€ 0. 38
AFFU 34.8 K 36. ¢ 0.07
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33.3.4 Analysis for individual mu s

The POMWcohgemehad!ly higher mean muscle volu
volume in the high range (VM, VL, TABM, GM) co
muscles were ranketdhe nREMdWdeor of ( meadnmeof ome:
ci). Compareil whntdBPRWH7. 23 Nt®ho8tesm some mus
VL, AM and GMBi n 2tih7e. IPHMVE 8 508t c mhowed higher
39) .

800 -

~-PMW-1 - PMW-2 ---PMW-0OB

= | | | | | | | | | | | | | | |

TFL GRA BCB AB AL SAT SMT BCL RF SMB IL VM VI VL AM GM

Fi gB8%lendi vi dual muscle vol dmme/ OBmgarios

Overall, a trend of increasing DSC for all n
(Fi gu0p. I n parti-tudrmad-2P¥¢Whot he, PMWscl es wi't
mi ddl e range were better segmdat edi byr A& de @
0. 7-2%7 1 %-IPMW B.. 2B%H(-2 PMWor AFF4. 29 %(-PMWS %

1), 0-2186%-PMN FFU, for most muscles -with vo
high range (3r0Or)owsSiimi |Firgurreend®©®Bwepbbaofounai
AFFtUhat | ed to betNeetr fporre dmocstti ommuss ctlheasn wd t h
| ow range (i mpHdoB8&/mgnt Fdir cioh®IBENWI hiotcant tr e
increased accuracy in DSC 8b0Ddtaa gaeug maurstcd teis
affected similarly the segmentation -Neft t he i
and AFFU model ap pd d headr 3tL &() R ihgeu rPEMW
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PMW-1

-o-U-Net - UNet++ = AFFU = FFU
0.90 ; Ny
o 0-85[
[72]
(=]
0.80
0.751
070 1 : 1 1 | 1 1 1 1 1 1 1 1 1 1 1 ]
TFL GRA BCB AB AL SAT SMT BCL RF SMB IL VM VI VL AM GM
PMW-2
-o-U-Net - UNet++ ~=-AFFU =~ FFU 2
0.80
(&)
?0.78}
Qo
0.76
1
TFL AB BCB GRA AL SAT SMT BCL IL RF SMB VI VM AM VL GM
PMW-0OB
-o-U-Net UNet++ -+~ AFFU = FFU { //’
0.80 i\ / /
9 o il / Y/
R0.78 oY I .
— “\‘\4‘ ¥ il
o \\ //
/
0.76 - /
W 4
1 | | i | 1 | 1 1 1 | | | 1 | 1 |

TFL GRA BCB AB AL SMT SAT IL BCL RF SMB VI VM VL AM GM

Fi gBx@Rel ati onship between muscle volu
Muscle volume and DSC for the three di
arranged in ascending order according
and eatchi npotihne fi gure represents the a
subjects.
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(a)

(b)

(c)

(d)

Fi
A

F

PMW-2 (U-Net)

0.95
0.9 )
B 0.85 - P e e
av ,o_ _______ _ﬁ\, A ;’.{/ N
0.8k Mg -e-Without aug.
~*-With aug.
0.75 | 1 1 | 1 1 1 | | 1 | 1 | 1 | | J
TFL AB BCB GRA AL SAT SMT BCL IL RF SMB VI VM AM VL GM
PMW-OB (U-Net)
0.95
=B
. g
09 8
3 0.85-
@ 0.
08k -e-Without aug.
: -+-With aug.
0.75 | 1 1 1 1 | | 1 | 1 1 1 | 1 1 1 ]
TFL GRA BCB AB AL SMT SAT IL BCL RF SMB VI VM VL AM GM
PMW-2 (AFFU)
0.95-
09
/'Q\,
SN
0 0.85 o o/ gt
o A S 7/
S Ny
08F  a> s ~e-Without aug.
N ~+-With aug.
o
0.75 1 1 1 1 1 1 1 1 1 1 1 1 I} 1 1 1 |
TFL AB BCB GRA AL SAT SMT BCL IL RF SMB VI VM AM VL GM
PMW-OB (AFFU)
0.95
09 .';.ﬂ """"" 4\\_.\
[3) 3.—..—;.«—-/
‘n —
@ 0.85
-e-Without aug.
08 ~*-With aug.
0.75 1 1 1 1 1 1 1 | 1 1 1 1 1 1 1 1 J
TFL GRA BCB AB AL SMT SAT IL BCL RF SMB VI VM VL AM GM
gBIPemuscl e evaluation trai neNe twi)tada
FUdYc The plots displayaubgmeb6€&€sti baf
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3.4 Discussion

Thchamgtiened to evaluate the performance of di

segment individual muscles of the | ower | i mb
po-mmenopwomah. The new meeceltstompboposetiude th
part (FFUgddhedl antutteanti on mechanism (AFFU), w

more accurate -NeanabhbdeUSleamdamOeWl baat®de pro
augmentation method al so enhancerdaitrheed seermg men

smal | dat aset s.

AFFU achievedcaoosres@Qg835D8Epending on the trai
providing a reasonabl e automatic segmentatio
cohorts of cwoanpetnmo dlen st hwiesr e t r(aPi Mi¥¢pdn do nt essatneed ¢
on differ ®MW2d ABgHit gher accuracy was found f
segmentation tools trained and teshalad on you
[ 1,7]respectively). The difference may be due

studies: fewer training datasets$SOwsupllesed i

[ 1)7;] more complex i mage texture was-processe
menopausal wo meme naonpda ucssbaels ewopmoesnt compared t o |
subjects i;n wihtols emwss aldd elsoss with aging, str

bl ood vessels become more promi Aaeenitg hwheidc h t vy
i mageda]; fmOa&IIni ng was plercfoohrommetd aonnd tthhee nP MVé s 1
two cohorts, evalwuating the possible applica

cohort.

ModA&FFU and FFU showed bNdtt eangpeUNotr manwleen h
di fferent cohorts. This effect indicates tha
could | earn meNeet fienataursensaltlhasnampl e sirze (n-~
from | ayer-Ble2/ 864l dneohbnce its | earning cap
attention mechanisms | ed to moreamdbiusts pme f
cases, attention mechani smef hapet bedO®%ocampa

St@ftdhaert non atf®@8Bion model s

This i mprovieencauthscenay teemt i on mechani sm al |l ows
general features, rather tnheanno pianufsocarl mawtoinoenn .t h
results also indicate that the proposed mode
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compared to the standard models. Al though th
some results, the HD, that is associated wit
of appr ox2ibmant ecloymplasr ed t o the beanémapgrtr oasht
the hip and its iIimage,tdxeute badeomesdloeor ¢ he
group, e.g. hip flexors, extensors and adduc
intensities of differenhedtossuvueaebl[i9@thagdutexir

There is a discernibl-segmeetani thedleeasrwiehnb
predi((CRiigwurseTIBe dhiacrheasndi cated bycardbarrows
attributed to noise interference, underlinin
influencing the segmentation3@&ca3@datherhRs wea
a few fat infiltrati-OBscomotthe whiischewené ¢@é

than those of the otherd etswo Acssluoni ng ftdimatt hd e

has the same ability to identify the target
parameters such as DSC and RVE is | ess obvio
muscles. This chbobwer tddge onr s@datmment s, the mo

relevant featdr e hfora md@®he WRMIRIMW Even so, t
model o®@B PWAM : DSC=0.857 NO.049; AFFU: DSC=0
comparable compamedetsal ssgmentyatunpet,.sphhjpct
U-Net and AFFU exXlowdeadreas g(efhieg uart ch 3 .slalne mus cl
PMWOB c¢ ochoomrptar ed-1.t ofr hRMW i ndi cates that a high
have a | arger i mpact on noise in segmentatio
However, this should be confirmed with furth
accuracy di sbyi ntfhleuetnrcaei ni ng with data from dif

When training data auglmecnothaotrito nwabsa suesde do,n itnhpe

found maiNetytest edl omohdret PMW expected. Th
AFFU and FFU model sb winhuesno tt epsd retel coam dt-rhifey WP MW
OB cohort s. This effect coNéd, behidolk It ackése
mec hani s npsower foulhefreat unetsud ear niemgdi ng t o it

the quantityl mg5Netai penggodméaace was i mproved

baseline after trlani ncionngt roans tl,a rtgheer ndoadteal s ewist.h
can | earn more features and information with
supervised | earning approach, with the amoun

model 's | eeleanncdhgAFFWbh emad el s achieved a si mil

6 8



segmenting the muscles after training with a

mains to be investigated what would happen

|l earned as much relevant i nHowemnadrn ,ont laees rmelsas
bet ween training dataselti rfedabto raenodv enmo, d eclo nasci cdw
that the training dataset whscbheet, ohhyg Dmp
in accur acy2 faomrd-GQBAlVE&/OPPhMW t s i s probably due t
enl arged dataset of mubtel et heatuobbsrabksoNkee
e
h

e PMWnd-OBMWohort s, whi ch wil |l be tested ir

The DSC performance was positively correlate

muscles (except AB and VI). This trend shows
of the model is generally better founHbHafoger
the testing andeOBIMWTHhMW result is i mportant,
segmentation of the models is used to assess

muscul oskel®&f7ddbr di seasesating biomechanical
mu tbtoidy dynarmi98dampldiet¢ati ons for which it 1is

properties of | arge muscl es. Neverthel ess,
should be better optimized for automatically
GRA, WwWhemre is more room for i mprovement. Thi

[ 1,7]due to the fact that there is |l ess diffe

sample compared to the older womddmoweayrmphe, a
variability i shiadmer fiorungdmaglelnevalldme muscl es
(DSC = 0.81 NO.057) or mMLEFles with irregul a

The techniquesdetvéekesped ithmhet hiesature fusion a
has been demonstrated to be highhgnodbepaedalci a
women compared-Neqt8tlfBMoceéagser cailt Ui's not ewort
model s are generic and modul ar as such it <ca

segmentati on, classification, as wel | as reg

AFFU/ FFU spent around 10 hours in the traini
i mage on the test -peaiodd MWbeéel usonmake wel he
S

it takes |l ess to segment a sufbGglect|[ Tlompar ed
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Thet udy thisscabpeered by some | imitations. F

using data augmentation techniques, the | i mi
significantly affects model training. Al t ho
phase by monitoring the | oss function's decl

real subjects should be &alusra hierrc Icuodneadd dtehr ee dc ri
generali zat Aoeeapnaldyttamittattitoen predposed nove
approach, which (umscasi dil y htehéd i fgdhaetsur e#ar i at i c
analysis. I n future studies, incorporating n
may | ead to the creation of realistic subjec
t he pot entnigalt hoef siengpnreonvtiat i on accuracy of t hi
of subjects. Lastly, after visualizing the n
some muscles exhibited noticeabl e segmentat.
segmentation errors coul d -prod g giand yaper ona d
muscles generally exhibit specificngpometric

processing might alleviate some | imitations
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3.5 Conclusi on

Thceamtasr shown that wusing multi attention me

the automatic segmentation of muscl-es from N

menopausal women, eNeemp amoedde | tso. sMoa redoavred ,U i t |
t hesdeelnso are | ess affected by the nunheetr of
model , which benefited from the augmentation

To optimizingfuhtbBeappabhebs®dt dbieesphanal gs
f ocuisnwenst i gat eafgi radedeestssshor t gener ali zations
di fferent cohort, e.g. young people, childre

chapter.
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Chap4Gener ali zati on
AFFU on different
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4. 1 | ntroducti on

Inprevious studies (Chapter 3), the automatic
enhancing the precision and efficiency of mu
accurate related dodetdleddbagerdsDE, maddl t hAF
(At t eFnetaitbbursdUdNet ) hfasu raoeatreo alcyeaug dusna n

mu s cflreosm -mepogausal women cohobDtmotdheatNse,polpul ar
and UNetm+pahlhds cusitawendger robustness against
by HD scortehe Hpevreesreal i zati on of AFFU and ot h
eval uated iann dd ia nfdeljfyawtt dc 6 hsger.®gn f f er,ent ages

gender, genet iRo bhuasctk ggreonverrda)l i zati on al |l ows me
di fferent age cohorts, imaging[déVmalisn@antdh e
more cliniMoalelowmoidablsewi th good generalizat.i

cost for r éturnainngi mog [ difehve dme khkested comes fr om d
or ot hepropwn saetreienotivegliln e ¢ amd th e bussteldy wi t hout r et |

or funefmgpar.ameters

Muscles in di,ffe.orge.nytdeidyeelagrenpardholbdtwaume n,

physiological differences, which posa&s a cha
dat a mMdodavdenDL .rAodne@ld® | t hat dpaetraf mirihossmoved i o n
cohsdmtes not necessarily exhibit the same per

Accur atlee mmbowreurscl e segment astoinoben diins ecahsielsd rle nk ei
pal sy, sarcopenia and neurological disorders
l oss or motionwhenet a o0 ueadd hlear bsaelgdyceanu lad an s

monitoring the progression[®fF, thteA4Hbjwsepvdesr du
their small jeTfrMakesc lpg exiizmsee segmentation mor e
rapid growth in children introduces greater
boundaries are often |[ddddfdefheedcommbacadi n
segment at.i olnheprloecsesssdef i ned ladumdadruiteesd itm cste
devel opment al and 9hy s i[ol0o0glli,dcrad hOftplecrt eorrasl |y h
|l evels of intramuscular fat and | ess develop
contrast between mus;edde tainodn aslulryr,o ucnhd il ndgr etni'sss
intensity (EI')) and smaller muscle size can |

physiol ogical factors, such as different mus
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of muscle quality, further contribute to thi
l eading to more distincBfomasblLembdehsahaes b
on these Zhwh et ,ale. appl i ed a deep | earning (
muscles {(nnchubddsef4 male, ®3f2mgkar wi bhdmeh
133N22 .1 cm, NE6.g%HtKkignTd .uddiiorsge with cerebral p
an averafgeO.DSE.

However, few studies have integrated data fr
testpegformed reproducibilitpyleadpliynsgi st hcen mu
manual segmentation process used to establis
can offer more reliable reference points for

various muscle groups.

The first & mtivédr €hampe eri sand -opee@mtiogate t he
reproducibility of marweallcdkggdgbreennt add homr ton( T
training rodloibdst hedglround truth from mhrual s
segmednattead i s used as amdumdlhiebrraactbeut acydeht it h

and to select which musc|] &b, tpl68] ect in ass

The second aim of thi scohoarptt egenesr aloi zeaxtpil corr e

AFFU, as proposed in the previous seetion, a
Net , UNet ++ -UNaendd) fAftetreenntti omodel s coul d be mor
depending on the considered cohort. The dat a
to young adul tBurainndg otlhdee rg eandeurl atlsi.zati on eval
feature |l earning capabilitidelopbeedohmmodelgn
better for one cohort over another. This ana
performance varies depending on the specific
i ssues such as overfitting or underfitting.

74



4. 2 Mat emeaetahl osd sa n d

4. 2.1 Participants

The subjects oft ywphtte wseladpy | (dTneh)Bd dhek a9 t hy your
adu(lHY) and 11 -rheemd gt ahws $IB BWY me n

ThElwei ghD€@€dnages owdreet EdemenagMagnet om Vi da
(Si emens, Erl,Lamwgem Gar ma hrpg g dtmemiod o f2f. 15.6g 4ansms
angl9% il egfrTehees .dat a was coll ected with an ethic
University of Vienna ErcehsraemneerecombeedOWb8h
met hod and are a composition ,pdxree Iy ztthe MR
1.00x1.08sMLi 66 1sbed)i g 3 single scmeabs Hcam
includes hip asadopdosgscanali helmudes most of th
tiBntHird scan includes tibia and feet.

The PMW subjects selected for modeusetdr ai ni ng
Chapter 3.

The wddol |l ected and anonymized as part of t he
data to inform the MultiSim Project: Develop
human muscul oskeletal system', STH Project N

16/ EE/TO0e4 9s)canni ng pr otoopceorla sweadss tt hhee csocahnoer tt hRal

(details i.n section 3.2.1)
4.2.1.1 Cohort statistics

Th e depaaridnoedt lee sd dilr @regeisvbeenl (odwb 4 8 1

Tabd4d d St atnifsotrintaatli o n

Cohort Age (ye Weight Hei ght B MI

Tpc (N=| 12N01 7 42N0Q9 6 1 5"8 17821 9
(4F/5M) (10.8  (34.2 t (142 t| (14.9 t
HY (N=g 26N34 5 6 3NB1 4 17N 0 21N14 4
(4F/4M) (22.0 {(53.0 (16088 (19.0 't
PMW N=11 69. 0Nf§ 66. 9N7 159N3| 26.5N4
(11F) | (59.1 ¢ (56.8 t (154 t|(21.2 {
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Il n the table, four parameters for each cohor
The numhidj ecft s considered in each cohort, al

as N=x and xF/yM (females/ mal es) .

4 2. 1. 2 Manual segmentationo&adndDE&perat
cohort

The operatimamupal ocegsmeanft abipemadod varemaDi hit
on PM&Was descri Bead I1.n Section

The overview of the methods us4ed.i ThehMK sec
i mages of TDC were segmenPleDedpyedibarece d piem am

muscl e segmed Ma®t ieon ,sthuadde nnes pwmheovi ous experi e

segmentation. Thweteot maished oemuatntesast 15
(version 2022)t20; dgTehte runsoefdi sthoert he I mage segmen
anat.omyn each rightheéhiihgbhp m2kEnemm@sebebdgmpmént ed.

Thr e
t hre

subjects wentder arpomldyuckEdb bt ydrstwary p
i ndependernitg hste gtmeiagha t pesouhbsj dectrd av oi d t he
not erformed consecutivel y.soffhe nadiglhle segm

Subj

0
e
e

i nfl uenceomwmdr ptrielved otuhsr ee s egment astaimpn eo pver &t
p
ects was performed by ameée sasme aperlde ogr
u

in further. model training

Operator 1

* Repetition 1 Intra-operator
* Repetition 2 repeatability

* Repetition 3

N=3

25 target | |
muscles
Q) —

Operator 2
* Repetition 1
* Repetition 2 Inter-operator
¢ Repetition 3 repeatability

Operator 3
* Repetition 1
* Repetition 2
* Repetition3 —

Fi gdr@ver wif envahreu a | segmentation operat
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| nto@rer ator variability of the TDC muscl e seg
calcul ating thege1fpoBi¢ctihsei otnhreerer ocorp e(rPABE)or s 1 n t
(w) and Ol)eeng@Gadns(i dering that operators may be
case with repeat evih sp rbatsleeals tohhirhodns teraicahl yospies at
each subgmpertatdrmntvwari ability was deter mined

(Precision Error) of the three segmentation
student) on the three[d@Bjveadtuse.s AocpceoPrkdtibnng itnot
variabil ity c¢ahobtehr2at.c eNparaebd vee rwhweansspeci fi c

considered to be segmented reproducibly, and
model training, o®landweaeanr HotWrt tehamE of

The Psoas muscle was removed from the analys
smaed andcupthftfabipptihe [Vilew

The pixel resolution of th’% M® ftolma geeasc hw arsu sic.|
was calcul ated by summing the number of pixe
( MATLAB, RB2wa2s2 ac)a.l cul ated as the | ength of t1l
3D segmentation results. The centreline was
topological skeleteatobnebnht magla®MBr omages
measur eimevats @fut omatically pémfscrurmead Woidred Itih
Tool-kxttCaat ried i h@2o6s!l i cerf 1(0M4dr si on: 5.7.0)

4. 2. 2 Deep | earning model s

Four Convolutional Neural Networ k-Be[{8&IN]JNs) we
UNe t[+5t5 |AFAtUt g eia dFoursaJdlp[tl)d]and At tlelndZh o nf iUNett
t wo neatrwdrn k ect-knewn ppHtelbewbe é desi gns t hat have
used in the figédmemnt afkehded chAaRH FAls khiasgeNde modi f i
strugnapie€kedpBaead showed better performance t
(INet and UNet ++) 1o tFhMW gchelhAberttesh aiswimdda | yo e e n

tested in the cont &a,bkiotf wauss cil rec Istedgank nit i tti hoin
benchmar k model due to its relativedawydsi mpl e
with |l ess training cost. All the model struc

(Section 2.2.2 and Section 3.2.2).
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4, 2. 3 pbmt @acessing

Al | i MRglesweer e convert €D gfirtoamd DInCaM ng and Con
Medi)ionefMNoG t abl e Nef womiat Gi aRMAZLA)B e sl ices
were adjusted into | eft and right parts acco

of 256x256 pisxiedles.ofF ouwb Crctheodheodftt o Fbépused, th
function in MATLAB was i amaplelheed MR <slriecad se haa dn
of 1.00x1. OOnOnmnb,e twietetn 1sl i ces. The corresponi

eachi M&yglei ce wer e procperssteadcalsi ng the same

4. 2. 4 Experimental design

4, 2 . Tda.sXkTels:it i h@&obhh model trained on PM

Taskodnsi sesdi hgerg(netCNANnd AFFU) st rvahineid wearse
on theohwWWescr Chadgdt,emon the TOIEC] eothiore . The
investigate the general whahi bnapmegfiecomaace o
(PMW in tamtdhderedy)y test dD@Bddarnadtomer oyghat
aims to compare the performance of AFFU, whi
mechani snNset wiot haslsess whet her t hperseediactttievne i
accuracy of the models, evéhewihastt i achededn
bot hsodi tdhiegh muscl esulfjtaedotisnvesTDQat e whet her
on one side of e idoiwfsfcdree necxensi biint paenryf or manc
bilateral musTol @ edaugmenthai noy. in tHed Qddrforn
each ®@odelpr oc svhse p etaltreede t i mes, and the aver

resul t g afrmguestelae hwer e used to represent the f

4. 2 . TlAa.sklL eZ2a:o r@ut wvROSSESaTbD@mohomt

Task 2dofnocewsad uating the per fdtma JdNe torf+ , d iAfFfFe
Att etdNieowam TiDagelst consi $¢nstboake fwoweragptst , mc
trained eWMRI umagekbyheadem muscl es and timen t est
the secondweartr dimaddnussrefiretsmt hsamniddes ubsequent
tested omBybonthrteHiddietrsrgai ni ng ssetd es munsccll vessi cam de
evaluating tthgeenee sl i zas$ ulAFsFgle rafnar ma mhee onfodel

78



extracting mus crloeb ufsathnt eusysk ig nds tf dt eltr desnycmem ef t rroym

bet wecesnhde ofwaerhec @aPagtingi ni ngneuat |(elay@) <cr os
validation strategegepepasoee@psohedct | wagadbésig
set while the remaini ngdlhdeiu mjadé c mawchvsdhree es e d f

aver agrdepdt i ti ons (9 in total)

4, 2 . TdAa.sxxCo3mprehensive testing across di

I n Task 3, AFBWemeadt oaheed CNMNd tested on sub
groups, tiypdlemeilcuhgn d @dTrBe) , yoadg(HMealatnhdy ol der

pomenopausal women (WaMW) .deTlree mi njee avthieweher t
feature | earning capabilitif edaitasdh,eit nccolnusd isntge
mul ti pl e agesignrgol uep dc,roddom itmry ,sa etarcahi nmondged por o c e d
repetaitreadet d irmecduce t hee erhdywrcivaiboiit mMbodeaver age

on t hdeaswmespresent ed aseptehte tnveosndli tf.f eFemte aalb ]

randoml ya sshed cctrsttesettd f r om, e &c s uth it Eeasittts sees, i n eac
whil e t he& Zruebmaeicntisngver e used for training.
Theummafyhow the data used in each task coul
Tabl ®&a4 a2 utilization.

Trainin TestingNumbeevalfuat e

Tas P MW TDC 18
Tas TDC TDC 18
Tas|TDC+HY+HTDC+HY+H 15

4. 2. 5 Evaluandmg imsdtircisc s

Foaperator vartihpdielci sy odinaéwyirss(ePdE)t 0 assess

reproduai Bielgiemewp b i-linigmie rmuscl e. PE was defined
- dbw. ., YO
v o d—h)(,o - T@
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here CV is coefficient of variance and is de
(SD)t bmeech'n (Ofpropd&dw 0Des ofmesadalhes t he number of

subjects (equal to 3 in this section).

For segmentation mas$ kwieaf tulsied :s éd tcieo 15,i nfi d warr i
(DSC), Rel at i(We/,ENeod sudmer fHrHODojirAw ethage Sy mmet r i ¢
Surface(Bs§gtance 9], DSEL7] RVE7@hd HD were def
Secti.0ohed4dASSD measures the mean distance of
| abel boundaries and the reference | abel bou
B. QnM B, Qi

0 "Y'YO - -
DI D

T8

wheé& andare the boundaries of repeoeassetlabab
respe@iibvel yhe Euclideanodndt adicflatentawe em W&

score, closer to 0, indicates that the segme

When comparing toro darmhé& epeaddlommdets aqn both
the differences were teste8mifomownwotrensat i twhius
indicated that the differences between the p
Consequently, -mamk | coxtonwa]s,gae[ieliklopadr ed valu
model 6s MHDENARMiEe,t ri cs were compared across |
signifieoadha@bd

4., 2. 6 Training procedures

Al | model s were trained using idEBOBOali prot
GPU with 8GBubDfnmembeytr ai rwienrga n dtohnel yi ncpruotp pi em
size of 128x128 pixels wheifcadnt e omeé iyng efderd eisnt o
comput avlBodoinaadl sedihkee pismpact of I mayg-blehopi se. |
UNet + +, a nWN eAtt ,t etnhtevalm@t ch osil6e whil e for AFF
waset (doe8t o memor.yhei 2eolcihmwiaatisen) to 100 i
taskh&.initiawa@.efa0rlnianngd rnautlet i pl i edThg 0. 9 af
ot herppear amet ers were empiriclad]l,y [tludhled for b
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4. 3 Resul ts
4. 3.1 Opepaboduaxn olioffs itsODC c o hort
Tabd &eproducibility of muscle segmentation.
| ntopa PE [|l nio@r PE [ %]
Muscl es W 0 W 0
Rectus femoris| 2.3 3.5 7.8 2.2
Vastus i nter me 3.8 1. 4 10. 9 15. 7
Vastus | ater al 2.7 2.3 7.6 7. 4
Vastus medi al i 3.1 1.5 7.3 5.3
Sartorius A 2.5 1.6 18. 6 1.1
Semi membranosul 2. 8 2.2 13.6 5.0
Semitendinosus| 1.9 1.2 9. 7 4. 2
Gracilis A 4.0 0.6 19. 4 2.2
Biceps femoris| 4.5 3.1 24 .1 8. 3
Biceps femoris|f 3.2 1.7 11.1 3.8
Adductor magnu| 2.7 3.9 6.9 6. 8
Adductor brevi| 24. 18. 3 32.9 37.9
Adductor | ongul 5.5 3.9 12.7 7.0
Gemel |l us super| 21. 28. C 36. 6 44.6
Gl uteus maxi muj 1. 2 1.5 6.9 1.6
Gl uteus medius| 3.0 3.3 4.0 6. 7
Gl uteus mini mu 16. 7.6 29. 6 8. 7
| liacus Ay 5.2 2.8 9. 8 3.5
Obturator exte 9.4 35. 1 32.6 38.1
Obturator inte 4.8 9. 3 17.5 28. 7
Pectineus 5.1 4 . 23. 4 8.9
Piriformis 7.0 26. 59 51.9 27.5
Psoas 4.1 3. 4 15.1 12.5
Quadratus femo| 17. 27 .9 32.3 44. 6
Tensor fasciael 5.0 2.2 17. 8 5. 4
| ntopa PE <|I nto@r PE < 1C
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| ntaenrd -0 mé rRPaf oor anld was cal cul ated bwp)harned obgpe
one operator overopt)hroene trherpeeet irtai nodnoshireichnot srean
cohort . soffh eiomataddru-e ptEr & ower we mam k2@ %il nu el iaghhdt
in or amgspMecsdlvediymar ke dwefithagger (Boyrmbol
doubl e yegqpa renytsictdieast ex hi bi t ed hi grthaoreproduc
i ntoeprer at or anal ysi s[ @a mpreedorptaeuds ail n woerfeenr. e nlrche
excldGemebupgObtourat eODhusi at @erelPus, ndPud or mi s
andoRs

The -operawas RBvaear tohpee riRadtcerr most of the test

(Tahl3¢ , iebgwlfedRt us f emor iTshiand eSairlttoriinuds cat e
operator tends to be more consistent in musc
consi stency i s wmmoeraes uprreonmeodutnsc etdh ainn i n

Muscl es | i klar etyfiiesr IADQeunnetisolrp Ob toueaxt er nus and
Quadrfag marxihd b PH nhibgohtahn di rotpetra mal yses, i ndicat.

in consistently segmenting these muscles reg

From the manual segmen&g®atbivapoeuwd esputad a Iz ad ii fofne r(

be observed i(upgper tshp egtht oe)gli@wml Yadthnusnuscl es

intermediMastusl!l ) aaredal i s (VL), especially be
Similarly, taipbe aAdedhu catboors Bberiegvniisf i(chaBnt, di f f
in boundary delineation Deeweedi peranoes at

results sho(hei-oopndredfl er MPBRBex ceeds 30%, whil e
operator PE for the VI is greater than 10%

18umcdecsh as femer Re [att\wasatluiss ,maaxn dau@li btigu s
relati vel y-olpovaisfaBorpismha nd t riandhic@dpmagduci bi |l it
from the sBmeseopk8 amwgcl es wer e idenwd ludeetdi d m
st agleslo falad k 2.

ExcepitoDbt ur at oo umjt@¥tnak), 1dBe restmarfkdadche m
i bl ue Tabhd &o@ehran 10 %.

Amonde 16 highly reproduci p6pp dméhhod tellsy r eport
reproduci bl e muscleshedmanhudli edkely mudhalse s BaETIt
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consl gteapridodouchi mlheddwes e i ncluded Tars kt Be ev:

(where both cohorts were used for training o
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Repetition 1 Repetition 2 Repetition 3

Operator 1

Operator 2

Operator 3

Repetition 2 Repetition 3

Operator 1

Operator 2

Operator 3

Figur\Ww squaz2l i zatsegmencraoesnsa @3l r epet it iTohnes amon

| ac®@eimbi ned MR i mages i n tHeoupppedre asradnel cswdr
selected for the repe3atcadorirle stpyo nadnsaltyos itsh e Rfeip
tri al segments perf.ormed by the same operato

8 4



Tabd éntopaer at or coefficient of variance.

CV of{ %) CV b f( %)
Muscl es Sub| Sub| Sub | Sub | Sub | Sub
Rectus femor.i o.7 3.3 2.1 2.8 5.2 0.38
Vastus Iinterm 2.2 4.7 4.2 0.8 1.8 1.3
Vastus | atera 3.4 2.4 2.0 3.3 0.5 2.2
Vastus medi al 2.3 3.3 3.4 2.0 0.7 1.5
Sartorius 0.5 3.8 1.9 0.5 0.7 2.6
Semi membranos, 0.9 4.7, 0.5 3.4 1.2 0.9
Semitendinosu 3.1 1.0 0.4 1.4 1.4 0.7
Gracil i s 2.8 4.8 4.0 0.9 0.2 0.5
Biceps femor.i 5.6/ 5.3 1.3 3.5 3.2 2.7
Bi ceps femor.i 2.3 5.0 0.8 0.6/ 2.1/ 1.9
Adductor magn 4.5 0.9 1.0 4.3 5.0 1.5
Adductor brevH 39. 10. 10. 30. 2.2 10.
Adductor | ong 1.8 7.9 5.1/ 5.7/ 3.1 1.8
Gemel l us supe 9.8 11. 34. 25. 31. 2 7.
Gl uteus maxin 1.3 1.3 0.9 0.2 2.5 0.5
Gl uteus mediu 3.9 3.3 0.7 0.8 3.1 4.6
Gluteus mininm 27. 6.0 4.5 11. 4.7 4.9
I'I'i acus 2.3 7.9 4.0 3.5 2.6/ 2.2
Obturator ext| 14. 7.5 3.4 5.8 37. 6 2.
Obturator int 6.9 3.8 2.8 14. 4. 4 6. 3
Pectineus 5.6/ 6.0 3.2 6.1 1.5 5.
Piriformis 6.9 9.0 4.0 15. 29. 32.
Psoas 4.6/ 3.8 3.7 2.0 5.2 1.9
Quadratus fem 20. 8.1 21. 47 . 6.5 6.9
Tensor fascia 2.6/ 8.2 0.5 2.2 2.5 1.7

| ntopa&r ator coefficiccanidocfl catiaaede byC¥ rmeo 0|
(operator 1) over three r-2MMesictiesansmaoketdhi ae

indicate high reproducibility
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Tabd dluscl e volume and | ength variability ana

Muscl e Vol ume (cm3) Length (cm)

Left Ri ght| Di ffer Left Ri ght Di ffern
Rectus fd135 (84| 159 (98 18 %|[29.3 (23130.1 (27 3 %
Vastus in255 (19 246 (18 3 % |33.5 (3(332.3 (2¢ 3 %
Vastus | a358 (26|410 (29 14 %|(32.1 (2630.7 (27 4 %
Vastus me 218 (15227 (16 4 % [30.2 (2129.9 (249 1 %
Sartoriug 62 (54| 69 (49)] 12 %|49.0 (4448.2 (41 2 %
Semi membr 100 (9d 110 (85 10 %|26.7 (2425.3 (2] 5 %
Semitendil| 94 (61, 107 (68 14 %|31.0 (2§31.4 (21 1 %
Gracilis 45 (31| 48 (32 8 % [32.5 (2430(8B5. 6, 6 %
Biceps fgq 50 (32 49 (29 2 % |22.7 (2123.1 (1¢ 2 %

caput br g

Bi ceps f ¢ J
93 (58, 101 (52 9 % [27.7 (23]25.6 (21 7T %

caput | on

Adductor (279 (204304 (21 9 % [28.5 (2428.4 (2¢( 0 %

Adductor 61 (37 58 (34 6 % (13.7 (14 12.5 (9 8 %

Adductor 64 (52| 74 (47 15 %[19. (17]18.5 (14 6 %

Gemel |l us 5 (4, 5 (3, 3 % 3. (3.] 4.5 (3. 17 %
0 (24 0 %

Gluteus n179 (100181 (11 2 % 15. (1415. 7 1814 0 %

8
8
Gluteus 1407 (287465 (29 14 %|25.9 (2426.
7
4
7

Gluteus n 48 (38 51 (38 7 % 12. (91 10.2 (4 18 %
I'liacus 97 (68) 99 (67, 3 % |22. (1921.5 (14 5 %
Obturator 26 (20| 24 (17 9 % | 6.1 (3. 7.8 9.64 28 %
Obturator 28 (2t 24 (15 -16 % 8.3 (7:| 6.6 (5. 21 %
Pectineudg 31 (23 33 (23 7 % 10.6 (9| 10.5 (9 0 %
Piriformil] 18 (10| 16 (10 11 %) 5.2 (4. 6.(24. 6, 20 %
Quadr at ufg 10 (2, 13 (2, 31 % 4.4 (3.|] 5.6 (2. 27 %
Tensor fa 32 (19 30 (23 7 % (14.2 (1213.8 (172 2 %
Medi an ( mi ni mwuan, afarsanxuesred hefpd(iomge ) v ol ume and | €

right antdi mbf MMbodvlessi matod @daivi t hodehbdt e
signidfiifcfaernfterdipen (MBt) bet weemahdmbseespectively
di fference between iMediadmul Ja/t dédd ase (Medmamt

results used were performed by the same oper
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4. 3.2 DL model testing results

4. 3 . TZa.slk 1 TrDeG uclothsor ¢ stiles$s i hgom model t
PMW

Tabd dModel cofmprafrtiemenet r i eNetdfAFFU trained on
cohort.

Ri ght
Mod el DSC RV E HD (mnm ASSD (|
UNet 0.531 F-0.278 1 116.0 | 10.9 N
AFFU 0.559 F-0.337 1 76.37 | 9.2 N
Left ¢
UNet O0.4®DP528-0.287 1 126.3 | 11.4 N
AFFU 0.537 F£-0.343 1 92.8 N 10.2 N
DSC, RVENRAISEHD fol& dmidocl esepve dthanlhil Igidteyd i n t he
aut oma&tgime nrteastulotns. Val ues i n Nditeanddrddk dewi 4t

SD) averaged across 9 TDC subjects of 3 repe
calcul ated for each valuda.bBi@thd ilghdtedv alnudodn

Right

ok

250 N

i
0.8 - o i - -
1 1
0 ! 200 .
0.6
T 150
0.4 = T
@ 05 100
0

-
o

DSC
RVE
HD (mm)

ASSD (mm)
%

F
F--
{LF

F

0.2 I 50

N
=]
=]

U-Net AFFU ’ U-Net AFFU U-Net AFFU U-Net AFFU
(b) (c) (d)
Left

-
bt
o
N
a

—_— 300 — e
08 e G -
T I 250 =

e
0.6 £ 200 ! ol
£ 1
1
0.4 5t 2 15
1 -
4 0.5 100
0.2 i '
-
o
0 ! 0
U-Net AFFU U-Net AFFU U-Net AFFU U-Net AFFU

() ) (@) (h)

Fi gdrBodedmpar i sonsod Nt o tAhF FsU de ai n ePda noenl sP MW

ad represent the segmeindatmwanc Ireshu Irnveg rifeas repretr.

»n
=)

DSC
RVE
o

o

ASSD (mm)
I

t hesl eet muscles. The box plots for each mode
target mshdbepb@mt saveraged!| pver the three |
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Statistically

signi fi

Tt *o*n T8 P
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U-NetR U-NetL AFFUR AFFUL

canmodiefrfe rempd¢d elde twid en
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T
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o
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U-NetR U-NetL AFFUR AFFUL

Figdr@&ompari somsegfmemusadlieon performance of th

| owleirmbde&ach boxplots includes 18 medi ans
repetitions. I n each subplot, dark and 1| i gh
When trained on the PMW cohort @ngetr é st end weh
However, under | ow scores, tNeda AFtolh gsthDSd pe
(0.559/7 0. 5/ B7m@tdr,i HDt /(17e6ft418OY2 . Bn dnmASSD (9. 2/ 10

n T8y
(26 . 5 %)
wi t h

Compared

rightde

increase in

reductii

wi t h

on 1in

i n HD and

to the

muscl es, wi t h

HD,

8 8

DSC, a 1.
and -Me t9g Bl t{iA&F3SID.

follionprogea@®taderi ght
1BRe 6 &rRWVIEQ-§ 8)6) o utnp ASS®r med A
i mparoovlekm% sfdeéesth

(8.9%% of |

Nett demoest AREFEdamsd gdi fi cant
t he
7%

foll owi negNeitmpr ov e me
(AFFU) i mpr-N@ement i

and 4. 4%



4 . 3T@s kR 2 TrDeG utletsst: resul ts TDbD&m hnoode l

Tabd &odel cofmprafrt s nneedi ¢® t hi st saiundegd fom mw
ri glemguscles from TDC cohort.

Ri ght
Mo del DSC RVE HD ( mnm ASSDmm)
U-Net 0.8®W10 0. 1Nw1 1« 31N&6. 2.NL. 4
UNet ++ 0. 8W®W8 0. 0. 1IND7 1! 32N%7. 1.8eL. 3
Attenti O0.8W6 0 0. 1092 1. 32N52. 1.NeL. 6
AFFU 0.8®W4 0. 0. 061 20KN32. 1.\®. 9
Lepart
U-Net 0.8WA2 0 0.0W41 51N82. 3.N3.0
UNet ++ 0. 8®6 0 0. 1\NM92 1 38N®»6.. 2.M. 6
Attenti O0.8W®W10 0.0W7 1 42N51. 2. N2 . 1
AFFU 0.8®4 0 0. 0NDG 1. 29N25. 2 . N1L. 3
Theal ues in the table represent the mean (N

S U b juescitnsg-o hr@ewatv emet hod Adetrotmoldedf 162 (9x18) |
for eadihevélese. val ue Bungddri gehatcehd ment rbiocd d f on

1 03 40
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0.25 Fr— % —n—ﬁ_x: 35 e
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L

0.75 -0.05
U-Net Unet++ ATT-Unet AFFU U-Net Unet++ ATT-Unet AFFU U-Net Unet++ ATT-Unet AFFU U-Net Unet++ ATT-Unet AFFU

(e) U] (9) (h)

Fi gdrBer for mancd osraanp ama seln. Box pl-Nes of f ol
(bl ue), UNet ++ -UNcerta ngee)d,)g rreenéds hAd-fAt i(ng i cat es

™y ** imdBigRaeed sreapresent thsidesmuss!| o

paneh srepressemnkedfifodee muscl es.

[
o

For t FdedrUNBt ++ achieved(0hiB6.BIG4HIWhstc hDS G < &w
hi gher-Ne(hOa nSBULOP 48P AFFU achieved tRWE highest
(O. ONMG6 161), NBID. 820mpB and.ASIM)(,1.o@tperformin
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model s

wi t h

foll owi ANefi, mMipov &ihe 0o (118Bhpe 5 %+ ( U

and 19. 3%UNArRt tm@ipt iionn DSC;Nefh4 i@ Po, (B6. 0 %( At t en't
UNert ,m8tp i n HDNefOfH U n ASSD.
For t-diedd ehiscles, the models did not exhibi
with an aver &Sgenidracugtht a h&88, AFFU al so achi
RVE (600745), N#HD. {20mP and .A8SM)(2with follo
i mprovement compared ffor8of he2k.. 6 %B@AEBIe  tUINen
™tp in DSC;Nefq3 @ po, (D4 . 9% (MBipe tatntd, 3 1. 3% ( At t
UNert ,M8t) i n HD, NS, % ,( 2. 2%UNAK t @Yt iionn
ASSD.

M_ - x MT - **_ 001: T é B : _
J0g%lplp i ef=100a-
. RunNet b R Unets+ & @ R att-unet - R arru L h UNet b R Unets+ - ®) R att-Unet™ Rarru
wf T AB— N
£ E2.5- -
;::30- H - B é’z- = Q - B Ij Q
10: Q L é E E I::I E l;’ T % ) E - + )

’ F;U-Ne:ll- F‘*unemL © '.?Att-Unet'.- R AFFU': ‘ éU»Nelll- RUnet++L () RAn.Une(l‘- F"AFFUL
Figdr&ompari son of muscle segmentation perfo
| owleirmb de s
When trained usicdog mus gyl ¢ehe theghmodel s showe
muscles on both sides (except for RVE), with

side
The average
4. 2% in DSC,

16.

museecsl egspected

(0]

90

38.6% in

HD,

I mpr-oaveememaos ¢loe st dseimper guballs t . G % e
5% t

and 20. 8Y



Tabd §val uestfatoemm bl yal s of each
nval ue
Muscl es U-Ne UNetAtte'AFF
UNet
Rectus femorindo| n®o) ndmg n dH
Vastus internndn| ndny) ndnH ndn
Vastus | atergn®dp| ndng ndHg ndPm
Vastus medialln®dn| ndnig nd®naq nodn
Sartorius nén| ndnq¢ nd®nH ndn
Semi membranogn®n| ndny ndnH ndn
Semitendinosyn®n| ndnj) ndnn ndn
Gracilis nomM| ndnigt nd®anH ndn
Biceps femoriindn| ndny) ndnH ndn
Biceps femorin®u| ndny ndny ndn
Addumbgnus noén| nodnyp ndnN ndn
Adductor longndn| nd®nl1 nd®nH ndm
Gluteus maxinndn| ndny ndnsa ndn
Gluteus medi yn®dc| ndmy ndmdg ndo
I I'i acus nep| ndmf ndmdg ndn
Obturator intndp ndmy mMmdnsaq ndwm
Pectineus noéc| nd®n1 nPyH ndT
Tensor fascigndn| nd®n¢ nd®nH ndn
Thgval ues in the table were

of t he
t han. 0. 05

same mu

sc |

e acr oss

t

mo d e |l

cal cwhli dabheed@rlBeg co

he

9 thexatl ueamp les s

Thr e Dpmokel s showedf te(gaingwisea AltdPhn e

segmentation predilitli atruesrcalews!l tfoorb /tawe alrs ti me ¢
medi al i s, Sartorius, Semi membranosus, Semite
brevi s, Biceps femoris caput | ongum, Gl ut eus
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Tabd Model cofmprafra s nmeedi ¢® t hi stsaudgd bar

bi | atuesrcalles from TDC cohort .
Ri ght

Mod el DSC RV E HD (mnm ASSD (|

U-Net 0.8®00 0. 1W9 1 34KN77. 2.N1. 9

UNet ++ 0. 8W®W4 0. 0. 1IND2 1 28 N%O . 1.8\8L. 3
Attenti O0.8®40 0.1WQ0 1 31KND4. 1.N\8L. 4

AFFU 0. 8®5 0. 0. 12 1 23N20. 1.N1. 1

Left ¢

U-Net 0.8®W7 0 0. 1W1 1 39Nv4. 2. \2. 2

UNet ++ 0. 8®9 0. 0. 1\®4 1 36 N®6. 2. N2 . 3
Attenti O0.8®80 0.1®7 1 37N38.. 2.\2.2

AFFU 0.8W1 0 0. 107 1: 24N41. 1.NL. 3
Dat a was obtained in tHaeab$t/amd. manner as desc
BB 88| éé'%ﬁgﬁ sEERY
O et Unm(;) ATT-Unet  AFFU O TUNet  Unetr +(b)ATT»Unet AFFU et Unem(c)nmm AFFU O et Unen*(d)ATT-Une( AFFU
CEEER e L B —& | L EQ N
T@EA*ME@$$7L@5 ?i¢L9
T8 et Unee;;) ATT-Unet  AFFU O et u..emm ATT-Unet  AFFU S et Unel++(g)ATT-Unet AFFU % T UNet  Unets ATT-Unet AFFU
Fi gdrRer formance comparison of eaciNemodel . B
(bl ue), UNet ++ -UNcerta nge)d,) Aatntde hAD-F{FUN i (ngQrieceant) e sa r
Mty ** imdBigPoe@(Br epresent t he-sriasulntuss cfl ers ,
whi |l e (ep@)mnelps e ssecrotr letedfiecodre muscl es.
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(1) Reference

(2) U-Net

(3) UNet++

(4) Att UNet

(5) AFFU

Figu8Wi sd4uali zation of model perfor manc
test subject. Rowsedmgnt ot i(dn mrepuletse!
truth) and each of the models. Col umn:
right and | effThei ges | owe ap e otwislve(hadw ltial
red arrows-skiggneint ghi omi €rr or s.
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AFFU achieved bestNOstd0Dps NHO®. RZBmMPO athil 9 ASSD
1.1 mm) wiitmprf @ovcdomepiatrge d t o eNemlem@&p , 26801 B %( U
(UNet)+#8tp, 15% (At fhemdtp oinn URME:NeF3 mdtpo, ( U
27 . 3% (AttgnmBiponi nNUNED,;Neaip, 8% (ith ASSD. From t
visuali zahowhi gwme i4t. can be seen that compat
and UNet++ achieved mdrhe-Nceltlo saenrd sAd g menrtti eoch rUd
| ess relgaowmh-snée g me n[tlalt 6 Jo n

For | efhikde, AFFU was superior than the other
(2MN44.1 mm) and.A8SM)( 1.wi mpr bodedmepva rnegd t o
ot her s:-Né&@f) 5ip(,L,U 0. 3% nN( od&iet +A, DSENel, 78 p( U

28. 7% (QYN=Btpr+,14. 6% ( Af tmdupt iionn RVNEeNeFH§. 5% (U
™ip, 33. 9% (1BiNe,t +3+4,. 2 % ( Arf tT8upt iionn HDNNtR2,. 7 % (
n mp, 19. 0% (1BNpe ti+m+ ,ASSD.

1 T T T T T T T T 0.3

0.25

1080 1 g 8iljn)

R L R L R L R L
Riynet b R Unet++ L R att-Unet™ Roarru b U:Net Unstit ) Att-Unet AFFU

(a)

30 4 o

20
|I
e
—*
= ]
Iﬁ EQ :
1
o o = 5
.I_'L
Bou. .t B ..k R Ryl R E  Rgoe xR

T b3 -r
a1 1 1
e L L L
R L L L
U-Net Unet++ Att-Unet AFFU U-Net Unet++ Att-Unet AFFU

+ s
() (d)

ASSD (mm)
- &
- :

J.

e
o

Figdr@ompari son of muscle segmentation perfo
| owWeirmib des

After incorporaMRngmapgBetaddredlemgmu stchleesdi f f er e
mo d e | performance between tpeoheliGrcgdd)eri ght
Thrneoedel s showed better DSC scoresthe | eft s

foll owi g8 %aeisUBtp, 0. 5% of Att@eintamd WUNE%®
AFFY @Stp .
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Tabd dMo d e | generalizati &6 or e warldagidrisd db no rc oTmMp@& r d c
and tested on PMW and HY cohorts.

PMW
Mo d e | DSC RVE HD ( mn ASSD (|
UNet 0. ON®Q 0 -0. 9\W1 0 85N=R9. 28 N30 .
AFFU 0. ONDG6 0 0. 9\ W6 0 9O0N®7. 29NB1.'!
HY
UNet 0.551 -0.3W22 87N®»7.. 7.8.5
AFFU 0. 69 1 -0. 292 2 74N74. 6 .N2. 1
Foll owing t hev glewmantr idJdas&a tls wmp | e me nwea rayl seox per

s eledichtr @@ e tfiotri oenasc h mo d elneiut omrahe@i hgaene r at e ¢
first psarbts eacmidint@eme dtheesth on PMW and HY datasets
teswembe@soend rtihgeght | ower | imb muscles, with the
mus¢leds. [ 14]

Botmo délastloedsegment the muscles from PMW coho
DSC and RVE scod es holvaebd et e 1Di)mialnar gener al i
Task 1 on PMW coh.o585 tfmr0.D6S409 BabR@MEZMWE fr om

4. 3T@2s B 3 Reessudllttss :f rom model trained o

Tabd daéMo d e | cofmprafrt B nmeedi ¢c® t hits astnhedy ., onmod e
combined datdaddteriemd!| adjiengr oups.

Ri ght
Mod el DSC RV E HD (mnm ASSD (|
U-Net 085M0. 0. 0. 1IND5 1 18N24. 1.N0. 9
UNet +- 0. 8W00Q 0. 0. 13 1 17N3%1. 1.8 . 1
Attenti O0.8W20 0. 191 17N85.. 1.N1. 1
AFFU 0.8WW20:. 0. 1WW7 1 16N33. 1.88L. 0
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The val

ues in

t he

subjfercotns di fferent

from

Fi gdrl®er f or mance

t abl

age

e

represent

groups 1in

eac hActo@®H®dIR lolfallel s

compar i s oonf

wer e

3

cal cul at ed

off o uera cnfidkanroidcesl .f

t teshean (
repetiti ol

for

OB

1 0.3
0.95} — - S = *_*#_
- T T - 0.2} :
0.9} : i ; i = : L
§ |50.15-
0.85[ T | —
—— 1 e 1 [ L 4
4
o8r 0.05}
0.75 0 . . . .
U-Net UNet++ ATT-Unet AFFU U-Net UNet++ ATT-Unet AFFU
(@) (b)
40 3.5
35 _ 3t *%
30 T : - )
_25f =t : e : z !
£ £ — mm mm
2 215 ] & B3 |
151 < _L 1 L 1
10} _:_ - —:— ._:_ i
5 0.5
o U-r;let UNt;t++ (c ATT-.Unet AFIFU 0 U-I:let UN(;!++ (d) ATT-.Unet AF‘FU
(bl ue), UNet ++ -UNcerta nge)d,) Aatntde PAD-{FUN i (ngrieceant) e sa r
My ** imdBig&gbedh boxpl ot inehuodesmudsbl melr ams
testing subjects.
AFFprovided the(b®6t NOPr®4d2 ct RMOBs1107.,1 /D: 16 . 7
33.9 mm, NMSID:mnml). 6amon g sanallnMproaed e ANt ([ b
n mrp, 0. 2%nN( oNpt#+tn, DSCsNefj2 m8tpo, (U1. 2% ( UNet +
n mtp and 14.8% (N ABipentni RVENAB L BWH (ilh
ASSBI | model s show no HD g(nRli@&.idcamm) .di fference
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Tabd dMeo d e | cofmura fif eo®ent age groups.

TDC
Mod el DSC RVE HD (mn ASSD (|
U-Net 0.8®0 0. 0. 1NM2 1 22N33. 1.N0. 8
UNet +- 0. 889 0 0. 180 0 22 N20. 1.88L. 3
Attenti O0.8W7 0 0.2\W3 0 41N22. 1.8eL. 7
AFFU 0.8®6 0 0. 1®7 0 29N30. ' 1.N. 1

HY
Mod el DSC RV E HD (mnm ASSD (|
U-Net 0.8®W50 0. 1wW21 27NB9.. . 2.\D. 9
UNet +- 0. 8\®1 0. 0. 1INW9 1 34N&81. 2 .NaL. 1
Attenti O0.8W50.0. 1\W4 1. 28N5B2.  2.N0. 8
AFFU O0.8®Q0:. 0. 0W4 1 31KN34. 2 .ND. 9

PMW
Mod el DSC RV E HD (mnm ASSD (|
U-Net 0.8®Wa 0. 0. 1ND7Z 1 25NB9. 2. ND. 9
UNet +- 0. 8N\07 0. 0. 1N®1 1 25ND5. 1.\®. 8
Attenti O.8®10 0. 110 26NB9. 1.\ . 7
AFFU 0.8W4 0. 0. 1\07 1« 24NB9. 2. ND. 9

FotrhTeD€ o h,o rARRWVE: NO. D8B, ANISD: anbt)er f or me d
Attent i(oRVEUNND. DA B®mBrYan Nt LNO7. 8 fmm@ryonl y i n
terms of RWE sapnedc tAiSvSeD vy, wi th i mprovements of

For HiYbh@hort, AFFUperhfoavrerda S tN@O 08830, RVE (0.
0.136) an®NOASSEDmMf2campared wioth fol-Newjng ga
n mtp in DSC;NeZlmdpo, (V2. 9% (MBipetatntd, 19. 2 %

(Attent homdtpUNien ,RVENeigt, % (alhd 8. 7 MiWNet + +,

in ASSdr.e i s no obvious difference in HD bet

For the PMW cadhosghaqgw AbFdtUt edri dencor e i n HD and
Net in DSC and RVEBESBWi tim OHiQn @ @6 BAd RVE. UNet
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(DSC: NO.®2B) and At tKRNt0304) UdNeehti g ve d 8hli gher
t han AFFND.(004.187 4wi t h mwBad nasn dOn BBBMPG (respecti ve

TDC
@ 4 (b)os (©) 5 (d) s
0.95 0.4 40
™ * =
Py - g2 g m
o 09 T w03 T i £ 30 1 £
@ > E3 E a
0.85 &2 z Q 21 T i i
i L
ol L i 01f 1 10} . T @
0 0 0
075 x N G X o' < G X et & A % et <
RO P oY e g W R A Ll o€
YH
(€) 1.05 f) (9) g0 (h) 4
. . 0.4 i us
Y *
5 03 T sor - =
0.95 = = - 1w ; . E - £ 3t = = =
@ 09t _ ! z % Ean - T T
-8l Hleng Baeniiing
20
08l 1 L A 1 of L L e AL 5 gR 1.5 o L 5
0.75 -0.1 5 0 1
X x X N & x ot X x X ) X x X N
N e F“»““ € Nl ?ﬁﬂ* € o e }(‘»‘“ o€ N e P‘ﬂ»““ 5
PMW
() 1.0 = (j)o (k)50 (s
kx| 4
1 i * « _25 3
B . S— - E
095 __#x G - _ - £ 30 - £ —
g T o« _ |y -1 £ = 4 -
S o9 * E 220 2
j E 6 g 0.1 - z @
$L
T ED
0.85 1 0 10f o1 b - _;I_
£ £
L
0.8 01 0 1
ot x ot N G X ot < o x ot N o\ x ot )
N e F(‘»“ € o '5«9‘\ N W e '&»“ € N e P‘«»“ o<

FigutPedformance compamideondofffeBemtmocothoraf
metri cNetf orblUue), UNet-tUNe(ofaedé¢) anAt AERUI 09
shown ( *n i Bd)i c*a*t eign dBigpat eEsach boxpl ot include
each musitlesti ngtasnu@{dec{®e) anrde plriegesent the re
TDC, YH and PMW, respectively.

Tabl eThe 1@Bumber of trainable parameters (rou
training time (per epoch)

U-Net UNet +4 Attent i AFFU
Si ze 31M 10M 32 M 38 M
Ti me 1.2 mi 1.n%i n 1.2 mi 7.8 mi
AFFU has the highest number of model- par amet
consuming, requiring 8 minutes per epoch. I n
with only 10 million parameters,eraangde.t akes |
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4. 4 Di scussi on

Di scussion about reproducibility on TDC coho

| oper setparoduaniall ijfTsindyg 48 muscles achieved hig
scores tompetrhaet oirntarsassessment s, wirtelsiuthd sof t he:
refeféenheere the same cohomdnd®MW 9 aalc |l walmmesn 1Wa g
Additionally, 8 muscles demorrpter att @od laisghe srse
with 7 consistent WibtFlort hHehersees ul8t gnuisrc | reesf, e rt d
variation (CV) for volume and | engt h, obtain
across three diféferemdiscabjeactthatTdmwlre mb.st n
error across the three separate segmentation
This consistency suggests that the operatoro
reliable,awiom dwew tvarcohort differences, wh
childrey omeshmhempddt ral women.

Fotrhe Adductor brevis, Gemellus superior, Ob
femoris muscles, the precision errors (PE) f
the -amdeopmeér at or analyses. Thisorhnhdi thees th
muscles were challenging to segment consi ste
across multiple instancesFbygd4tleBeA dsdauntet oorp ebrraet

and Obturator externus are <Kumrgourhced by una
di fficult to define clearly and increasing t
Meanwhil e, Gemellus superior, il migfhoet mhiisp, an
paand relatively-28maimji ,5 falwbkeemeno(d0sevgCcCoOoptl

noise, | eading to | ower reproducibility.

I n the bil ater al muscl e parameter compari son
Adductor magnus exhibited significant vol ume
reported [iGolstrefesameegPWMt cohbetaver agedevol um
muscles being gresatee mhsaol ebat Obhet hemus el &s
femor Geaanti s, al so showed signifiThling diffe
clearly indicates that caution should be exe
assignmeiniimné&mr ul ot end.avihi gdir ametad s menti onec
[ 6l]lor healthy popul ations
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Fi gdrl® sualization of manual segmentbal
muscles were incdaldedmeddct a(o db h@Se:) e n i
Gemel | us( bslu®mEdrbitaurr at o r gPdRierrinfuggrem,iQ® w)
Quadratui felog) ¥k

Di scussion about task 1

The results from testing modekshbewealkd on P
insights into the gbelmedal szatrosscdpabi hctip
Al | mo dde | shaw dgnood perf ormance Tome amoorodr t he
performance of-NebDt &n Adcchhbio oatp@a rle d tco htohrde P MW
underscores the DIlmoldled sg easc rofs sappIfyfiemgnt agce
composComparsed to performandéboinhtARE® MM dl aW
showed worse result®S&€nsctbeesDBGGedaktraseng Wwit
respedctinwelrys.el y, when trained ocnohfopDQ bBaecnd t e s

model s al so demonstratEebahilnssa4.iksG)actory perf

Speci fideadrlitgigeldlhheght s how anat oimidcmdn dandd er e
children may significantly hinder the.model s
Factors such as vat i adsiusetnrsi biunt imuns,c laen ds itzies, s uf
bet ween these groups I|ikely cont,emphbhéasei testh
the i mportancet wnfi ng ammdenlgs oan fdanteaset s t hat
target papulatians8]

Di scussion about task 2
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The results demonstrate that training on a n

both sides of the | ower | imbs, |l eads to i mpr
the i mportance of a balanced datwbete aanatoc
di fferences between sides could influence th

Il n the first stage -9ifde¢ aiskhka@es wheme ond ¢d ther
exhibited a performance bias toward ohe righ
l eft eis¢peci ally in metrics such as HD and AS
model s | i ke UNet++ and Attention UNet, wunder
singl e si de odTih.itsh ep beordoymeamon may be caused b
feet (1| ¢fltGIqQrotrhigrhti)mbal anc.e during muscle g

However, once bil ateral data were incorporat
indicating better model generalization. The
performance across all metrics, estpexnadally i

right muscles. The model's performance i n RV
handle volume differences and boundary delin
segment atfFiogut @alslkkes7gonsi stent Upenofded marce ® saf
stages indicates that advanced architectures

enhance segmentation accuracy.

From T&blie 4s evident that when-stirdei mursglies,
the prediction resul sdofwosilgpot i siaddoddf f 20 e
sides. I n contrast, the results for the rema
sides. iThef ef pihdeart assteubalyids uni | af esal onr anei s8¢
muscilsesperformed, it migbthkeé&é dgumbdbdabt eohor e
for these 10 muschesefromdéehet nabnhyBsg.

Di scussion about task 3

When comparing the perfor mance mbfi ftalkhdlgmodel s
AFFU consistently demonstrat eNsets,upleNeitotr+ ,p earnf
At t etdyNieodn

AFFU marginally outper DeSCINE2 § KU 1Ud eorhchrest rmeotdied ¢
slightly better segmentation accuracy. The i

AFFU is highly effective in mattcahuitnhg | parbeedisc,t
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suggesting a superior overal Eveapalmial it v miomn
noifseoemsegment ednpihaeles a significant | mpact
medi cal 1 magel 0s6elg ndnsthedtiisona si gni RV EOa lt2 7r e d u
NO. dddmpared to the other modNdts., Tlsipeciimpr g\
indicates that AFFU is particularly adept at
chall enging in mediclal4]iThaege edagmanteatrioon rted
mai ntain consistencynadreosms bl HDplaeadi ASS®nc
significant difference among all model s.

When analyzing perf or mdacnhci el darceime s I tiDyfgf er e n t
peoMlYe, (annde npoopsatus al wdrhen moRIMW)s exhi bit var:

success, and AFFUG®ashogwesnerroabluisztanteisosn abi | ity

| TDC ARRUW iwelrledalcemgor rates and i mproving
accuracy. Al t hough the overall segmentation
model s, AFFUOG6s ability to maintain | ow error

younger age group.

Fohrealytohumg ApAEBYl @emonstrates its most signif

cohort. It consistently outperforms other n
generalizes exceptionally well to this popul
error raeldouncgt iwoint,h hi gh boundary accuracy, shct
the often | ess predictable anatomical featur

For PMMFFUG6s performance remains competitive
compared to otherD® @WHel e, UNat tir-UBlbdr Byt ghti g
out perform it . sHoowesystaeqgir drFeld usctiinigg vol ume er |
reinforcing its general ability to provide a
indicates that, while it may not al ways achi
gi vi ng pdeirfffoerrmeanttchee same cohorflwkipohtend!| yn o
trained and, siemdierdt ainnP MW nsi stency and r el

I n Task 3, althoughtohéee\bFatUc hwostidiz & owngpd exdj us
architecture to better accommodate GPU perfo
ti mes | ongeNet hatWNehat -lbNeentd Althteernetfioorne, whi |
recommended for use with tomaloll erl yd gptua ssaites ,moic

mo d e | structures without considering the ana
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dealing with | arger dataset s .prFoucteusrsei nrge sneeatrhc
t hat i ncorporate muscle shape information to

mo d e |
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4. 5 Concl usi on

| midshaptexpl weed t he I mpadi f foér &matrmucsecs oemb d e |

segment amiitdhn a particular focus on how differ

out comes. The findings clearly demonstrate
dataset play a more cruci al role in achievin
itsel f. Whil e different modelss aaard yi el d va

representati venpemsseotatdetdhbatin these mode
significantly determines their abicloihtoy ttt o ge

from children, young people to old women

We aelvsaol uated the performancaidrndergeeanerpalpiud al
DLmodel s, with a particular focus on AFFU, i
di stinctc plhgmnytlpsa:tciad ncchea Malreepmed youmgnapgalussa)] a
women. Through comprehensi veNeto,mpliNdts+oin,s awm d
At t etdNeohnh, AFFU consistently demonstrated ad
vol ume errors and maiFntUd isniamr g hd i aticit anlr @a @ wra &

excelling in younger cohorts whe[rlel 1an a t[olnii2c]a
While its performance remained competitive i
compared to UNeUNwet .anHo wewvteernt iAdo0FnNFU' s abi |l ity

across diverse datasets highlifgbtenttsohobus

A notable I imitation of( eARFU 5 st iines3 a boinggheerr ti
41 3coompared to other model s. However, its suf
as boundary delineationsantdedrfor mapgdglbttabthno

in cases where training eff i cateansceyt si.s Huetsusr ec

research should focus on | everaging external
resubDLnsodoefl s, ai mingctaorachi ehiel Bi pmhent ai ni n.
speeds.
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Chapb% evMeanbala&pe pos
processing method fo
| ear ni Alg mbo weurs c |l e

segmentati on acc.

This chapter is basedONE2®@2d)ampevelpurhd ars hehdap
poptocessing method for -leinfmanmusgl e eepg e
accubbsgdwy, Dall " @Qua Dot ps: //doi .org/ 10. 1371/
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5. 1

l n th
Net ,
i ssue
al so
the p

| ntroducti on

e pr eviporuosp acsheagdpnthearnsc,e dwemu s c | bea sseedg noem tla t |

ARddddsi gneadvel datlhasaed memdBms Mopmwe t o addr

of | i nsiettedde nornasitnriantgi ndga tiampr ovement s i n
cogeoneteddlvabbotabhnon of various deep | ear
roposed AF&dpr ocduegrisades | ¢i fwloenreennt ywpiuamagl adL

develddhg | dren. These daxhpaedrai memigs wmid gh Isii glgtl eed

signi

Whi | e
augme
neces
| earn
combi
cumbe
proce

Il n mu

fictamgiémpyed almi 2zas3ti onohbrtity to another

c anotdiifu cwdInp o o v a Mémmotdse It oar chi t ectures a

=]

tation techniqgques are valuable, they d

7]

ary to enhance moQineel opfe rtfhoer ndarnacweb antekasn i
ing i s its. |Bacikndolfy immotdeirfpyrientga btihlei tsyt r uc-
nations of various mechamissimgy medul es | i
rsome and i nGhuafpbtiesfi dechuts. oTnh etrbeef ocorreu,p o a1

ssing for muscle segmentation.

scle semgmendadimg, piotsti s crucial to con

vol ume,rahdt aderegi onal muscle | oss. l nnovat

accur
mus c |
ai min
po-pt o
I n th
as a
al gor
segme
evaluwu
conne
Anot h
guant
accur
t echn

trans

ately measuring muscle averagéeatesa ess

e force chang[elsl 3n®@u rid ds§ gcee natnrde dt roani ntihnigs |

(@]

g to

(¢

nhance the accur d&agdye voefl ol poiwegr ilninnob

cessi

=]

g techniques.

e field of medical i magi nmgr,o@agdiircg |l atrd
crucial step to refine and validate the
ithms (e.g., convoluti dnaddnntelue ad uthenavto
ntation of | umbar paraspinal muscl es, t
ated. The st udypreonpensassiiege dt rt ehres fusrematfi @
ction and c¢cl osi ngveasnaanyds ifsur tthoe rr el dmupcreo vf
efl1#¥bolcduysed-mascimel deep | earning segment
ification of muscle fat infiltration in
acy and reliability for tpe oChNsmadgel a
ingiuneismitzoe bi as and I mprove segmentation
fer | edrdnicngnftorabdlaatma n al muscl e segment
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the potential of tr aefsffieai dretarsk enlge ttaol pmuwsdalc

model s, highlighting the i mportance of | ever
efficiency of mMhti®Feo wseemins s £ gine athaas b men

mor phoboper daliked €| [| 1&aiddi nalr ¢y $ 2megt hvwoednse i | i zed

t Oitlhtempt vy olm@Imasheeut | iseunmsmar ypr ogestsi ng techniq
cruci al role in refining and validating musc
ultimately I mproving the accuraclhiandpreddea <9
i's not merely a technical afterthought but a
overall accuracy and clinical -putoicleistsyi nogf seg
techniques based on pixelgigoerygvawiueg, | whkiech
straightfercwawve amdcefrft ain natur al i mages,
complexity of muscle tissues, struggling to
structures with similar densities or intensi

Il n recent yeaprsqgcessnenneme tplosds f or enhancin
been developed. For examp[l7Z3}l s mmmm ggsahaoku | odf | i
ba sivmdlwand hnea x i mu m ash elgidoan 2MDr poweagest hod based
orer ooipemati dentainkdet act demr gegtdohati onanmder at
edgeootwaising | i ze dadtYpe ac é&mn eoalg & e g acevolnii oom

(1 oWe. tThrsgmvesba soetdhper ocess of t headmerrianad d i ma ¢
MATLABurcit memnmwleasdbradmd i) |.cagBemo o twhaigarcdh i telvreau g h

a2 xonvolwutahminfsogrufair letp@idt ibéleki nlaa ly edalsekdThi s 2D
po-pt ocessi ngasalggnoirfiitchaomt f olri g egsmearbti dtiitoyn toou ti
particularly in isolating the main |iver reg
edges for a mor e accweratse srheappree saennd abt o uonnd aorfi
example is the Conditi-pmad e Rainmd mmd-ti ed dls ,( CRF
[ 18h[d7.4Fletpresents a significant advancement
particularly in refining the segmentation re
( DCNNs )wasCRRianalalchedoft oDedhpllBthadvd 4ehi eved

i mpr oveefmelnaU. The CRF in DeeplLab V1 focused
instead of further smoothing the hael ready smo
DenseCRF plroppbseanti a an efficient inference .
CRFs, iimgheeper formance of the wunary <c¢cl assi fi

22%ccuracy
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Al t hough they have achieved commendabl e segn

consider the 2D or 3D shape of the segmentat

muscles, which, despite varyi ngmiilnarviotliuense ianc
spati al mor phol ogy [d#8] tTAheo leddiexdali vetnrewscst wirfe
processingpmeatdisod®nsi derably on the perfor ma
model s; if the models do not achieve accur at
processing techniques wil/ not be Ilikely to
mean shapesnboatrepr shapes for optimizing the
inclusion of the anatomical ogi gdmi fbii manreade cafl
model |l i pgding to potentisaudly anorien dldalnje ad eg m
and in hdmavb lamvadromyt 1@ cheltlhiismg study; we pro
processi nbga seepdhreo anelan shape (MS) and a Stati s
[ 109 further r ébfaisreed dmuesp | lee ssrerginmregnt ati on r es L
accurately delineating muscle boundaries and

The goachaptaegrhtt &8 propose a new omeasrs i Niga pree t theo

to assess the effect of it -pwiadche sesxiinsg inmmegt hhoed
accuracy of a previously developed CNN appro
| owerr bmmbMRF scans [4]. The secondary goal 0
accuracy of different segment at taaun othmadlisc, i n

muscl e s egme@inmcs 26.0,Materialise)
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52Mat eri als and met hods

5.2.1 Participants

Twgroupdsf bkolednthsmalptofmne nopwo g iP MWe nes € d

t hcehaph©€rtoh@PMW) ncllu0d esMWeT gmagdeésanance
(al sjokalnde sdlc® PO/ apt er
warsecrfun eaprde vo muer vsatt badopanes d 8h e a IPMWwi t hou't
(al sd 8uB§ € d diemaarCeh readitaetris h3@nm te s

i magwesbmuscl e di sease

musdlieeases

given (BHbbeWw Al though the two cohorts were in
were conducted at the same hospitalthsing tw
same scannbDegaplredosopnoicegsamdg peetr ati ons u

(R20Aa6d) manual D6, 0@ e es5)e manudsieng
2022)2haveebeefnhi aheeady

segmentation
Ami(varsion described

3.2.1).

TabbEkSt at i affiocanlati on.

Cohort Age (y| Weight Hei ght B MI
P MWL 69. 0ONG6 66. 9N7 159N3 26. 5N3
P MW2 65. 8N3 57. 1N5 161N3 22. 0N2

Consi dadei-apd eomer at or

to vary

from 4. 2% 6t]q

significantly
ATEACHiIi DB muscldas

bet ween

r,e pmmaonduuacl i rbe el gidiasyrst ed n d
di fferent
Coomr PMYW

mus cC

q

knee dgamédrigps ,Clwepteerus®d during model trainin
hi gher reprathwsciemi Ifiory, iwetiduggrc tasalfgsmios i s ( RI
intermedius (VI), vastus maetdembi s (VYWML, sart
semi membranosus (SMB) , semitendinosus (SMT),
brevis (BCB), biceps femoris caput | ongum (B
(AB), adductor |l ong®GM)(AL) ) aglust éus) maminchu s e
(TFL) .
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5.2.2 Experi meted | design and U

U-Ne[t8Wwés used as the deep |l earning (DL) netw
modledyers sestgnhgefie2aafdbt bet f lioweshlmarwn oifn

Figug&ien ZhapTke @r i mar yc hoabpjtseecttd vien wds ttihg ast e w
proposed mean-psrhoape sh ansge dnepchsotd | mpr oves seqgil
achieve this, as a wi dhdty wasxedc segere nft art i toma
to other advidetcelasnofdewsr, @Ppar ametexrce,ssamnwvzediryi

consume computational regpooaceesi. nddoet hod apt
this study prove to be effective, it can be
ot her studNets ftdiratt rusieniUng. This will facild.i
original results and those obtained using ou

Tabid éBNet Isaeytdrisng.

1/Im i R”bwitx 256x1 18Dept h concat of 2
2164 3x3 cdmrysl,] ,stBrNi (19512 3x3 convs, st
364 3x3 convs, strij2g512 3x3 convs, t
2x2 max pool strid 256 2x2 transp col
4 2

+ RelLU
51128 3x3 convs,ResltW|224Dept h concat of 2
61128 3x3 convs, str|23256 3x3 convs, St
712x2 max pool strid24256 3x3 convs, st
256 3x3 convs, str 128 2x2Zomnmvansprid
8 2 5

+ RelLU
91256 3x3 convs, str|2Depth concat of 2
102x2 max pool strid/24128 3x3 convs, st
11512 3x3 convs, str|28128 3x3 convs, st
512 3x3 convs, str 64 2x2 transp con
172 2 9

+ RelLU
132x2 max pool strid3(Depth concat of 2
141024 3x3 convs, st|3164 3x3 convs, stri
151024c8r8s, stride |3264 3x3 convs, stri
162x2 max pool strid3326 1x1 convs striof(
1_512 2x2 transp con34Softmax
+RelLU
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During the training pé&Giaompwhedsshe amdtasaeés , 4Q0n
included wans eraachhdomly split into training an
split ensures that the model is adequately t
on a sepalrhaet e nsiutbisaelt .| earning rate for the mi
mul tiplicatively by a factor of TBe9medelt ywas
trained wtcthssherlmasgs en@tmhogpriymny. penet er s, i ncl
batch size, dropout rate, and regularization
and ownbsdatri opti mal network performance, en:¢
capacity werAPef tneort tehxec eleodsesd .convergpedfommi mg |
set of weights from each eplohceh RRMVW bDher Vv alwada
empl oyed as t he-Nertai mihn g-2es etohheb oPtMV B e v &d as t
eval uate model performanceurday@oodearerapeetl he
effect caused bypmodédbwascrepaamneyd,t hhee tim
preliminary prediction results wermextetained
po-pt ocesstseAphsher obt-Henhi oagt praceulglde snolrtpphr,ol ogi c al
operations, including erosiondeaeoadledsa&lati on,

segmentation errors and i mprioo®a btsheegq ucewnearl ayl, | =
poptocessing met hods [d78sic rtihbee dnrbeisasne ssehpaiopiseb N 2 .
processing method outlined in section 2.3 we
yi el di md)-NeRet2WDI't dtdNe't RMSWINSK) Ei g espscanvel y.

alternative appmprudagdht,oetdh e el d meslt -Motd twhiasx ul saeyde
as input into the Condiptrioccreasls i Riagn droemh hFoide Idde s(«
section 2.5.190UNes$ ulICiRilEh g ciomr e' Reoguletach segmer

ncl D8CngRVE, HD wasld d&&SDnlee average of the

each slubjtecatl.l y, the corresponding muscl e ar ¢
PMW were manually selected using a threshol
intensity value thresholds to delineate musc

resulltabel edMiami ¢ sRrbes(UH itg
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5.32roposed mean shawmreodMS9i b@ased

Consi dédei @ ctkhgarto utnhdke same muscles in differe
t hrdeenensi onal (3D) shapledSlandiliii@jptoodmpgesed]| ast
poptocessing method based on Statistical Sha
for enhancing the accOhiagsymetfhedgmeme dtti @nf u
the predicted segmentatusongeemel tiscalf méanD&
information obtained from the Statistical Sh
deformabl e registr-atneartdehormabbe Thagerone
ShIRS], [w&a%] employed to align the predicted

structure, i mproving the accuracy.
To establish homol ogous sdinfmeanesi pwniant s uwif talcie
sampled to identify corresponding pdohese, wh

points are r e@ndeisneennseido naasl av escettorosf, wher e n
selected for shape representation and statis

is heavily reliant odypheaflbg|]i tgroésponding

manually chosen as | andmav &rs, oas tthiee taolgeme s
increases, manual selection becomes cumberso
potenti al i naccut@pi eackhetthhi anahgbl enge, p
been proposed. One [S8Bdémmeohoda Oexadl epgdheni
parameterization mapping to facilitate point
establ i shing c oHoweges, mashodgans shapegpcannat lie siccurately

parameterized, so these methods still have limitatGateq 1 dittoduced a non

parametric analysis system called the Shape Modelling with ERBapgd Particle Systems,
known as the ShapeWorks correspondence optimization algovithich can optimize the
distribution of a set of shag@milar correspondences and seeks a compact distribution of
corresponding points in the shape space through an optimization algorithm to simplify the
model.The fundamental concept of ShapeWorks involves creating a dynamic set of particles,
where each particle represents a collectiotoorespondence points constrained to the

surface of a shape. This allows for flexible adaptation to varying shapes and stricteres.

detail of thealgorithmhas been given i8ection3.2.3 in Chapter 3.

I n ¢haptehpamametri c anal ysi s[ Is(]s,t efnd foirgonpeods ef:

shape correspondence optimization, was util:|
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S hape Wohsgkasme
same muscl e

me an

i n Ghdaphteers afs,thwetgpree model s
frowermpe 6V ededithaes wsioffg omtasr @a t hen g

represe

which serves as a referenc

shape model ,

shape modmldesn of variation are

The detailoperation is given ifrigure 5.2

(b-1)

(b-2)

Original Position

Registration Result

e
Individual muscle 3D
prediction shape.

Original model
prediction.

Model Prediction Model Prediction - e s
Mean Shape Niatin Shaps Visualization of original

(3'2) . . model prediction (top) and
Alignment in MATLAB. mean shape (bottom).

| (c2) (€2) . (e3)

a8

Deformable registration in ShIRT. Visualization of \tation

(red: fixed original prediction; of individual muscle before (left)

green: registered mean shape; and after (right) post-process
yellow: overlapped area) method.

Individual muscle’s
3D mean shape.

SSM process in
ShapeWorks.

Registered mean
shape 3D shape.

Fiug®e.P2 pel ine for
segmentati on
subsequentl vy,
t he ShapeWor ks

mepar no csahgesp B 0 8 a,s etdh ep pnat
results (original predict
each muscle | abdlap@ds (&x
software, the meansihagp

standard manual sédgmBEntradd wmne fgwhbns tPaviii
bet ween the original predi ct imasoamhndt € rh
clopemtitgor( il CkM was performed in MATLAI
movi ng shape‘ unmgamaeg h(apoeavriinegp, -1§ i x¥d) i) a
muscl e (e. , TFL) sh®tepohhomorheshoa
depi c2ed I(riD the final step, the two sh
and the registered meaprolcagsi wWgs sregima
1/ 217 3) .

After generating thenean shape (MS)f each individual muscle and performing alignment
operations in MATLAB, the ShIRT tool was employed to carry out deformable image
registration between the modamiedicted shape and the corresponding SI8RT is a non
linear deformable image registratialyorithm(Chapter 3)specificaly designed to address

the significant anatomical variability commonly encountered in medical injage$ ,
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This method enables the flexible alignment of images with complex anatomical differences.

It calculates a displacement function that maps each voxel (a 3D pixel representing a volume
element) in the reference image to its corresponding point in the target lusaggan

iterative optimization process, the algorithm refines the mapping matrix to minimize the cost
function. This function is calculated by summing the squared differences between the

intensity values of corresponding voxels in the two ima8eRT calculates node

displacements using an isotropic hexahedral grid, which is overlaid onto both the fixed and

moving images. The distance between nodes, known as Nodal Spacing (NS), ensures uniform
spacing across all dimensions for accurate registrddioring registration, optimal nodal

di spl acements are continuously smoothed usin
smoothness of the displacement field and ensures efficient convergence of the registration
processThe algorithm uses trilinear irpolation between grid nodes to generate a

continuous 3D displacement field, ensuring smooth transitions between voxel displacements.

This displacement field is then applied to transform the reference image into alignment with

the target imagdRrevious sensitivity analyses have shown that the optimal Nodal Spacing

(NS) for muscle segmentation tasks is 5 voxels (equivalent to § n9wjhich was adopted

in this studyDuring hyperparameter tuning, the Nodal Spacing (NS) was fixed at 5 mm,

while the smoothing coefficient & was aut oma

best registration performance.

5.45enmiut omati c muscle segmentatio

compari son

The Muscle Segmentation tool box tamutMinmitds ( M
segmentation of multiple | ower | imb muscles

individually.

Il n ddgtsi auntiomat i ¢ means that manual adj ust me

define the target muscle area for segmentat.

Befor & hwesitmgl| box, atlas files must be creat ¢
which act as reference templates fTdire the sof
Muscl e Segmentation tool contains a voting nm

correspondence that determines whetTher to as
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Mi mi ¢cs i ncl upmackcaognet ati bha bjgedbcltoma | es and 5 f emal
bet ween 23 and 60 years. Given the significa

these sampesecohgdt theed i nl twdas cedlagpdtead PMW

for theerms®dhggowsmdr @t omi cal r el evance- and alignm
menopausal cohort being studied.

Thatl as files consist of MRush8ar aiimpgekkaemver
define the areas to be segmented, along with

(Furg8 (bi)n di f)f,ewehntc hcalreer used to ®HKui oe tloe
running the progrurm acimna)ngmaesetmabsek tafdediegdop of
t hoer i gi na&l admageée. t hr e sitscledhi mp ptle celdnitqpue nsur e
fits the muscle aread ndifde.rwianidmi £ heg MRa ¢ kng
samples are input into the tool box. Upon run

results for each muscle are generated.

Figure 5.3 The mask and segmentativisualization ofatlasandnewsubjecsin Mimics.

5. EXxH5 spomigocessing methods for <co

5.2.5.1 Fully connected conditional ré

In[ 7,4] fadhiyeRtiheedt t daatt i Ipiaz & phva tseem tmio & lps xiend s
t hhemawepr oppsedompeanseas eriinotmpdreixnftgamdcehe
I i mi t atuinsru pfesrevgnnseenflt 1alt 8 Jo,nh P Al 94wl gt e weir &1 s
def iurseaB gtlGau s kKieamalas bifte aaypyaehdnset wattas ed
ommean appor oxit maGR ins t r wibiuw depnt i mihz edegls ag e

passitggr##pvoa d the sudden increase in comput a
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connected conditional random [fli2ellJdss schoanw o rimn
foll owing formul a:

v ome P .~ OGSO

0 ® 0 _d')"OQ L
wh e wies t he ob'€@esr viehde rvdaad ruseprt x@®SOb 6§ t he energy

function whiucnhaproypeeat sak Htinati on and a binar

shown in the following formul a:

0 650 [ T Gho L&

h

whem,e artehlea baesl s i tgmiexaehjdr especti vely

The unary polt enits aus d di ntchdei rgperacshudnlei loibtsyerofed p
to didif ewksmdthr a¢ foeut perdat uroredCNamsl defi ned as:

[ ® I TOQwSO )
IfO @$0i s very high (close to 1), the imodehehas
prediction BDéloOmgd It d edgdds O0eryflow (close
r o wi || ri 960l maHrwmatreyr m shoul d be as small
show that the model i s conf ipdreendtigatail knhe curr
A binary potential f uncdfooonf mewaos uerveesn ttsh eo cpcruo
s ame wthiem#ehpei wall ues are very close, then the

bel ong to the same cat engarhye schoonulrdarbye ridl athie
is relatively | arge, theorl|ltokdg fdeateadtjlodwyltd of
be relatively high. This energy term is desi
possi ble from tbbetetdpiefaftemfregtdies | mage

o who 0 who 1 0 CHQ L8

Oowhd i shheam®impat i bwHiirddyws tirtiems the conditions
pi xel s, anddiofnfllea beeritd eéerontdhd i ons can energy be
6 who phQ®@ who ohw TR .
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17 ishweeipht anet®ERi Gaus kieamred! agper gk eamacred
smoot hneisms tkesrromswkorfOonmr@a nplos i i a ord,a ndle f iarse d

bel:ow

0 Q. W Q w Q Ld

w ano arteweei ghppeakamacrmdmoot hnesespecneVel y
concept behind the appearance kernel stems f
similar colours are probabl e chasneaiighhttses f or

neararess smi | acrointtyr odlhlee dp abrreammest Teres s moot hness ke
removes smal | anidssoonltarhoedrl brdesg iiosn st h b edceassisree d fr

the pixels are physically c¢close and the colo

When adj aasjdthapiexelhed s@npai t wiee oo wi | | be 0,
and contributes nolthhiisn g st ot heen edregsyi rfeudn crtei sounl.t

physically c¢close and the colors are similar,

Wh ed ©,06 who pnithis case, the value of the G:¢

size paifr whgewher mf the diiahjdmempoesidfi omi aeld

obvibUuEQwWi |l close to 0, and contribute | ess
all ows. I f thenposmbht pam@abdveolosi milar, but
predicted | abel, the value of pairwise term
this case, CRF will modi fy the prediction re
| abel same.

Th e et adielre dodtRigo amé oun[d7.4]Jdn n Pyt hon, the CRF me
i mpl emented using thewhpyeenasndecwasetl Otbor ary p

w andwas ddurli @arinhi 7n4g]

5.2.5. 2pr2obc epsossitng met hod

I n this algorithm, an erosi ameadearast oirni(tuisaln
applied to remove smal/l noise from the main
identi fibdl agdbuenlcg itome Assuming that the targe
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a smooth surface, the | argest connected area
fill efdundtinfagni |.atAe 2D convol uti on wiotnhy 2aD un i
was then applied to smooth the result. These
slice, with tunind.[BE3aUnlls Jgpéraosvidndgeladg menn tTatbil @

|l iver segmentdlaaso®nsegmenmatiton of muscl es in
extracti-pnoaedspogtof each muscl e, which wer
out put .

Table 5.3 Parameters used in the Pstprocessingne t h o d .

Operation |MATLAB function Parameters
imerode(label, SE) _

Erode SE:streI(c’)disk@,r)r_3

Bwlabel bwlabel(label,conn) conn=8

Imdilate(label,SE)

Dilate SE:streI(c’)disk@,r)r:3

Fillholes |imf il |l (|l abel, 6hol e
kernel= onegw)/w"2

Smoothnesg'29¢ = W= 5

conv2(singl e(!l ab e ljthreshold=0.5
image = image>threshold

52 Bbval uati on metrics and statistics

Foumet wieauss etdhi s study: Dice Similarity Coeff
Error (RVE), Hausadhadr AVebPagtea®bygemeHD) ¢[ 2Sur f ac
2127] These metrics can be used to comprehens
results (DSC and RVE) and assesgamdel ocenplacer
(HD andTA®8&D) minteit acnacis be hapdéamed £. The 8 t e
Subjwecrtes al s epuaaulsti anigyd hese 4 nbeitarsi cesf fteoc to bcs:
by individual cohorWi Itcooxt chre smdginveids ernefsakd ntdetscte
statistically test differences for each metr
compare the differende egantentee mait dgr.pAured va

signifi cvamdrevalsewelnsi der ed.
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53 Resul ts

53.1 Performance comparison under
A total orfepr2e88s d mthied g, i mbi mudecalks|l ¢ Wér muscl e
subject across 8-2s whojheoatts) ,f rwoem et heev aR MVEt ed .
compare the perfopmanesesiong vae ttadwatdosmeairsdc t h e

segment atgiaam sttoalhe ori gi nal predi-deéti on
mod el
101 s 0.5 .
—_— —
— 04 — —
09 Q E o 0.3 T_ _
o El wozf T ~ !
nosr = H > ; st H '
a - + A % 5.1 Q : Q E
- -0.1 i
0.6 , . 5 ‘ 0 q % e
) 5 =3
W X \Jr'?- a\,' ('}L ‘\e‘x* \l\‘ﬁ\\o 0.\‘“ o e@‘l ‘\6\*09‘ %G‘Jr\h \ﬁ\ﬁ\\ﬁ

150

100

50t

HD{mm)

-

ASSD(mm)

-
- -+

e —a . — E
ol— . . . . . .
o N x‘e‘”@o,@e“'&q o FEI o . P ‘\e'»*("?g o—‘“"eﬁ% o
Mean £5D [%]

Method DSC RVE HD (mm) ASSD (mm)
U-Net 0.825 +0.072 0.069 £0.164 97.2167.8 45+2.1
U-Net+2D 0.825 +0.078 -0.019 +0.158 34.2 £30.7 2.6+1.3
U-Net+CRF 0.812 £0.073 0.043 +0.156 363271 3.1+1.3
U-Net+MS 0.827 £0.063 0.109 +0.162 206 +11.7 2.1+0.9
Mimics 0.673 £0.156 0.045 +0.414 44.6 £39.6 6.1 +9.8

Fig Perdoracnamgaof seach xgatdtashDeS Q o(pgdf,t R\W
riphtii®ot {efamASSDott ophf cera bt H drbe d i vuam afe ¢
eambschécdlratidd8h haiseshownh i ndi cates p<O0.
p<0. @W)es.rc olir recsibceatpteerrf or mildba cAS S rNed e n wtra g
predi ctUNenU-Nefolthe n tOespt oc elg-Ne CRE e n dtud d
conneotnald t i on as$ U-NeaMS8dem dotéersh ds h a p ep rboacses
met h odnidcddn d threessfut B miscesamaiut o mat is@ gmeand lat
t ool box
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It can be observed -Nétirid ore gu-MNéeatd + ZrB¥esdm | t s fro
NeM$ exhibit jointly opFidnph| aesevhgbngnateunn
(0.882827) , representing an i mprovemelat of 1.
NeCRF (0. 8il@di)(c0sarbd 3N, .respectively

The-Net +s2hDowed t he best performance i n RVE, wi
zer o, i nag dniicgpaht degree of alignment with the g
pr edi totuitoore.rtf koat Mmeedt hwidessh per cent age di fference
absolute values of tUNetR2bD2Mmdew bDoeI MBhoOd<an
NeM$ shows the worst °RVER6@Rer.formance (0.1009

U-Net +MS exhibited the best perforddndem)n t e
bett eU-Nettha(n78 % i mpr ovienmechs8 , 8 w<OmpadyyemMent, p:
Ne2B (39.8% i mpr ovieNreeRE (p&3..3P% )i mmrdovement ,
Simil aU-NeyV$ theasss oci ated with the | owest ASSD
°0. 9mm) , kNtet®8. BWanmpr oveimeiass. %01 ) ov me 1
p<O0.WNe2B (19. 2% i mpr ovieNreRFE (p&70..80% )i mmrdo Vv et
p<0.01).

The results from the different methods, appl
consistent variability aRidg®Bi®siWhaem tamalddgzi aq
results for jsndniviadudlr enudlsj evetrse observed as
averaged across the &t igneldced hadhratl yfsars esahcohw en
mi ni mal i ndi vidual bias existed, @fhdtihi shad

experi ment .
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FigbrRer formance comparisdnvbfuahcheme
PMW. SuB@EmliBorepresent otflbpemepger fcer mance
(DSC/ RVE/ HIDd rASeébdbcjhe ct unBd ern dioftfagde)aah o
i ncludes 16 i6sdowveTheammemwegamnbeasxpl ot i s
by dotted red |Iines to.see if the ovel
BB — 020} ==
- - L 3 "+
= £ s — 0.15} &
090 é ﬁ @ o od0F e =
2 =
4 Z 005} —
0.85f 0.00} i3
: 0,05 i
0.80 — : : : . 010— : - %
\"*3|l \,,1,0 C ¥ .,\4‘5 d\'\ﬁr’ \}_\&G\‘ \;1'0 v \k‘h .«\'\c's
Y N N W o \s.ﬂe"x v ¥
1A — Mean 15D [%)]
10 B — T Method DscC RVE ASSD
_ _ =% (mm)
E gl ) 0.911 0.057 8.2
3 : : U-Net 40.009 = +0.050 +16
(] 1
n eF - 0.901 -0.007 3.6
2 UNeth2D 1 10014 | 0057 421
4r — 0.805 0.045 4.8
e CJ U-Net:CRF 1 0010 | 20057 +22
2f - . Iil ) U-NetsMs f.goz 0.096 2.0
+0.006 10.057 10.2
e AT
\\ x@\ o R\é @\'\'.“ Mimics 0.862 0.078 2.9
ot v +0.038  +0.064 0.6

Fi gur Pebf 6rcrmanpcaedi seach met hod after Xc
pl ¢ tashDeS @ o(pg f,t RWEI YanASSDot t oMmoetaenilett K8 d
val fure@smubj ect undanmrseheodvhh i melt ciadc es p<O0.
p<0.01) .

When the | abels of the 16 tar getthemubsSd, e sRWEer

HD andwkhfSRd to asseperfbemaecegonitieach met |

overall targeur muSicroee rtelge oemnt(iFneg muscl e coh
and | onger than individual muscl es, comparin
becomes irrelevant and amsl ydhies.ef ore exclude

Th@Nedchitlwedhi ghest DSC \vimdiuceatoifn g .sQulple rNi dr. (
segmentation accur acy .Mionmpcasr enda d ot hteh el ogweosutn d
0.862 N 0.038, ref(lp<t.ihlg) ar esd womtiifd e ainnt  sHSe @AM
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compar eNkett,oiwdi cating that thi sTheki foftehreence i
met ho-tle2 PU-Ne CRRJ-NeM$E) show slightly INewer DSC
indicating minor deviatilWbhMs2B® natse®.m&@hnt akli ®.n0O
(P<0),WNeCRF at 0. @G&D) 0 AONGOMS® at 0. (POLX2E®NO 0. 006

The 2BHrpaexetssi ng met hod s hoRAME wihteh bae stalpra fa
zerm. 07 N O0.05h) ghiesti aacungcyhén volume pr
gol d sTheNMdtrd MS met hod demonstrated the wors
0.057), indicating a greater deviation from

to the ot her met hods.

TheN&t +MS approach demonstrated the best per
|l owest mean value (2.0 mm N 0.2 mm), indicat
segmentation compaideadciont ¥tNaea t gaopltpdr edosatidahn dhaardd .t |
ASSD value (8).TheNwtN2Me6 WJERF, and Mi mics met
demonstrated intermediate performances, with

2.2 mm, and 2.9 mm N 0.6 mm, respectively, i

124



5. Re2ationship between muscle vol

accur acy.

U-Net o +
0.95r o U-Net + 2D
— —iM
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BCL i e »—QEQAM_‘
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8 0.85F O 0.85
7]
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el ia o T R
3 w__ ° 0.85F ——
8 0.85 — g 3 T
o G'};‘ Vi Q YF}b‘ -k IBE
AL SMT EHP L
—e—ll Far U | —
0.80 o 0.80 F LGRA
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Figre.Rrel ati onship between muscle voNatr
(top -Net#pPD U(UtdptriCRIFt \ botUi{Nem +IM&T t( )b od
of dwelsjteltd smuscl es were arranged i n as
muscle vold@meobbr PMWThe error bar of
deviati onmodbfamemunsgc I18e t est subjects.

As muscle volume increasende tnestahadrdc varl ascoy sonhfo
i ncrease. For muscles with | arge volume diff
small er and irregularly shaped musdlsed olw.ke
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U-Net+CRF U-Net+MS Mimics

Fiug®e.Begment ati on per fooerantahn cnee tivhi agduxahtii bzi
segmentation performance of each met h¢
hip, -d.owGolaumn 0 denot,esdtdedbgakrdiefhfeesrt
segmentation results.

Compared s$bantdaer do(udrdée) @ mreNned, We ggment ati on r e
each method primarily exhibstegdhenwvati ssuesro
Bl ank regapbpmeasrehet ssbhould be assigned to a
unsegmented, | eaving empty sp-acEkEBli-6as indica
segmentation occurs when areas that should b
identified as muscle B or C2(-ap. indicated by

Il n the originaiNepredisctildus hefa etelveer®@ aubst ar
areas 1 n the resul t sprroecleastseidn-gt)omevhM. o idAsf ¢t aeer p2eD
and, conversely, there wer er dseuwlst sr eogh teanisn eme |
Net +CRF ,(a&ed +WME) (showed I mprovement, with sc
filled.

The original resul t ssadmon teausicdngsh Td rackbdl e ms o
SMB. -1I,n tahe SAfTr pMNeWastemowns egmngnimed, and the
predicted area included a substantNeatl+2R2gi on
(@) aNet YCRH (a@&sults, errors in the SAT segn

126



bl ank areas. However, in the SMB area, incor
and correct predictions were mistakenly remo
these d3suwbef(a both SMB and SAT snaugmdret ec.gi
The same Iiseié¢ ewdedweln)t hdifs® WMB) aypdpat ofadcDh o r

U.Net +CRF, the SNH®B/&2r)eh e weNestethMdSH nmet hod reduc

I n the MD),aWNé&e @dedi ction introduced errors
properly segmented VL muscle into two-parts
Net +2D, one of the correctly prddi ctoeand rVlstr, e
UNet +MS md) hdempbastrated superior performanc
effectiveNgt t+BB)n (et HCRBF (@pproaches.

Reference U-Net+2D U-Net+CRF U-Net+MS Mimics

Fiug e9S®gment ati on per fooerantahn cred tivleasdu@d o Iz
i nt o OdMmegauxhei bits the segmentationtpepet/
subject from a | ocati-b.n Cdolowmenntod elsn ¢ é ¢
stand@addcofbu mrediofifeeagegmdant ati on resul ts

When t he | abneusscloefs l1labr et atrrgeecalN eetd+ MS meteh d dh beed r
correct theoempiy #$Meetsdlsesul ts (as indicated
Fiugbe-ch aflg .d Except for Mido crsqQt three £d rhter a mleea

di fference in this visualization case.
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Ground Truth  (a) Vastus Intermedius (b) Vastus Lateralis (c) Vastus Medialis
o Segmentation (d) Semimembranosus (e) Semitendinosus (f) Gracilis
(g) Adductor Magnus (h) Adductor Brevis (i) Gluteus Maximus

Fiuge. COmpambies ween ground truth and se
rocessGmg ns tparpdp Isee)gme (i ed greswlvtes | ap
i sualized by converting Pasatarienttoh ep oci
fl V,VVMM,, SMBRA, AMNE@MBfrom one testiu.n
n e@acht he [ eft sideNets téadeulcosmpairils oG
h

Y
v
0
I
t he compaNetstoMS orfeslul ts with GT.
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Figure 5. 10 ipmtowadiftdiehsarpar pdoissseseipn gr educes HD and
the side eff ecTthsefgmema flati @-poinp @ essteerps gnor e s i mi |
to GT in geometry, eeasoduesccil ael, lpya nadtespbeesgting ends o
i mproobvvei ous unr d®sagnablingFageaadi 6gl0o | ower H

better performance.
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54 Di scussi on

I n t his aihnagpptoean, ® eneals s e g me npt capt ti cocnangest h o d

b a soemde asrh afpreasnt at 5 b anpoeddaeld i mpr ove the accuracy
l earning segmepdtabmpareestul wpt bcesbsemeekodsi
ommeautamati c segm@wnd raduineoinh co il swhhiee@me an
hape and def or mabfl @utmbedsgii gsrtir fimid dasenct Ut rylaehlee b e e n

c
S
or i girrealif a tditoeNelit h e -pprooscte ssed results from sel
proceagnsd Condition RN dbhomdsEi @alndlst he direct
f

rom t he dMiumiomatsemimuscl e segmentation tool

U-.Nedegment ati on f elrlocveesd iy M® nmpastt rated t he
terms of HD (20.6mm) and ASSD (2.1mm) and ha
t he oriNgitnalno( @WostprocessNentg )s ergenseunlttast i(o0On. 8f20%
2D pporsotcessi ng MHotwkevdr({fOtWBS2 e)x.hi bi ted the hig
0.109, indicating a systematic overestimati o
by the high RVE uUréa)Tmo sl eddli amadiesg (t hiag , M hi |
met hodNeotn pkr edi cti on results can pr-ovide bet
segmentation points and | arge outlying point

the correct estimation of the vol ume of t he

ComparUeNde M results, the results from Mimics
| ower DSKi gbcro¥heosws t he Mi mics segmentation r
muscles (Vastus I ntermedius and Sartorius) ¢
the RVE scores of beoéahdnmfls bhids tvheer e SgCo sdc,0 r Ce.s
than 0.70, 0.571 and 0.684. The | ower RVE an

are | airdgeentmifsi edovet uampsveéohomes)i drutoft hat t he
overestimated volume in one region and under
similar overal IFivgoblrubddd hi asi sBowncionfirms t ha
RVE in image segmentation studies is not eno

resul t s.
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Ground Truth (a) Vastus Intermedius DSC: 0.571 RVE: 0.001

B Segmentation (b) Sartorius DSC:0.684 RVE:0.015
Fiug=llCompari son between ground truth
each part, the ground truth (left), st
of both (right) are shown. Parts a ani
and sartorius of same testing subject

The proposed MS method retains the mean shap

superior in handling |l ocal errors compared t
evidenced by i mprovementpsr oicnenggsDhadd AS 8 . I n
performance i mprovement was achieved in |ive

| i veirnditmedwdle segmenitseodr e nc conuprl esxt uidny si z e,
and surfacel eadiimg itomes s egmenltrabhfeaantanbw emus b &
| abeerpesot edet bet ter metrics (DSC: (Q.t91)s can ¢k
worth notingréehatetdhec@odaemp ( KRVENghe3D for
approach. The comparison bet-Neé¢naplpeoprceaddiatp
foll owed -poryo c2eDs spionsgtua pp-bo &8 2 GRigggests that f

type of musgl es®renvoabw two indeppenpdgst regio
met two d | result in poorer outgroomees siTrhg smd ti hmo
due because it only retains the | arger regio
more on the predicted | abel ma p nrdeil nagt i poi nxsehlisp
[ 74] , [,8 Os]o,me[tli2nde]s overl ooking anatomi cal S
mat hemati cal inference. This coul dFiuggad to o
5.A83) . I'n contr agMd]lwhhi cheused-pC@Ffmapefeddhpdst

131



the segmentation of natur al oibg emdrse saamt rass
bet weebj ebée tamdsddgimemtackground, the differert
or between muscles and fat tissues, are some
performance of CRF iatbhrewmed. al DSCastopr ERBTf 0
worse than the untreAsethusebal VeFDn§edb htBtdeasr
DS@Qnder eaa@ah smetimecdeasdah,e aemruil §tsetf Epmirtt ke d
example, the DSC for the Gluteus Maxi mus (GN
for smaller muscles,, wa tvwi dveo | ruameg eb ed fo wD @ 0s cc
frad® B8&8&, highlighting the heterogeneous perf
very important to choose the right model for

obtained in this exper(iTadnites 5gidyec ommendati o

Tabl Resodghmended met hods based on different t

Muscl e Chosen meb{Chosen medB@E|Chosen meAS&%0(
Rectus Femori s| UNet U-Net + MS UNet + MS
Vastus | nter mefl UNet + MS U-Net + MS U-Net + MS
Vastus Lateral|UNet + MS 0.|UNet + MS UNet + MS
Vastus Mediali|lUNet + 2D UNet + MS UNet + MS
Sartorius U-Net + MS U-Net + MS UNet + MS 1.7
Semi membranosul UNet + MS U-Net + MS U-Net + MS
Semitendi nosus| UNet + MS U-Net + MS U-Net + MS
Gracilis U-Net 0. 87 UNet + MS U-Net + MS
Biceps Femori s| UNet U-Net + MS U-Net + MS

Bi ceps Femori s| UNet U-Net + MS U-Net + MS
Adductor Magnuf UNet + 2D U-Net + MS U-Net + MS
Adductor Brevi|UNet + 2D U-Net + MS U-Net + MS
Adductor Longul UNet + 2D U-Net + MS U-Net + MS

Gl uteus Maxi mul UNet + 2D U-Net + MS U-Net + MS
I'l'iacus U-Net + MS U-Net + MS U-Net + MS

Tensor Fasci ae|l UNet + MS U-Net + MS U-Net + MS

Il n Table 5.4, the best method which shows th

i ndi vi duaro ngu sAc Imdde thdaltd+ M t YCRFNandM®) i1 s

recommended as the chosen method with the co

Di ffer-penobceosing approaches were found to be
l imb muscles cohaptidepemrddiimg tdhn st he muscl e an
( Tab4)e. Therefore, depending on the differel
poptocessing method to useltncandbdg heebowht &h
poptocessing method has i mprovedwhéedree résul ts
Net +MS wwaisdemmyg @mme nedsepdleci al | 'y froerl attheed Itooc aHD
ASSD.

Compared to the {Nred¢diMSt-Noamtd, delsas | rt ess wlft J obt a
automated pavtombhtthbhemessmle segmentation too
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| ower than. avteramgley | @ygdloaches t he -0g.o01d9 )st an
and out p-Hef oirmsHD (44.6mm). During the segme
combines manually selected muscl @rS.é¢3pi)ons us
and (c)-prepbahedgirmdinaBM&ifHoemrstsegment ati on. Thi
coul d be infl uenocre db ebayw etehne adtilfafse rfeinfceess and t |
(i .e. increasing the numpearovef tfhiel eosuticro ntelse .
files i n this study cweroe tderwhvidde firnopn2tP MVE mp |
with gener al © 0 h srmemdi@ n chya bjl ke &6g &6,)Ther ef or e, t

of Mimics in this study could be affected by
more than f or . Hohve vetrher nmdthlreo s ocess of oper
automatically generated by Mi mics are gener a
operator, | eading to better yet | ess efficie

Tabl Musche avecamprpabvosaaMdM and-2PMW

Muscl e PMWL [cn PMW2 [ c
Recfamori s 127
Vastoser medi u
Vastaseralis
Vasmadi al i s
Sartorius

Semi membranos
Semitendinosu
Gracilis

Bi ctpmcraipsrte v
Bi c £ p mcraipsotn g
Addumbgnus
Addubtewi s
Addutbagus

Gl utmAaws mu s
I'l'i acus
Tenf$astbhae

©|o|o|~|o| s
S =IPNIRIS

[@J N
oo

olw
NI

ARPOIONIWIRLO|IO|RPFPIFLINWIN
O WA OC|IOINV|IO|FPIW|IO|~(N|©
QPO |OO|WIFRO|IO|FRIFIFLINIAIN(EF
RPN W|IN|FP[OIFR[ON|N|OT

Muscl e segmentation is a critical prerequi si
a key role in bof b2ingx tt three qaumanlty giag i (vieA)as s e s
par amnme@lleer STA, the image features included in
significantly affect conclusions. Therefore,
removing | ocal err-omduaad Mehhmdgcdgmoos seat
superior performance i n ter ms,asf tHRyarmrdsAISED
greater boundary precnguamt iatnatadvr emuasnalieds ens z
as mass and max[ alpaiys ometexxites af atcenti on to

measurement is cruci al throughout the segmen
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greater i mportance in the evalwuation of segmn
considered evalpoptiocesmengi ¢s, mMdEe suitable

poptocemgest hod i s more applicable for quantit.

The study in this chapterFirstdlltys a saflfiendtted U
numimdr t heudé@dassudbpjects for training and 8 ¢
of unique images from each i ndwaifduam 4£3% |tea
550 slleiacdeisn,gntumbeédrrtadfnalmfy ap p rc & ® OHdoaw eeV eyr

considering that only 10 subjects were used

muscles to be segment eeds uwats, pwhoebna btd ryatilnie migt eDd

features | earaledo pen etotnveo l suhapen f eatures on
geometry in the MS method generated. based on
Al t hough features including all samples in a
increase of datsa bgred; ttthheepréiocshsn ecsasu soefd by i nc

| earning can be r ddiuucteudrrek ¢ a@aoc er dsiafibfpeereetriste m r o
cohaowitbé coltbeaevedehe range of muscle vol umes
di stributiond idckfe mithec ldeatsah apagsment ati on modi f
dLargersadet addktwhgr ease t he DLasnomredyvipeudloy nfa
i Rohm [ei1222i he DSC score increase around 2% a
chaptlenr a3d.diti on, the-pporcfecsmamgc enedfhotdlse sp o 3 1
gual ity of the results produced by previous
segmentation tool s. Twie |ptechddd@iorbd pme caefs stimeg n
res,ultthse better model which proNed, aehgeved
At t edfreladtFursaJdls(tAFFU, chapter 3) achieved 2. 0%
U-Né¢ , Sapnadt i al Ch&EBNet ) UNBtchheokhabdweeredde of w
i mage slice was acquired from wi{Hfi]rathhd el ow
useadldi nked with MS method in further study t

i mprovement
5 Conclusi on

| hhi s ¢ hsahpotvtedndat wesi ng me amr scheaspei e smat pods ta:
automatic seghentiampoovestmoddt metrics for s

muscles of the | ower | i mb-Nerto nllMRsei.ampgrecacio n
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reduced the | ocal segmentati onNeetr raolrosn ec oomp ar

foll owedrbgepesnhng methods based on 2D analys

The method wédoprdep podeekndlisasd as a reference f

t asvkhsicrhveo levigteiomentr gpiacn sthlaeel il w&kre and heart . B
segmentation accuracy, this approach can be
compl ex anatomical structures, making it bro

i mage anal ysi s.
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Chapter 6 General d

concl usi ons

136



6.1 Cormcl usi on

The resear ch Pchobnhdeascihse d aemmsb lapelct i ves outl ine
Chapters 1 abdf @cuf£hapt € hdser&& cntani dnd brhessse anrgc h
di fficultimedionalauit mange i €£e gprend eeXlsmomge,t hr ough

enhancement, datpr caaugsseint@,t ieomd epadsglat gemer a
whil e proposing corresponding applications.
Clapter 3 focuses on DL model structure enhan

attention mechanism and data augmentation ba
proposed model ,acAHR Fdleit hvgars sfeogumednt at i on accur .
modeINetUand UNet ++ wi3.h0®.ilo RWE nand DB®,i n
trained and test eld) .onWhsamet recloihaoard o ePsMRBIEV 0 n
20B, the difference on DSC performance for a
in lesgecalr which represenbedt ér o meNstl®| twh R £hb agsah &
around 4020Bn PMWs indicated that tflhoe fsamatldr
fusion mechani sm coultdphebpatmbtdebeekt omct r amio
and | eading to more accur atad jaceemmadWime @ o n de
t hneo vdealt a a u gmeetnhtcad iprnopos e pipnh i teldi, s s dmegd ies mw
Net nd to benef itthcemmp & e g(oAnrpFdle)ietni udlenl e x pl ai ned
by the fact that complex models alremady capt
smal | dautganseentt,e ds od,ataa gemeohetvednftomi ghef sam
i mpr oiveeegrhent ati on accuracy. I n contrast, au
a wider range of samphe nf eatmprud atmomea |l e fpfoavetr
' i mited, optimizisigng daotmp | eeawxg meordtedt ioan uwi t h

serve as alternative strategies to consider.

Buil di nrgesdunt otsh eChapt er 3, Chapteohdelf atcaud es ¢
generalizati AFFpJerafnar md mee afernashanad ikf frmeordesn ts
(children, young plehoep lFiemtarnEintog eletr swogmmeant at i

first completed by three operators on childr
high reproducibility (PE leovvadulattiradell ® %) and
prediTchtmosnt. muesmad €8 achi eovper&htirmahprd inkdirlai ty i n

PMW c oheor t
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Model s traioekdgmnhupp,ecs fibsbs1l1PMWnd ePeldC b(ttas
|l i mited generalization when applied to other
accuracy across age groups underscores the i
muscle size and fat distributiasnetandhamphias
representative oTr @aihrei narwietth pao pludlaan oend, bi
significantly improves modekf peafhdr maghbhe, mue
This demonstrates the i mportance of dataset
asymmetry and anatomical variability. Among
and mekasntdl ing of muscle volume differences,
segmentation tasks, partiMouwrleaAfFdirUuwbensust agt
out performed other models in segmentation ac
groupstr ai npanrgtgicoeul avmeelyer r or reduction and b
However, its higher computational demands su
dat aset s, moprreo ceefsfsiicnige natn dp onsotd e | optimizati o

e

dat aset s.

For the final attached ofPlapteéonSiinntauddmaces

mus c | segmernd add oinnomdt hod( ME&pesdBMN mean s

CRF,

segme

h
e

demonstrating significant i mprovemecessowngr
and commercial tools | ike Mimics. The N
ntation errors, achieving superibdre HD a
c

DSC scores, though it shows a tlamndgpmgy sfomr v
MS is optimal for texture analysis {TA), pri
processing i s badtetpeerndsewmitt eqdu afnari tvaaliwme anal y s
the need fopeaipfpiriccmessto mg apprfoacnads i amd foet

refining muscle segmentation in clinical and
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62LI mi t ati ons

Whi | & htepsiiessent s promi sing advanceméwowerin th

Il i mBel et at hesvuasl cubabtei déegle ner al iczoartri eosnp casntdi n g

processi ng hteeg ehseervpairesatl,i Illi mi tati ons must be a
First, the availabilisey amd dieéchespoyaebabr a
constraint 4drR@&8dsn aChla psttbued i perdoagt eas padutgeme nt at i o
techmhiegigpnecire@ sydaartiaabi | ity, the | imited number
significanftdgt umd | axtnrcedt i omoalkil |l ttrwi of nmod &
no overfitting was observed, the inclusion o
along wtcohoctr ogeneralization anal jJjde&d,)] i s es
Similarly, in Chapter 5, the | imited dataset

constrained the heterogeneity of features an
comprehensive shape and muscle characterist:i

Second, methodol ogical | imitationdd miitgh ibght
comput atiberabropessed data augmenmaifrratumet ho
(mode 1) derived from PCA anat lgeeine,r awheidc h r e

artidatatah t he diatcsriezaese( noXf20 or more), the fi
coul d not moespr efeematugtelsepubhcoeuppeatsng additi
and extending variabi |l i teygmemtfauti worne asctcwd iaecsy
applications. Additionally, the segmentation

t he potent i al-proodc egsesoimeg iranep rpoesstd eiss s wes. Cha
further emphasizes that the -pa&s ¢ dprrpoacserses i nfg t
technique is inherently dependent on the qua
Empl oying more advanced s®ghfemhU-BdletoDCaowclhdt e
potentially ampl ipfoycddei mgcmuetatyd of post

Thi,rd he computati onal efficiency of certain
identified in Chapter 4, AFFU demonstrated s
ot her model s. Whil er oivtes puesd oirmmaanmrciet incealr i app
research should aim to balance accuracy and
i ntegrat png oméxtrenartalon or optibniased tmo dleil ghatr
mode¢Ils ]
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Finallttyou@ah Chapter 4 qobbeltagatpdrdlyi aatal ysed
performamodaibtl addr esnsdd,iasi talpacdked t he quan
anal ysis that is more critical i n practical
that addd sgbijeec.ige a cths U Wjfeenitygs. ol deo mwbime ng am
cohort opti mprzediohthiednmgdlte,s ttshi s fi nding coul
process erfefaipoil e dawoivibnds pr ovi de c¢cl ear gui danc:
collection costs with model performance.
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6.13mpact

The study conduBbhbBdhasrooghoubutéd to the pu
(two as [f14] tanadl @obnjoes uatgh pdMoc e poveorresponding
have been written and shaNetd, olWNe&t # Hu bAFFU «
Pytorch, 2) the mean s hlalpZzealn|tt P2 Bd e[gBBétgpad ces
written in MATLAB and Pytorch. One further p
subnliiAt @ener al i sation -Basdg Begbeprpatmbannbdbhg
Muscl es Across D(ffesenadauPbou) ati ons

The data and code gwmiehiawgdbedeni mgdéhpsbthebk
encourage future researchers to prioritize u
The thesisaldvghkctangte nlsi mihteat i ons of @uwtsemat i c
on DL A mpdgprceessi ng met hod which also play vi
segment ati,or opgpadextpil @m ati on will support fut

applying these tool magyeeg matrekteeads s hmquestli onsca

The thesi mpaomedgat hel|l pwieicmBs@loduhaomani c
segmenthat ipoumlsyui ng more advanced dblL mwodehl s. I
various methods, ing®8Mpoeahiamgef abeoi ateuphe
automatic $bgmpontantonl of this study is, th
with an entire aut omat i-pr ceeegdnaeinat gaat (i gonme nptiapteil oi
advanced DL modeplr otcresstsn amigg gchn cc opud Htd be o p o b me r
medi c abs eogngeamtsat i on socre natrtilbpE médattamdatThe secorl
for t heidnadeliigeutail maoahtoirvte r el ated generali zatdi
di fferent DL model s.
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6. 4 Future worKk

Future work should be focused on two areas:

l1Tmddnesns tations in feature \Pparipaaieldi ty i nt
augmenmeatt hwtht ehxeper sme b gl uisnonr porating multiop
(2 "Bodet Erpm PCA that can capture a wider r a
dataset si zeaugimeanselds adkad eheatedhetahef utoyl d

represent. real subjects

2Yhe quantitative analysis of FRuteurme detludieense
should focus on assembling | arger diverse da
i ncl ddf hagge ngr ouposet hgneincd ebrasc,k-gobantdsgefenaki z
anas$ yshould bheaootntacté medeybustness across d
populandofhsnd the middle point considering t
accurasystematic -cftfudyb etf widzhee, dadal@eret compos

prediction accuracy could help establish gui
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