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ABSTRACT

Glioma, a type of brain tumor, necessitates precise and accurate treatment,
so tumor boundary delineation is crucial. Currently, determining the tumor's extent is
time-consuming and highly dependent on the oncologist's expertise. Artificial
intelligence (Al) can address these challenges. This study aims to develop a deep
learning model for segmentation on glioma MRI images and to compare pre-
processing methods to enhance model performance. The study uses: image
enhancement algorithms include Contrast-Limited Adaptive Histogram Equalization
(CLAHE), Gamma Correction (GC), Non-Local Mean Filter (NLMF), and Median and
Wiener Filter (MWF); U-net, UNet++, and ThirdConv architectures; the BraTS2023
dataset; the Structural Similarity Index (SSIM) assesses image quality; and the Dice
Similarity Coefficient (DSC) measures the similarity of tumor boundaries. Results
indicate that the ThirdConv architecture trained on the normal dataset achieved a
DSC value of 0.811. In the datasets enhanced using CLAHE, GC, and NLMF, the DSC
values were 0.803 and 0.807 for MWF. In terms of image quality, SSIM values for
CLAHE, GC, NLMF, and MWF were 0.916, 0.968, 1.000, and 0.936, respectively. In
conclusion, image enhancement can add or reduce model performance. A model

trained solely on an enhanced image dataset lacks significant added performance.
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AN 75 WARINTINAIMUENRUTVDY Loss, DSC, LAy loU SERIN Training set Wag
Validation set lugatoyaniin1suiuusinaunimussnnsigmatin NLMF tagly

WIS1AABS smooth = 1, patch = 8, WAL WINAOW = 20...ecevrroeeeeeeseesecrresseesene 125

AN 76 LAAINIINAIUFUNUSVDY Loss, DSC, WA loU 1IN Training set Way
Validation set lugatoyaniinisuiulssnanmuasninaigimaia Mwr lagld

IS VIEIDS KEINEL = B oo, 126



uni

anudunuazanuanudrfgyvasdymn

Hosenszuuuszamarunans (Central nervous System tumor, CNS) Lﬂuﬂajuﬁa
sonfifanuvainatsrufadeseniifianuieusuagliiouss faudseenduiesend
avenazipsoniludunds Tud 2020 Wudwﬁ"ﬂaﬂﬁéﬂaaﬁﬁjwﬁaaaﬂama 308,102 518
wusluwavned1uan 168,346 519 LAY WNANDITIUIU 139,756 519 (1) Tulszine
an¥gouidnd 2023 ffthefiduidesenauos 24,810 18 (2) Tulszwalned 2020 il
Huilosenaues 187,677 518 uvadumariasiuauy 91,846 918 uag inANGITILIY
95,931 518 (3) Lﬁmaﬂﬁwwmﬁqmiu CNS tumor luglug) Ae lnaleun (Glioma) lne
Glioma wuseantlu High grade glioma (HGG) wag Low grade glioma (LGG) GR High
grade glioma tHuiileseniluananisnensallsansediiniifiniuguuss uasfinisanany
pgsInE Tdnsnnssontiniady 2 U vdetosndt Gauansnsann LGG Afiniswensali
Fniuaziinisananutiosnieliignaiu lid1esduy HGG wie LGG avusinnsvesilosent
Ad1BAGIM WU Whole tumor, Tumor core, wag Active tumor region (4, 5) Jadeidesil
vlwAnitlasenausafetestunuunniesmieiugnssy (inherited Genetic) (6) T3
nsldduseduarldsuanaiadinng q dovdvluresiihefifidesenanesnsiionisinia
pduld warendeu nsdifevadianizennisvesiiieaziuegfusuniseaiosen
GTU@EJNLszj'uufaaaﬂ@&ng%Lamammdauwﬂ’wﬁﬂwwLﬁmﬂ’nmmﬂﬁwmﬂiuﬂ'mw,mu N
Aanssusng 9 weAinssu yadnnm wasiinwenisdanudsuudadly fudosoniAnuiom
fuauesifirsaziidgmifsafunisuszaianuy waduin weadiuandeu usu (7) e
unndasdoidiieiidesenluauesunmdamsonsinaeulivatsds wu nismsrenisnans
ftuguesBud IDH1/2, 1p19q, w3e TP53 (Hudiu uenaniiilesenauesannsnnadeuld
namaenie g lddrazfuniniildannieiesenssdneufinmes (Computed
Tomography, CT) tn3asanenmadlndnseusaufuninensisdnouiinmes (Positron
Emission Tomography/CT, PET/CT) saufianisansnindasnduwtdmdnliln (Magnetic
Resonance Imaging, MRI) a1niinannlusnedu HGG w3 LGG aviiusunsveaiesendi

AANEAAINY YIdINALENITAN8AIN MRI Tratnuraisdszannanuluaie 1ieaa1nn1sanenIn



MRI wuuUni (TL-weighted, T1) liignansatsuenveuwsveniesenldedadna fuiugad
AsanenLeNeTstevlin T1-contrast (T1c), T2-weighted (T2), wag Fluid Attenuated
Inversion Recovery (FLAIR) Wovsuendesusnae 3 ﬂﬁuﬁ (Whole tumor, Tumor cone,
uag Activate tumor region) mufinanuldegstauianislinmidueislelunisszy
sua‘uLsumsuaqLﬁaqaﬂasmLLﬂuﬁﬂﬁﬂawmﬁwﬁmaﬂwauwﬂhﬂ’]ﬁ%’ﬁ%%ﬂﬁﬁﬂ%ﬂnmmsa&m W
nsAsIILiesen (Tumor detection) AsfMuaseiiosen (Tumor delineation)
NNINUHUNNTSAEN (Treatment planning) T unmii13h (Image guided) wSofnnu
mmw‘%ama@uimmL‘ﬁaaaﬂmaaﬁﬂw (Monitoring tumor growth) agalsAn1un159
veuwnveuiiosenseaueddinauiu (Time-consuming) ilasnmsimunveuwslalls
yhuunm 9 e uastuegfuuszaunisaivesindsdunmg Tnse1ahliian defanainves
uywd (Human error) szvrinamanueuinvesilasentd Memnmadrafunismueuanves
desenuuusalufRfaianusidulunslidnuioandayminan
Tutagtumaluladiinisinuiigedu Insanzdutiygiussing awnsauily
Uszgnaldlflunainuatgaivndvsuddunisnisunmd wu melitggrussiviiie
ATIEaUTlnTedlsALESs AANNTAIALALIEIlsANEISY NSuUsELORluTRlun LU sdIu
ilesen nniinanluisuiinsliemansiforfunsBouiiddnduninmesdniudss o

U

a Y a = . & ! = ¢ a saa
W Inen13Beudigedn (Deep learning) Ludiuntisvasmanslyyiussfvg iy

&3

gangulunsvinuanai g useAviuuunisiseusvaased (Machine learning) N3

= a

Foudidednannsafumanantineludeyanmldsalui@ femnnatinisdoudifdnied
Audoulun1sdrlglun1siusdIunImmIenISUNTg 31n9UAT8Yes Lin M wazaue 19
Uyausefvguuunsiteus@edn Inmsldanidnenssy U-net saufu Context block way
Fivefold cross-validation Lﬁ'asusnamﬁ%’ué’zgiyﬂméuaﬂmmhaUszmmﬁmLamﬁumm
wiuglunsudsdau anunsamadudssaniaunadiends (Disc Similarity Coefficient,

DSC) leinfiu 0.887 (5) vauri91u3deve Thong Vo wazame tilygy1ussAvgiuuns

Y 1w

Feuilgedn Insldanidnenssu UVR-net a1unsanid DSC lvindu 0.760 (8) vaugi

= a

AT8vee Jain Rahul wagane TddngyuseAvgiuunsiBeusitedn Insldandaenssun

Y

LEUD T UHIUIAIUNSHAL TN 9N TITU VU NHIUIA10005 R Al Na18TU 1NTUUILTIY

NaaNSNlaaNHFnansTalIe8UL @unsaniaAl DSC Iawindu 0.731 (9) fewadnsinanil

[
(%)

Juagiunateladulidinzluanlnenssuild s1eazidenna o Mneadesiunisasislung

= 4

N135euTTEn wlvdsnuninvesdeyaniniidulnduliiulinanisiseusidndoe

IINUVBIITEVDI Glnes AM LazAny wandbiliudIAmATNTBINTNEIHARDAMNINYDY



Ao o

Tunan1sutsdn Ineyedeyafifidamsunau (Noise and artifact) i iethluiindu
Tuwadudaunndwaliflinadussansamifiutu (10) Fsmuauaiadurimmnm
vosnmitinsililinanisFoudi@edndmiunsulsdndussansnmdiunniy fady
{ideiadimnaulaludnvinisiisuifisunszuiunisioudszanananindmiuiiia
UszandnmuasnmsuuseyaninvesiounzialnalemuunimdueisleauedaglinisEeul
Fadn nefinguszasdiiieTouiisunavosnsyuiunmsuivdgdmduiinussansnmves
msuUayanmuasieuzisslnalonvunmdueisleaussuazimuilunanisiseusitedn

ﬁ’m%"ummﬂaﬁﬁayjam‘wmaﬁaumzﬁalﬂaiamwmwLﬁm’]ﬂaamaa

NN IYVBINIFINY

1. WewdsudisunavesnszuiunsieunisUssaianan miiofiuussansnmees
mswdadayanmvesiouuzissinalenuunwdueisloass

2. LﬁaﬁwuﬂmLmamiﬁsuiﬁ@aﬁnﬁm%m’iLLﬂﬂGﬁayjamwmmﬁ'aumSﬂﬂaiam‘u

=3
R RRH G RN

YBUWAVBIIUIY

WIBUEUNTEUIUNITNDUNITU TZUIANAN TN ULNNU T2 ANBATNUBINTITUUS

€

v

Joyanimvesiounzisilnalouvunimdueisleanes Inglidanesfiudmiunisugenin

1%

Nua 4 wadla lAuA Contrast-Limited Adaptive Histogram Equalization (CLAHE),

Gamma Correction (GC), Non-Local mean filter (NLMF), wtag Median and Wiener filter

'
a Ya o

(MWF) wiaunsldsuamdnenssu U-net, UNet++ wazaandnenssungideeeniuu lngliyn

Y

98yan 1w Brain Tumor Segmentation 2023 Dataset (BraTS2023) (4, 11-14) 3Mng1udeya

¥ o LY

synapse G’?qLﬂm’faqﬂamwLﬁaaaﬂﬁnﬁmlﬂa‘lam Usznaumeyadeyadimiunisinedy 311y
1,350 gataya §mTun1InsIa@euIINIU 1,050 Yateya wazdmiunsmaaeudiuiu 600
gadoya lnegadeyadmsunisinduwiadunmduenslosiia T1, Tic, T2, FLAIR, uaznmn
Mask Wa¥N13ATIABUAMAINYBINTUTUUTIN NN LU TEIHUAT Structural Similarity
Index (SSIM), Mean Squared Error (MSE), wag Peak Signal-to-Noise Ratio (PSNR) wag
WisuilguaumileuvesweulnnousziSasean Dice similarity coefficient (DSC) uag
Jaccard similarity coefficient (IoU) wazUsziliudszansninvesluinaainan Accuracy,

Precision, LLaz Recall



AU3AFIUVIUTY

1. nszurunsnounsUsTnananmEeisystansnmueslunanisSeusidedn
dmsunisuueyanimuesiounsiislnalomnuunimduensleates

2. lumanmsBeuddsdndmiunisuseyanimvesiouuziselnalonivunimay

95loanaINWAUNTL ausar vuavsunvezisilnalounluaua s uusn TR lan



awv ad v
L@NENILLASITUIIENINYIUDY

a o v
nansingIdas
1. lnalaun (Glioma)
. a & a = 12 a ] s o . I3 &
Glioma fe esenvlianilsveswadaned Seninwaningdy (Glia cell) Wuille
d' < ! ! [ & a a9 < &
sonnuaniantunzisassuudssamaunaislugivg Wuillesenvlinililduzisauasiie
senyilauzisy Fufnunainmsidsuanudeme nsnareiuiusnawaiieiuUssavmeng 9
W waauedalnslud (Astrocyte) 130 lodlnAulaslad (Oligodendrocyte) lnenilasantnale
widulngjazeglungduainuuusags (High grade) 11nNIINGUAIUTULTIN (Low grade)
auRnsalludszmelng wudUredu CNS tumor tnswvadumeny 2.4 esoUszIns
Ine 1 wauaw waglunwavdgs 2.1 sesoUsznsing 1 uauay (15-17) Jadeidganviiliin
& A Y v o O =i YU o Au a
\esenlnalenniertesiuiugnssu gUieaglasusadshuusnuaues lnga1nisianives
Adreniliiieseninalosinuuey loua 91n15?n Uinfswe uuungounss mduldiavenduu
dusumaidadeildlaenisnsiadullevseiansananameatenenisumgldazidunmn
MRI CT %30 PET/CT \Jusiu iloduunainuguusavasdalsanazlidmsunisidenisnis
SnwmunzanungUae Wweswenlnalown wialunanesie Jamnuldves loun usiSeaes
waalnsludlnun (Astrocytoma) ugiSeauadladlniulaslnalawn (Oligodendroglioma)

yzifsauaslnalavanalaun (Glioblastoma)

1.1 Astrocytoma
Julsaiinunannwad Astrocyte A1 5ONULANIAUTULIIA LA EAIY
[ (Y < a Ay ! [ A =
JULTIE9 (WHO grade 1-4) nssnwnanvesusswtailaunnisiide Tunsalalsaiinay

suussgedludesisunssnysinsaneSeduase Al UIUaTIAL AN THER



A 1 ANAZVDY astrocytoma UUAIN MRI ¥ia T1 T2 waz FLAIR Aua1au (18)

1.2 Oligodendroglioma
Julsafivinainwad Oligodendrocyte aunsanulavianIuuULsIwILaY
AINTULTIGS (WHO grade 2, 3) nsshwnanveaueisedaillawnniswidn lunsdinlsad

AusULIgaddusansunsshvimenisaesduasealivr Uaiaiundsannniseidn

MRI-T1 MRI-T1(+Gd) MRI-T2 (FLAIR) FET-PE]

AN 2 anveazVaY oligodendroglioma UuATW MRI ¥iin T1 T1Gd FLAIR waznw

PET/CT snua1nu (18)

1.3 Glioblastoma
Julsanfinnuguusegedn (WHO grade 4) Wulsainuldgeiianvoaile

Jenaues e ndnyagvedsaazgniulunuieietisfginlveindenisiidnfaduy



mMssnewmenisatesnenarlveuaiviiadanunzanniinisige Iasdiulugazvinnis
Snwenen1Tanessdnsaunisiieadiunds (Concurrent chemoradiotherapy) haznusig

nsbieaiivnUanaaanedda (Adjuvant chemotherapy) (19)

AN 3 anwzUas glioblastoma uunI MRI (18)

& & Yo a d& < o 1 < = Y ]

\WesenluawssanusadulansiamduuziSwazldlingse uazeradivuinasud
< = 1 ' Y o = ] = v =
dnluaudialug 81015619 9 laun 8101590 Uanfisue wauvigeunst paulduazenieu
MIRBNNITTNYIVUBLAUAUTULTIVEILIA LAENITSNINANABNISHIAR kaSnwasume
nmsanefduaziaiiuntn Uadendwmasienisiiailesenluaue@uegiiunssuiiug uaznisiag
195usad Tnenmsnsranuuaznssnwusedil anunsoannisiinlspueise uasfiufideivigy

ANUNTOMNUALHUNTSNY IR NgRd S ULAazUARALe

2. NNSANENINABAAUALINLLIAN (MRI)
MRI LHuwmalulagnisateninnlinelimindunsie (Non-invasive) hazsly
dl =1 o 2 dl o o o U % = aa 2 a dl 1
wisesiladdgaAydmsunisunndludagiu Iusvlevdlunsitadeuasinaulsaiidna
poliloldesau (Soft tissue) U09519NY 11U @NBY LAWY LareTuigae & FIAnA199IN
S9Anduarn1snsIaenesgaauiimes (CT) F9lv5adlonalud MRI Idauuniwmanias
A a A P aa = ' ° v o o YRR PP
AAWINYLTieas e NATTgazBenve31aNevinld MRI Uasaded wmsugUae Tnsanizei
FosnenmuINNIUNG 1wy Nfin1znessuulszansensiss
MRI fiuselevulunisidanelsanelnuanawas lwdunad Wesannaunsaasia
ANANMUALBENZIVRITEUVUTEAMIA d1115005393uNsAsuulavedlasasayes

1 dy k4 = 1 a A d‘
W Liesen lsalduldonauaslUanes (Aneurysms) wagdulaon naonaun1siudsuLUausy



N15Y19UVDIAND9 WU lsadalawes Isalasnuszainideunds wazlsavasnidonauad
wanuiloannsidauaIuszuuUszamud) MRI il idadulazfinninaniigeig 9
20DV UTaINaTile Isalanasvaaniden wazuis aunsavsvendeyaiieliv
YUIA FINUS LAZVIUWATULBIN kazatusaltioidukuInislunisasiatulilowasy
v} = P v ] ' a ) . . IAY o W
JURBUDY 9 A w31 MRI agldunisarenmivasnnsuag Non-invasive wasivodninlay
A PR % ) ad v PR ¢ & | |
AMUEBIUIsENsTRgItasiuwmaluladil UieNlaunsainienisunmnguiegie wu
iwseanseRuiilanialsramyiion 91aliaunsadiiunmngia MR Wesangunsald
druUsynauvedtany uenand ammujmﬁﬂﬁaﬁﬂﬁlﬁmm’mﬁﬁﬂlﬁamEJLLainﬂﬂé’aﬁLmU
dmsudtheuesy
ANALAAINNNTA1AM MRI Tva18Useinn %aLfJusqmaaﬂﬁuﬂmuﬁﬁquLa3mi

lasgiuvesaurnuivan Weas1eauauda (Contrast) Useinnaieg lunin ey

Y ' & oA v | a P a
AN BUEA19Y vodllattauaslassaislusaneniaula FaUssnnveInIn MRl agiiasan
91nA1 Repetition time (TR) %38 sz8zna1annsliANdaUNDS (Resonance frequency,
RF) lUnseduasawsnaudieansty RF nseauluasednly wag A1 Echo time (TE) w3e
528881900159 RF W lunsgauassusnaudananvinliiedmyay Ineussnnvesnin
MRI inutes lawa 1. n1sangnmuwuuund (Tl-weighted, T1) Ingnisatgninyssianidln
gardean19NeInIAvaLladaundlen wazdnldiiiansiranianuRauniluilediosau
F9n1n MRI ¥l T1 gnasistulaglyd TR 817 uag TE du dsliuain MRI vila T1 ddnway

‘NI 1 o U U = o % g 1 d‘ 1 9; o

Y9N INAREAIIzAINE NS Ul ukazdndmsuln 2. nnsanen nialsddn T2 (T2-

. | a K 9] v A v a a Y Ao
weighted, T2) Ingnisargninfinasdnin T2 lineduanuiaundlulassadsidassiva
WU dupdkarludunas AW MRl ¥fin T2 @5199ulngly TR wag TE wuuen? $907% MRI %a
T2 §8nwzYIN N NLandazaId nsuukasiind nsuludu 3. Fluid Attenuated
Inversion Recovery (FLAIR) imaging 1 FLAIR tJuussinnuilsvesnisangain MRI 4iia

d' [ :.// [ o % =3 Y ;g [y (v yddy 1
T2 Ndudsdygraainveslva vinlanesiuseslsalnddvinlvdunaslandu nsatenw

FLAIR Ttnantunisuney TR wag TE 812



T1-weighted T1-weighted with Gad

AN 5 A298190 a8 MRI ¥8a T1 wag T1Gd (20)

1%
Y

I = ! ¢ g v aa =
MRI LUULWQIUIafJﬂ']ﬁﬂ’]EJﬂ']‘WVl'Nﬂ']iLLW‘V]EJGUUQQWELVTQ']WV]ﬂJi']EJagL@EJWQQGUEN

Tassas1anielustanielaglifedtsadlonnlud wilinvsdvefnaleusens WU N1SWEAS

[

anwazeuilologeuiiniendin CT Images uwinddodninuausen1s wu Aldateas des

[

IdgunsalianigniauazyaaInsiiIunsineusy NddgydUleniaunsalnselaneilsegly

e

T e1aliauIsansunIsnsIa MRI e
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3. JauyUszhug (Artificial Intelligence, Al)
Jgygyruszhvgilumansuauaniemneadunisfinuidonaziauiszuy
ABNINBIIINAMNANYMzYetayanuaeulvdauansalun1sandl Leniey way

Usguranatandny AN LH9 WU N15as1eueud aisanena as1essuuyszainsy

a

?
Beunuuuyed a5eszuunisueniiy nmstednduls aanisel vinwe wievindssng q Al

nsandulaunuLyed 8
3.1 M3l38U3vauATaY (Machine learning, ML)
& § a ¢d o g w a s A a
Jumanidosvastdygiuseshvgivinlinouiinmesnioauesnainnis

Fouiandeyanienseuiunseuimenies uaahanuiduunldau Jinseininnisel

a s 1 o v a

wevhawie q Widulyaiusehvg Wu uwansteys wuzth Ardula muaANEwiing o w189

el

3.2 M3l58U3189aEN (Deep learning, DL)

<

¢ = o dll Aa ¢ a Y] = Y]
LUUﬂWaWiU@HmaﬂﬂqiLiﬁluzmaﬂLﬂﬁaﬂ NUIAUTELAIALAYINUNITLIYUTVDS

9 Y

a s

ir3es AovilrouinmesiiamsBeus udnhanuiunldou srlsinunisBouiideanld
BmatewalafitsnunglasaneUssaniieufitanudnvanetu (Deep Neural Network,
DNN) Tagdinisidgunuuannmsinnuvedlaseigvedausuyud
3.3 AMUUANANITENINNSBEL e ATe Az TR LT eEN
nsiEeuivenniesinnuuandisnsiidiuveslusunsuiiviinsduam
Uszanana nsimuadeulvvedlusunsy nsdndulasie 9 gnasalasaeuiines lne

Y v o

AWaunazidiyadeya (Dataset) visiiludau Data uag Output dnlulireufinwmesiseud

e

dieliroufinnosadislinng (Model) vioasvanssdum antudimunBoulsunsaumdn
disidn azlilusunsufiauysaifianunsasudeyaiiii (input) Yszunana uagldnadns
(Output) ponn waziinsFeuiidednlilasdisusyamioniidarudnvanstudouwuy
PNNTTIINUBdlATIIeYetaNenyyd lagvinisiseuiarAun adnuuelaY (Feature)

meweseteratety Fuyudlddnduseaiiu Feature 1y
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Machine Learning

Gin — |Gy 37553

Input Feature extraction Classification Output

Deep Learning

G —

Input Feature extraction + Classification

NN 6 NITUIUNLINIIUVDY Machine learning waz Deep learning (21)

3.4 Artificial Neuron &g Perceptron

Artificial Neuron 1Jumadussamiuywdas1siu lngerdendnniswse

[ 3

a ° 12 a . . = a ¢
BHULUUAITVINUT R USEamM 34 (Biological neuron) slunispouiamesisunivan

Uszanasnadudn Uszamdieu (Artificial Neuron, AN) 1o AN ulUsunsumauiimesi

¥
IS = o

W UIUTIUTNNAAI8WaaUTTAMAIT ABSU Input (X, Xy, ..., X,) HAIVIINITUTENIANANT O

Y

Fadunseriune (Predict) antulinadns Output eanu Tnevuae Neuron 43endn wes
\WwUN5BU (Perceptron) Fanadnsazidu 1 3o 0 Jse Output Fanameauwnunaitliviol

Perceptron @msavieuUszananald daduld sxfidrulsznoud vin
wihfiaesdiu Ao nasrmvesdoyandi (Sum) uas flerdunisiadula (Activation function)

1%
o o

Tuduves Input N5UA19A Feature wiagiazilanimin (Weight, w,) ludiiinua

v A a 1

Uinvedusag Input LBAAUAANLEIAYTDY Input Leaza? UBNANUGITAT w, [8A7

Bias 1HuAsUsulunsAufnEY
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wab
4 Y

® :
\. v

AN 7 anweusVaY Perceptron (22)

3.5 wasuvasdayada (Sum or Net Input function)
N1359UKAYBY Perceptron vilastadn Input (x,) AU Weight (w,) v84
wiazsa 910 dutmaansunTNiu Inesauen w, 138 Bias Mg Wialanasiudayavzgnasly

o

foaulutusely Tng Sum wanssaaung
s =wy+ Wixq) + (W) +.. +(wpxy,) @
3.6 Wanvuanaula (Activation function)

Y

AWasINYED Sum Rt axmnUseinanadady Tnaduastadiaud
0y Annasidedu Ai5endn Threshold ddndosmmunlildavinlafls %ua@:ﬁUﬂﬁi
sonuuy nsvheuluduneuiie thamaswildann Sum uSsudisuiudn Threshold
(t) fwasiudaniiunieganindn Threshold nsdndu selvinadns Output 1Wu 1 wadn
A1 Sum Uesn11 Threshold wan1sdaduazly Output 0 WU AUALA Threshold (1) Wiy
0.5 DWasIy s WU 0.7 Aglanaans Output 38 v WAU 1 8wasau s iy -0.2 azla
HAdWS Output #3e y = 0

3.7 Batch and Epoch size

Batch size Aontsutsteyaluduinduiu n ads esnnsiidoya

ﬁfwu'aummLﬁﬁwémiﬁm’smiuﬂ%Lﬁmﬁﬂﬁwmamﬂmﬁﬂizmama (Random-Access

Memory, RAM) liitiiganaranisiudeya wae Epoch size Aasaulun1siniudeya gailna

MoAMULLUGIVDILLLAA
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3.8 Lwai‘fwﬂmawmﬂ%'u (Multi-Layer Perceptron, MLP)

Tns9a819 MLP Usznaudaeduiaieas (Layer) e 9 lnsusazduas
Usznouselvua (Node) Tnsvanuntl Sondr Model Tngduditndrdoya (nput Layer) i
d9ui%U Input F9RAe3UAN Feature Tnoudas Node Tuduiiazliifisdndu wie Lid
Activation function agvimiinfisudeyadadiluyszananadelududssuanafidonat
(Hidden Layer) 1u Perceptron %38 Neuron 5UA11131A Input Layer ¥1A155I0KALE D
Fndu AdBfU Perceptron winansAaduMae Output 7ildann Hidden Layer i &slaildu
Output gaving usazadls Perceptron Sndulszananasoll Ssnsfiddu Hidden Layer ¥
Iidusinduaunsalidnvazmileuiunisiaunaiuiieliaunsadauumseduunngudoya

[ {

Ndudouln Yunadns (Output Layer) WWudiufisudeyaneain Hidden Layer waa

Y

a

Usvinana nuulvidnadnsiodnngnving na1nfe Output Layer yuinisiuuazindu

UGN E

Input Hidden Layer Output
Layer

AN 8 anwazUas Multi-Layer Perceptron (23)
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3.9 Wads (Pooling)

'
a

wadadunisgenieanvuingdnin (Down Sampling) saelun1saniia
VRIANTNBULVDININ aATIUIUNITITW S IUNSBEUS anUSuiuniseuinluszuy
iesanszuulidndudoddnnuuelnglunisiuinfaansowenuegldininglunmde
adla ety Pooling layer WIMAUANYULYBINN UazifinyszAnSamlunisUssananald

51897 Yafae819989n1591 Pooling LARIAININ 9

Max Pool

—_—

Filter - (2 x 2)
Stride - (2, 2)

AN 9 Max pooling (24)

3.10 lassdneussamuuunauligdu (Convolutional Neural Network)
Convolutional Neural Network %38 CNN Aslasetinguszamiiieuiil
unAnIINNsTUvesE UL sTAYIMsNe ey udTuesinguienwluituiies «
FamaueatuiiuiidesvesnsdasihniuenaadnvaussueliifieUssnaunsinnsunud:
thngudnwagisuresiufigosmruiu ilelimussasBonves ingrienmidu 1 CNN
Usznoumeaidusznoundn 2 diu Ao Msdumaudnvazeu (Feature Extraction) 1u

I 1

TunpuvNskenAMEnvuziuveringiagnglunn uag lassedsvainiiey (Neural

9 Y

Network) 1Juduivitnisduundeya wie Classification neudiaglidneu nie Output

28n11 Ing CNN Tanwaueadnin 10
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Convolution Neural Network (CNN)

Input /

Output
Pooling Pooling Pooling et
r o
| “{emesasnaa.., -Horse
Zebra
\ . Jeecuasseses “Dog
SoftMax
Convolution Convolution  Convolution ¢ ?z‘;‘:}g‘"
Kernel R;’LU Ré'LU Rgu, Flatten,
Layer
- Feature Maps -
Feature Extraction Classification Probabilistic
Distribution

AN 10 danUnenssy CNN (25)

iU CNN fimnudnvestunansdu deuszneulumisdu Input el
Y Ao w v <, P = N oA v o ) P
Funntinmdngszuu lngagiuamdni (Grayscale) nie amd elddmiunisiln
ATIIABU NAFDU Wagyiune daunAeduaeuligdu (Convolution) WWuduiuideya Input
WY Kernel w3e lwnsnddoya ludnwasiinwadefingadanin 11 n13vi1 Convolution
Juazdanalvifnvesnintuanas Fannlulanenisiinveuwluneunisyi Convolution
139N Padding YN 12 @9581319015%11 Convolution 2giN1IAINUANISLARDUNVD
Kernel Tagn1nuasturudaaiasululunszuiunis Convolution weazasy (Stride)
fo819U Stride = (1, 1) NU1EAMUIT Kernel ARDUN L ULUISEAULATLUIRIATIAY 1 199
[ A o . I & o = P v o 2 X
fnuNAYU Pooling lWutuMvin1sanvuInveInInaInsswnils Sedsmalinisauiasingidu

v v [ 1

YueffasnwinudnuaziuresnInly antuanasdngtu Flatten layer oudastayaly

9
o
1o

agfludnuaizining 1 45 neud1ddu Fully connected layer tievinnsdnuundeyanaulv

Y

U [
Nagang Output 88N
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Input Kernel Output
0|l1]2

011 19125
31415 * =

2|3 37 143
61718

AN 11 N15911 Convolution (26)

Input Kernel Qutput
' 0f0t0°¢0¢0
' [ v v L4 [
s A 0|3|8]4
yo0foj1]2}0:
| o 0|1 911925110
013|450 * —
e e 213 21137143 |16
016|780
s e 6|7]81]0
y0%0¢0°¢0

-

-

(S

-

)
)
)
)
)
1o
)

AN 12 A15%1 Padding (26)

4. @a1Unenssu U-net (U-net architecture)
aoUnenssu U-Net \lulpssneuszamidisnsfiuguuuu (Fully Convolutional
Neural Network) #ildfustaludnsusuntsdrunmdinisunnd Jashadausnlul 2015
e Ronneberger wazame uazldnanafiusidonsenioudmiunuutsdiusiuauannis
Tun1939uuaznaInnssy Imagmwuamﬂmaﬂﬁmﬁ ﬁ'gmwuﬁsiaLLazéumstﬁauuaiuLwiaz
Layers nwauzadnegudi U aalnenssuwiieeniluaesdiu fie dad1sia (Encoder w3e
Contracting) way fiinans¥a (Decoder %38 Expansive)
Fadnsausznaudie Convolutional layers Feusiaziaiwasazlsznoudie
Activation function Aa Rectified linear unit %58 ReLU maaagn13adun1snniuiasuuag

1%

(Down sampling) MilvanvuA@NuNvIn Wl UYULLNLTIWIY Feature map T39zA9

[y

AENwzIEAUaIeanangUA Mt Tulsazdunaunisgudiiegie 91U Feature

1%
= a

map eiiuTuduansin luvnglifdeiiufiavanansmils
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fhnonsiaidudiuaimdsenaiotisuasuans Feature flafratulnesadisa
uagltnisaiun1ssuuuUas (Up sampling) way Convolutional layers \eulasvunves
amnduduruanmdaislurneiinudoyadfienuseasBongaosnmiiFouslagsh
hevia Tnesoensiainmaifeudefufudngia Suelilumalideyaniawesieunti

Yoyt s e UTuU TeAaingn U S UEY

input

i output
image &% .
l?le ks ‘, ’ segmentation
% map

H

”I*I*I E l*l.l = conv 3x3, RelLU

copy and crop

I". p . " .. = e § max pool 2x2
B ) i6%4 43 8 4 up-conv 2x2
-"_"_ = conv 1x1

AN 13 anwazvasda1lnenssy U-net (27)

5. @a1Ununssy UNet++ (UNet++ architecture)

UNet++ fiaiununanandnenssy U-Net dwisunisuisdiunin lagusulse
UseAnSn1muas U-Net tiloantasing (Gap) n1sileusie 1138 Skip connections s¢wine6ia
Wrsauazinensia G5y U-net sdnswauaginansaay Skip connections lngnsa vin
Tmsdugues Feature map nAaAa ALAABY T UNet++ 2¢dl Dense ogjseminadumis
Skip connections wassakaziInensia vilvisulalein feature voanmlsifnisgey
mgsznitamaniueu Felldutaelunsuudssenuusiudivesnsuisdiu uaznisla

SEAUFURININ (Gradient flow)
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.....
IPRRLT TR

N\ Down-sampling
7 Up-sampling
>  Skip connection

N X" Convolution

AN 14 anwazvasda1Unenssy UNet++ (28)

6. NITLUEIUNIN (Image segmentation)

MsuUsdaugunw Ae nszuaumsuUsgunmesnifunatsdiu Jausavaiuas
aonndeafuinglunmiluandreiu Tagnisudsdrunmidunuiiddaylusu Computer
vision 1azN1sUTENIANANIN ?jaﬂ’mmaﬁaumwgﬂﬁﬁlﬂiﬁﬂmwwwam%’uﬁm 9 5UDINTT
180NN NNTLINE S08UALSAUTU WagIneINITYueus

M3BeudddniinansznueguInsanIswusdunn lag CNN WWuwadandn
fldlumsuisdiuam Tnefaaninenssuiivarnvanedsoonuuuslasiansdmivaui wu
U-Net, SegNet ez Mask R-CNN

Tngialuanidnenssuves CNN waifsatesfumsuisndutsiauaz i
nonsiia laefiddnsfarUszinananmilousnauautAfiieites uagfoensiaasdug
anautfvainduludfingaiioatanmiiuisdn malinsdoudessvinedadhsiauas

= v va

f100A5Td lUANIURYNTTUVLFI00ATHAAINITONDUDNAAMALURTLAUAINNLALYDS

Y 9

Aeuninvesidnswa uenain CNN uad inallanisiSeusidedndy q wu lassiiguseam
Wenwuuing (Recurrent neural networks , RNN) gnununldiiionisuusdiuninuiu
fiioe19w Fully Convolutional networks (FCN) ¢ RNN LitaUsuLAIn1sAInaziunIsius

du Tuwauzdl Graph Convolutional networks (GCN) wdsngugunmlnsuanadunsi

Y a

NNNANMUITNAUNSEIUSITIRNIN AN TUUIEIUNNATUL DU b9 D1 UEN

Y

wagdiuseanSAMUNNTY UIUANIRANANLANASAY WU LETLANA19AU A1SUATY 18

q
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AW 15 n) UEAININALRTUY WAz ) LEAININTBIUATZUIUNITNITUUSEIY

7. n5UFuU390M (Image enhancement)
M3USuUTI 0 (Image enhancement) WWunsyuaunisiildlunisuiuamnin
N = ~ @ v o v as 9 g v ]
YoanmiLiiaiiNTIazdenrsaUSulnudlinsanundeinis Fensusulaanmnldasuansg
mulumuAnudeansreely Iaenlun1susuusen ngatunnisUSuURnuaunavesnIn
HNANNANTR anda1TUNIN USUANNATIMAEAMINTRININ Weliamdamn AR
TJuuazaanAdediUuingUszasaifeansidininiu q a1un1sUsERIaNanINwaENISARIY

| = o

D ' a ! o o ac o o =~ o
Poyasi o Tuidyunuansd1ani Fedanesnunlilunsusuussnmivanvanguuuluiilag
snfegNsanaTulgluauIe
7.1 Contrast-Limited Adaptive Histogram Equalization (CLAHE)
Histogram Equalization (HE) 1uisn1sUszunanan miiovs18929A21u
WuueInIn neUsuanuwanAsveInunsenieingaesunelunmlilngiheaiuain
A 16 aziuInnmianuiadudulnaalnunsuaruiutsnusudisveins v way
Aaa 1 Id | a [ a 1% ] o Aa
AmnddaNuaIadudulng FalaunsuazsmuAuusnunIurIveIn T dusunnniee
ungdagalnunsudiulvgazsiuiuegninatsvensiil @e HE azvilvigalnunsumani
Yg1891998n eUTuuTiaounsdvean nlviandu (29-32) lag HE Yuediu Cumulative
distribution function (CDF) Tuwmeuaas Probability density function Fa.lunasiuazas

1 [ & [ a
Y09ANHULTUTIRUANETUN N FIFUAITT 2
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AN 16 ANEAULVDIITNITUIZUIANANIWIKUY Histogram equalization (29)

. L-1
H(@) = ?:0 P(r,) = %Z{LO ny 2)

lae?l L Ae seduauliuganvesnin N Ae dauiuiinwanivuaniely

AN 1, AD IUVDITLAVAWIAIA 0 D9 L — 1 ny A9 TIUIUNAARIUTZAVEN 1, waz H()

A9 Histogram equalized

AW 17 1) uaaennduatu uaz v) wansnnikiunsusulTinmlagldinalia CLAHE

\eanimaila HE wudeideuisedns laun angedeaunavseiin Over-

enhancement Tuawisinnuainmseanuiauniiuly uag AAFYLIUIUNIUNNUNST

F9dnsimumAila Adaptive Histogram Equalization

a

YOINN FUNALAIINAIN 17 Fatiu
(AHE) 3u 1pandgyy1asunIuliAnTuuuiunatrosnin tngviinisuuininesnduiiu
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[ '
Va o A a0 1

goe vi3e Wd (Tile) muIdurivun uazihiiungegudaziuiuuusnmmenaia HE

Y

[
[ [y

Aann 18 antiuiniungesilasunisusulsismuaunsaududunimdes wazuwilutym

139990 UTYDURUILDTNAWLNTINAUAIYIT Bilinear interpolation

Histogram

Equalization

AN 18 NITHUININYBINALA Adaptive Histogram Equalization (AHE)

Wesanmella AHE luudladeyniies Over-enhancement 9831w 34l

nsmuLnATia CLAHE Ju Taefl AHE waz HE Wuitugiu Iae CLAHE du 914380159710

AuEwesdalnunsy (Clip Histogram) Wieandaya1nsuniuwag Over-enhancement ¥4
s = o [ o0 W Aa A . 4 , A [

Aounsd lnedinisinuaszaulunisidngalvunsy %39 Clip limit wenszanedygaly

v 1

381U 9 Y0BalnunTy (33, 34) Feanuwarn1IITASAlNLATULAAIAINIW 19

»

L
»
>

pixels pixels

| SN £\~ — clip limit \/\-/

, LT,

gray level gray level

AN 19 AISN1INTAINNTUANTEAUNNUA (33)
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3Fn1svuvemalla CLAHE @1u1safiansantaannaunisaaseludl

NRrXN¢
Navg Y
g

lae? N Ao 91173u204 tile Tukad Ne Ap 97uduved tile Tundn N, Ao

(3)

° v o ' & A = ° a a d' °
GU']‘L!']‘U‘?J@\T?%WU?'LWWIULLW@%WUW e Ny AB IMTUIUVDINNYALRAY LHDNTIUITUIUUBDY

S
fnwadsluwday Tile axtludnismseauasevenisnandalnunsy (Ne) lnguansds

AU 4
Nep = Nejip X Nayg (4)
Tagil Ny, Ao Arszfunsmdndalnunsuy wie Clip limit Fadudigide
AU ﬁ’m%"umﬁﬂLsejaﬁgﬂé’mmﬂﬁaimmimmq q 9ztansnfuLasiadsafineaiioiy
Thfusefudmdu 9 mudeulaiifivun damasinvesmiinsaigninuaziadelviszaudin
9 9 (Nap) BARIIENNST 5 wazieulvwesnsififinwalusyfudinidu 9 vesusazsaly
UNTY WanadsaunIsil 6

Nsumc
Nacp = Ng s
Nep, H(i) > Ngg
H()pew = Nep, H(Q) + Nacp = N¢yp (6)
H(i) + Ngcp, else

Tag9 H() A IuuNNwaluLsassEAUaANIv98alnLATILAY WAy HG) o

(5)

Ao Inuingaluilundayseavdmnlasunisiiuinegs dunsunsalnduiuineavssda
InuasupNNlasunIsiufiinga wagdiaiu Clip limit azyin1sdTuIuinaifuty 1
dislvinuduvieay 9 lneleRinseauammngaludiseauaniadan Weruingalnunsy
Twliasa azvhns@euse Tiles WhaguAudIA8RUNIY Bilinear interpolation Lilefdnuau
a A ] ' X
NYDUADIENIN Tiles

YoRuenAta CLAHE 928LiuAaunsa@danizNkas mIndyausuniui
a b‘d‘ 1 (l) = % ¥ =
AnInNIsveemsunsadnldadnauslunin MRI saudaUsulsalassaiiuazsteasiden
nelunin MRI Tiusawiuladauiniu egrslsinumnaiin CLAHE enafin1siindeayeye

sUNUTUUI NI ANUTNYDININALLELD
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7.2 Gamma Correction (GC)

GC Wumallad1msun1suseaianantn 1nguSuaunusnauanuwasianiy
yoenwliimunzaufuauainaarauasdalure sy 9 (35, 36) 39 GC wanAL
aunsit 7 laedermeada GC Yfumnuainslaesmvesn mluuinadiinudugauasail
L@NBIINAITMAUAATNIIITLAD S WAL %QﬁmmL?iaﬂﬁﬁmmiqul,%&maazlﬁamaqmwiu

NSEINANUANISITLR DS el s

AN 20 N) dEAININAUATU wag ¥) wansnIWIRIUNITUSUUTInNlaeldnaiia GC

7.3 Non-local mean filter (NLMF)

NLMF Aadanaiiuilddmsunsesdygiasuniuoanainnin luuuei

o
(%

ShwmnuAudavesUsuveuvesingaeluam uennidtannsnUuiiuiiniglunwlsid
AUTIUSEUINNENTY B9 NLMF agfuindiadsvesiinanmuaniglunin lnefinnsan
muedEndsEinsiinea nednsvesriadeudwmalinnsidaduynasuniu waset
TinwavesnmiialndiAesiu (37-40) 9 NLMF wansauaun1si 8
NL(D) = 5jew(i, Do () ©
Tidyaasuniunielunin e Noisy Image Ao v = v(i)]| i € [
flneUszunas w3e Estimated value o NL() dwiufinia i fighaimmindaeaadeny
Wuvosfinwarianun v() aelunm | Taefi wa, j) Aerdreimindismuadlidiu vo) 3

g
Y
fupnuadepdsszninefinga i way | saulufsSeuleiidmuedsd 0 S w(i,j) < 1
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waz X W(L, ) = 1 Gsenuadendesznindinmea i uag j annsamlsnileiduns
anasvesszegnnalniminuuugain (Weighted Euclidean distance) uanenuaanisi
9
2
Ellv(V) — v 9)
die Vi uay V; flomnuduvesiiuiilndlfssifigudnansegiifinma i uay
j vueh O AaA1d@ DB UUNINTFINYBY Gaussian Kernel @33iA111nnd1 0 vinlviAE9
Wwindulumuaunisi 10
o) -ver )
. 12,0
w(i,j) =—=e h? (10)
( ’]) Z(l)

\Wia Z(i) #® Normalization constant #9111Aa1naUN1SN 11 wag h v

YUIAYDY Smoothing Kernel Famuaunsanasasilenduondlmuui@eauazn1sanasues
AasnlnNandunsanasUesTEBEN s mTnLuLgAan 61A1 h deeiiuludwna

)

Tildanansamdndyaasuniu Tunenauiuiial h snnduludealinimiuae

[r@ro-vanpll,,
Z(i)=X;e h2 (11)

Y a 2 Y] Ao =
VBAVDINAUA NLMF AD ﬂ']ia@ﬁiyiyj’]mﬁUﬂ’JusLusﬂmgmiﬂUqﬁqﬂa%Laﬂﬂ

vpsnlanuinniunaliady q egrelsAninaunisiunisaiuiadaiududon aedunis

AU BINaNUINTU

AN 21 n) dERININAURTU wag ¥) uansnwiiiunsUSulTInnlagldinaiia NLMF
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7.4 Median and Wiener filter (MWF)

v v

MF w3adinsesdeyalaeldrmdsegiu Wudinseanldlunisidndyyiu

[
0 o 1

FUNMUBINIINANIABLANIZEYYIUTUNIU Salt and pepper NM159119MUVBY MF Huaziinal

'
a

finwanegsousumiesiinaniaulaundnSeendeslumunn andudendegianas

W (41) fsam 22 ovilinmduatuldgadeauauds

101117 ] O 101 | 17 0
14 | 255 | 5 14 | 29 5
29 | 96 | 42 29 | 96 | 42

0 5|14 |17 | 29 | 42 | 96 | 101 | 255

AN 22 ANWENI5N19IUVDY Median filter

v v

Weawan MF ldaunsandndyaiusuniuwuunseauls (Impulse) Wy

a

Ty 1usuNIUNIA@eY IusfinisnIassiemalin WF aiunsanidadesnoslugaills lne

[ Y = [y = [ a [y
WF Judinsesnlglunisussuienadygiuinoandy g usuniuuasiinaun WU sd gy

g7} q

o LY PN

lgnengnuvitlien Mean square error seninnwauatuiunmnlasunsusuusliades
fign Fen15viauves WF wialuaesdiu fis n1snsesdoundu w3e Inverse filtering uaz
nsUSudyausunuliiBey w38 Nosie smoothing lag WF wandlansaunisi 12 deeglu

JULUUYBS Fourier domain (42)

H*(f1.f2)Sxx(f1.12)
W , — 12
(f1. f2) |H(FL )12 S (Fr f2) + S (1 f2) 12

e Sex (f1, f2) wae Spp (f1, f2) Ao prnumnuiduainasues

awduatunardyaasuniu H(f], f) fie fnseuvae
Y a a = U [ £ 4 a
Japvaawmailn WF Aeusuaunanin lnensusudyaasuniulvsiusey
WINTULaEINYITIEazREn FINTNIINANANTRNIERAvDININLATE Y YI1TUNIY

sgtlstnulumsfifienainanuardiiiesnindnisimuiunisulaasiesuasndu
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AN 23 N) KEAININAURTU Uag ¥) wansnwiEIun1sUSuUInnlagldinaila MWF

8. el miunisusziiudoya
8.1 Structural Similarity Index (SSIM)

A = = = ' v Y]
ATNUIUBNANFUN TNYBINTN I@EJL‘UﬁEJ‘ULV]EJUEU‘J'NGU'@QJY]WWHQUULLﬁBﬂ']W

!
=

AATUNITUSUUTS WaUssiliuanuAfendaasn nvisass (43) lagal SSIM agluas -1 89

=

1 61A1 SSIM TnatAgs 1 uamsdaninniauasenfeiuwasnmalasun1susuusaaunim

q

=

i vauzdien SSIM Tndifes -1 wansianduadoadsriuaz nwnildsunissuusadaann
#in G9m SSIM mldannaunisi 13
SSIM = i(x,y) X c(x,y) X s(x,y) (13)
Tl i Ao swiliivsuanisnnuainefingreadatu, c Ae dudlfivsuenda
Anuendaiindendetu s fio fuiliivavendeguinefindrendatu x fe amduatiu uag y
Ao ndléunisUsuuse
8.2 Mean squared error (MSE)
ANLAEVDIAILLANAIITE @R IsE NI YRt uLazA M TlE SunIs
U3uU3s (49) B3 MSE uanadismuannsfl 14 Taeen MSE wilndqudvsuenaduaudnyain
sumuszinwiuatulazamildFunsuiulssiedes
MSE = — S84 I£ (0, /) — g (i )12 a0
mn
Tnedi f Ao Afinalunmduaitiy, ¢ fe ﬂ"lﬁﬂL%ﬁiuﬂﬂwﬁiéj%JUﬂ’liﬂ%UU'Eﬂ,
m fie IuLLIRnwareIgUnIw, n Ao Suuvdninwavessunm, | Ae Avllvadinl uas

j Ao Aullvesnan
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8.3 Peak Signal-to-Noise Ratio (PSNR)

oA a Ly

AU suenieduUsEansTosarvody g IugeansodyyIusuNIU e

o

UszilusgiunuuanmavesnduresingnislunmuazAun mvean minuiulse (45)
6161 PSNR gawansfanmitlasunisusulsalinaunmia iesaindgyegyngadaiuinndd
doyeyrausunau Tumanduiuen PSNR suansfiannitlasunisusuusadiaanine daan

PSNR m1l@anaunsit 15

2
PSNR = 1010g19 o

lagfl MAX Aaendeainiasgnniglunin uaz MSE AeA1 Mean squared

(15)

error wlganaun1si 14
8.4 Dice Similarity Coefficient (DSC)
AMUIUBNAIUANIEARITENINNYATRYAADIYA LiTDUTHIIUAINANIEARS
yauunieingnielunn laed DSC agluyae 0 8 1 TunsalfiAl DSC Wl 0 uansds
AUARIEARITDIYATOUATINEBINT YENAT DSC W1lnd 1 uansdadlugndoyarisaes
24 Y [ 1 4 [ U 1 1 [y = 1 ¥ 5 sl
Fouriuiusgiauysal lunanduiua DSC Wi 0 wansisanlugndayaisasdldingg

Fauriuniu F9A1 DSC wlea1naunisn 16
__ 2|AnB|

DSC =
|Al+|B] .

Il A uaz B flayntoyaves A uag B, |4 N B| Ao duiig1vesaasyn

(16)

8.5 Jaccard Similarity Coefficient (loU)

1w a

ANFUUSEANS Jaccard %38 Intersection over Union (loU) t1dun1599

[ 1

gnsdveINuiudousEnIen1sulsdiudeyanviunelanunisuusdiutdeyadnadaie

Hunsvestayansuusduvihunglatudeyaniswusdunlyensds (46) Fer1 DSC mld

NAUANSN 17

ANB
IoU = | |
|AUB|

laedl A uag B Aoyatayaved A way B, |4 N B| Ao duiig1vedasiyn

(17)

Uoya, |A U B|
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8.6 Confusion matrix
Confusion matrix A9 aUnsainldinuwaryusidiunuutduglunisvitung

Y99kAa YIanwLYad Confusion matrix LAMIAININ 24

Confusion Matrix

Actually Actually
Positive (1) | Negative (0)

Predicted Tr.u.e F§I§e

s Positives Positives
Positive (1) (TPs) (FPs)
Predicted Fals.e Trug

. Negatives Negatives
Negative (0) (FNs) (TNs)

AN 24 anwazwae Confusion Matrix(47)

True Positives (TP) fia @99YINU18ASINUEITLAATY TUNSMNNUI8INEIN

<

vwedusswardsiiindusse luiidvweniimsvhueveuwnvesteouns Gl
GERRANRELY

True Negative (TN) A asiivhunenseiuasiitindu Tunsdliviuieinded
vuneoduiauavdiiatududio luiitvsoniansvhusveuwnvesiouzidafiny sdu

ﬁﬁauwﬁqgﬂﬁm’maﬂNg]ﬂéfamL"f]uﬁwé’a

v
=

False Positive (FP) fia Z9nvinuielinssnudaiiindu Tunsainyinuneingdad

a o a

o I3 a I~ =3 Q‘.lel 1 = ) dy v} 1 1 1 1 I~ 1 :{"
weduaswddsiiiaduna luntdvsenfmsiweiundeglignaesindudiumnis
YDIVO VAV DULZIS LU AU

'
a

False Negative (FN) fa &iviuielinseivdeiiiniu lunsaiivinuneinds
A o 3 < a a a [ a dldyl = [ 14 2 a 1 1 a
Avhurgduausdeniinlueie Tuniuuenfensyinug e unYeINauNisaLy sauil
druntlagnviueegdligniesinduiiumds

MNBIAUTENOUTIY 4 drunnanuiluderuansarinumanig o liinee
JuAn Accuracy, Precision, wag Recall WisUseansnmnissiungvesluna tngaiunsam

loanaunish 18, 19, way 20 AUaIHU
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TP+TN

Accuracy = (18)
TP+TN+FP+FN

lae#l Accuracy UanfemNULiug1vadling ¥3e IUIUATINNIEgATEY

[y

AUINUIUASINNGVIINLA
TP

Precision = —— (19)
TP+FP

lagdl Precision UBNANAIUTILINTIVBITOYR VT0 TIUIUATINNILINATS

LN UAUTIUIUATITINEIATWIINUA
TP

Recall = —— (20)
TP+FN

lngdl Recall 38 Sensitivity UBNHITIUIUATIINIEINATIUGINTIEUAY
PuuiiaTusimualudaya
TuvgiRenual DSC wagan loU anunsaliaulatuguuuues confusion

matrices AIANNISTN 21 WAy 22

2TP

R e (21)
2TPFP+FN

loU = ———— (22)
TP+FP+FN

NATeTAeItas

Thong Vo wagang (2022) (8) ‘1,1’1Lauaamﬁmaﬂsmmsﬁauf@aﬁﬂLﬁaLLUadauImJ
SolusRuunmisueisleaussin FLAIR, Post-contrast, Wag Pre-contrast dsluinaiidedn
UVR-Net aaniinenssufivniaueiisemuaniiinenssy U-Net nanisnaasduanslidiudi

UVR-Net yv@uaiian DSC winnu 0.76 wazA loU w1nu 0.89 watfiesunvanitnenssy U-

(%
Va v v

Net WUURLALNUIEAT DSC 11And1 11% usnaini AAdedvinsinsgvianulidmiu
flafdunsgaydelunuudassiiiaue

Aboudi Fathia wagatug (2022) (48) lauurinisnisasilaseneusyanniioud s
an Tnudamuanidnenssy U-Net flanunsousnsoslsavasndenaussfiveanainiode
Uni Ineldn1mduenslowiia Diffusion-weighted imaging (DWI), T1, T2, way FLAIR fn1slE
waidla Fine-tuning $amAvantnenssu U-Net Ssf3deligndoyaasisas ISLES 2015 Tae

A va o =~

lunanIdgeaniuuil DSC wagAUWLgT Winiu 55.77% uag 99.96% Aua1siy

Jain Rahul kaganig (2023) (9) WnlauanseuIUNT Shared-encoder multi-class
segmentation Tnsaannenssufiiaueluiliwessdnsaas i omi sty vausfidawosi
nonsWaduaredu andurrsunadwsildandinnensiadndietu deideldgndoya

A151504% BraTS20 warUsetiuuseansnniisunukuuanasd 2D U-Net tngaatnenssuy
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29NWUULAN loU wag DSC winnu 0.644 wag 0.731 a1uanu vaenandnenssy U-Net i

| v

A1 IoU way DSC iy 0.604 wag 0.690 suady usnainiisnsigiseiauonandlsii
feseAvsnniiiutuegradiuldalunsudsnguuunmduenslesiia T1-Gd

Lin M wazaniz (2021) (5) IeWaunnisuddudaluifivesiesenluauadunm
MR Tngl¥nnsiSeusidednuazaninenssu U-net $33/U context block Llaue1en155y
Fyaamedasitieuszamiflonnasiinannuulugilunisulady iI983n15lY Fivefold
cross-validation ﬁusqﬂ%agaﬂmu Brain Tumor Segmentation Challenge (BraTS) 2020
dwiuyadeya BraTS azuuinzisioanitiu 3 d@au ldwn Whole tumor (WT), Tumor core
(TC), way Enhancing tumor (ET) lagAgn1sanuisauseiiiuadiuniug1lanainan Dice
similarity coefficient (DSC) wag Hausdorff distance (HD) Falsumsvestounsiiadneny
sxiilUSeudisuiuusunsiiasnedae Bland-Altman plots wae Pearson analysis Ine
NaVAFay WUIN3SnIsiwauaTia1 DSC winfu 0.923 + 0.047, 0.893 + 0.176 way 0.846 +

0.165 MUAIAU hay HD95 LAWMNAU 3.946 + 7.041, 3.981 + 6.670 way 10.128 + 51.136

'
[y =

fadwns vuyateya WT, TC uag ET mudiu FINANITNARDILAAIIMIAUINIT A SARRILN

a o

Jauwiuglun1swiadrunnnlIneegneldedn

[

2 (p < 0.05) u1NNIATDUIY CNN Bnaoq
LA

S. S. Pasha wazAny (2019) (49) lavinnsAinwinisusuugenimduensleauss lag
lowaila Histogram equalization (HE) Usenaumie HE, Local-HE, Adaptive HE, wag
Contrast-Limited AHE @§fidevinsUszifiunnnmussninlaglden Peak Signal to Noise
Ratio (PSNR), Signal to Noise (SNR), Structure similarity (SSIM), ag Mean square error

a o

(MSE) 91nsamsinugisenuinmeda HE ddiudislumsidiuaiuainweanim dwsu
Local-HE thilvinadwsiinnin AHE uay CLAHE gaeiiiunaunsnasndounsaudayaissuniy
Tfunmw

M. Sahnoun wagmug (2018) (50) lavA1sANEINTEUIUNISABUUILUIANANTNUY
ALBU15lavTn T1-w, T2-w, way T2-flair suaqQ’ﬂwﬁﬁwm%am‘weuaqLﬁuLﬁaﬂauwawaLﬁu
lneSouineuwaila Traditional Gamma Correction (TGC) wag Adaptive Gamma
Correction (AGC) dieluenmuuansnssewiniedeunituidedorilasunansynuainlsa

va v o

ATy Fegfidevinsussiliuguainvosnlaglian Peak Signal to Noise Ratio (PSNR),
Absolute Mean Brightness Error (AMBE), Structure similarity (SSIM), Entropy, Entropy
Measure Enhancement (EME), e Quality-aware Relative Contrast Measure (QRCM)

NNANIANYINITENUINEMTUAT PSNR, AMBE, SSIM wag EME ¥aanmiuiuusalag
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watla TGC lagianigiial y wiriu 1.1 iauamvesninianindleiiiguiunmausuuss
Tnawala AGC

L. Chandrashekar kag A. Sreedevi (2017) (39) lavin1s@NwILUUINADIYD

o a v o

dygusuniunavimaianismindyarusuniukuuldi@aduvunimdueisle Tnamada
wuuligadulunisfinwiusenauaae Anisotropic Filter, Bilateral Filter wag Non Local
means filter Gamafinnuiinanuilasunisuseiduainal PSNR, Entropy, MSE, SSIM Lag

nainulaeady nHansAnwEITenuInnala Non Local means filter Tinadwnsves

A1 PSNR, MSE and SSIM Aninuun1nkduesleAdiduanusunIusia Gaussian

T o

=2 v 6

A Min wag Z. M. Kyu (2017) (41) laviin15An®n1ssaanadng e susuugans
N3IANGULUY Adaptive k-means clustering kagn1satunITnadgIuanendmiuns
wisdmiesenuunmibuesloaves dwiunisusuusnmiideld Median fitter (MF) was
Wiener filter (WF) wagUseiliunninmaainisusulsanmlaglden MSE wag PSNR dmsu
HaaNSVRINTWUsAINUTEIUNAlAYAT Sensitivity, Specific, Precision, kag Accuracy Wieu
RUssuleunaseninanain Adaptive K-means clustering (AKM) waginaila adaptive
K-means clustering AkumIALIuNSMIdgILAME (AKMM) 91nNamsAnygisenyin
mMsrufureanaiia MF uag WF Suszansamunninisidinadalamatiands uaznns
wlsdruiesenuunmiduenslevin T2-air fen Sensitivity, Specific, Precision, Wag

Accuracy WU 85.41%, 98.90%, 78.30% Wag 98.23% AUAINU
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c
=
b
W

ASanduuive

UsevInsuaznguAlagng

nsAnuildgadeyanimduoisle dwszneuseamiduoiile uasdeyanis
A1MUAYDUWA INFIUTeYAasITNEeaUlal Synapse Tugadayanin Brain Tumor
Segmentation 2023 Dataset (BraTS2023) #ufufoyanmiilesensiinlnaloun (Glioma)
dmiunistiniusruuduay 1,350 ¥ EmTUNINTINERUTEUUTIINIU 1,050 4n wavdmsu
MavageusTuUTINIY 600 ¥n lnsluwiazyadeyausenaumenimiduensleviia T1, Tic,

T2, FLAIR Wagan Mask

naeinsfauazfneanvasyntaya
1. WNeEINISANN
1.1 aw MRI Aiflseslsanazandinaveuwnvesseslsaniesey
1.2 a7 MRI wazaminnaveuavesseslsalunuiszuiu (Axial)
1.3 mwﬁmmauLsumﬁuaaiadiﬂlé’%’umimmaum%maaakmmﬂﬁmmm
Tuguiisades
1.4 27 MR LLazmwﬁmmaULsuméuaﬁasﬂiﬂﬁﬁsuaummammaaﬁamgsaﬁ
2. \EIINSANBBN

2.1 A% MRl bazn1nNInvauwnsaglsaninalan

2.2 7% MR waznnwinnavauwnseslsaludiseelse

AW 25 N) UAZ Y) WEAINNENSTIANYTA! Uag A) Lag 1) wanwnwaNasnldauysal
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w3asdiofildlunisfine

1. Notebook Ineiis1eaziendsil Intel(R) Core(TM) i5-11400H, Ram 32 GB,
ez NVIDIA GeForce RTX 3050 laptop

2. Visual Studio Code d@wsuldigulusinsu

3. Python 3.10.7

4. Library 619 9 AtAendeq

Fumpumsiniiunuise

MuATeEANwINaNIWIBUfBuNSEUIuATIAaUNITUsTInARAN WLilo LR Y
Uszdnsnmuainmswuadeyaninvadeuuzisdlnalonuunimiduersloanss wag Waun
TunanisBeudiddndmiunsuisdeyanimvesfounsisslnalonuunimduensloaues
IngABandunisuszneusie nswieudeya Image wag Mask, N15enuuuluing, Nsiiv
IWTNteya, wazn1sIATIvleys

1. mswleudaya Image uag Mask

wdaslwdnmarnuivana ni Wuldnimuuana png lnsdanianizaimdy

o7§lelunuaszuny (Axial) vasnmiduenslotis 4 vda waziidauluin Mask Tuusazningos
fvoumavastounzifunnnit 1% deadsufuloyafanuaniely Mask Tewadnsfiazls
windunnluwnssuuiauaviaag 54,031 a1m anduvhmsdudeyaninduau 3,000
AN W%’amﬁmﬂaﬁaga Image waz Mask Waglugu Numpy array v3glWauuana npy
lneiin1sulasruinvesninsiudawlastoyaninlvieglusuuuuninding w3e Grayscale
Fedudiona Image uay Mask iy 128 x 128 x 1 lufunougninedniu Image 4y
ynssmnduenslevis 4 afin ety Weatsgndoyalva Failuwiamiaty 128 x
128 x 4

LL‘U'Q“EJJBJ,IUa Image ey Mask 17?0 3,000 9m Ju Train set §1u7u 1,350 90 wae
Validation set 91131 1,050 940 Uag Test set 913U 600 40 lngluudazynioyazil Mask

V30U0UATDINDULESIN NI WILYAT DA
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2. MIUFUUTIAUAINVBINN
msﬂ%’uﬂqqﬁmé’uLﬁmﬂisﬁmﬁmwmaqmmﬂﬁagamwmaqﬁaumﬁwummé‘u
'mﬂaauawmmiﬁﬂmﬁﬁmﬂsﬁmaﬁﬂﬁm%’umsﬂ%’wgqmw 4 wadla lawn CLAHE, GC,
NLMF, tag MWF T,msmizmumsﬂ%’uﬂqq@mmwsuaqmwé’qﬁ
2.1 wisudeyamuiinanluitenisinioudeya Image waz Mask uslu
%umauﬁaumiiw%’agamwLﬁmaﬂﬂaﬁgﬂ 4 il %v‘hLﬁumsLﬁmé’@@mma@wﬁg@mm 2
¥ (O = 25 uag 30) f\]’mﬂfuﬂ%JU‘U’a:ﬂﬂmﬂ’]Wﬁuaﬂﬂ”]Wﬁ’JEJLV]ﬂ‘IjﬂGi’N 9 ABUNINITIINAIN
W98y
2.2 MR measn nlumeatiasiig qﬁnwaﬁmumwwwﬁma%éﬁ’qﬁ
2.2.1 d@wsuwmaiia CLAHE vnisavuavuinved Tiles Tudasauin
2 x 2 &1 8 x 8 Wnawfisdudiay 2 uazimundn Clip limit Winfu 0.1, 0.2, uay 0.3
2.2.2 @wsuwmaila GC ¥n1smuuna1 Gamma Tugieuua 0.3
1.9 Tnenfisgudiay 2
2.2.3 d@msuwmaiin NLMF 1015014 UaAAT h %939 Smoothing
kernel 1WINAU 1 Way 2 S3UDINNUAAIVUIAYDY Patch Tuya9auin 2 x 2 019 8 x 8 lng
Mutuitay 2 waginunruInved Window wiiu 10, 20, wag 30
2.2.4 gwsumaiia MF Lag WF v11n15A%Untu1n Kernel 999 MF
WINu 3 x 3, 5 x 5, kay 7 x 7 1Huduly MNTUTLUUALTNNT AN NTENUFTINT MF il
Useaanan ImEIuAINSas WF

2.3 Wevhnmsusulgsnmmasaduns 4 weda TWsunsuazsinmsdseania

[ '
o =5

= I3 o & s N s &
Amlunundanunieunsgelnanumatianisuszaiananin tazienlnamesinaunia
JEAUVRIdYIMTUNIY IntunmAlasun1sUTuU TS uiisuiunamduadu e
Usziliunamarmsndwesilinadnsnangauaziinalsedivvaiuululssuieuiung

Usziliuveslunasiell Fawnudinisusuugnaunmuaannduluaunin 26



=)
l

Import folder for input images
and output folder for images

Import image

Convert to Grayscale images

Enhancement image using Histogram
equalization, Gamma correction, Non-local mean
filter and Median and Wienr filter

L

Export image enhanceq to
output folder (No noifpe,
osie level 1, Nosie level 2)

!
‘ End }4

AN 26 UHUAINTEUIUNTTNNTUTUUTIAUAINYDINN

35
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3. msenuuUluLng
nswmuiliaansifeusiddnvesnisdnuidiniswauivuiugiuees
anmenssulassdny U-Net way UNet++ Tnedldoulvfolunaiioonuuuasnsaviaulsisa
yupinafudsnsdnyianuuiugigslunisiue Fafifeiniseanlumaiaun 4 Tuaa
wasidenldifismnidunaifiussansamunnitueaildaarinenssulasedne U-net uas
UNet++ TneseaziBonvosusiasiunauanssad
3.1 Twpafldaainenssy U-net
Tumaiildanilnenssy U-net uisoanduassdiu fe drdrsiauassn
pensa fnm 13 Tngdrudadsaiinisduiunis Convolution ¥u1a 3 x 3 91NLUAY
AHuUN1SHIY Batch Normalization tagi1u Activation function (Rectified Linear Unit,
ReLU) antuagdinisdedoganmun 2 dunis Tasidumanuuuais asdstoyanineiu
NSEUIUNIT Max pooling U11A 2 x 2 Lﬁada%’au”alﬂé’a%’juﬁmlﬂ YULTE UMMM TTUDE

¥

finsdsteyaludsilsinonsia dmsusaeasia Insdendoyanindiiunszuiunisann
duflegilsiadnaia dfudoganwitiiunis Up sampling anduilegieunti dsluusias
%u%gamwwr;jmmzmumi Convolution 41U 3 x 3 9NtuIEAILTUNITHIL Batch
Normalization waga1u Activation function (Rectified Linear Unit, ReLU) LLaﬂu%’juqmﬁ’la
Y83fNeAsaALiNNSHIUATEUIUNNS Convolution ¥R 1 x 1 Batch Normalization Uay

Activation function (Sigmoid) neulvinaans

3.2 Tupaildaainenssu UNet++
Tuwmaildanrlnonssu UNet++ wisoamuaiudru fo shdnsia &9
0OATIE LarFIALIUNITIEMINSIITHALALAnATIE AININ 14 lnelagdiudiunsiad
N15ALHUNTT Convolution BU1A 3 x 3 mﬂﬁ?uawi"uﬁumimu Batch Normalization Lag
WU Activation function (Rectified Linear Unit, ReLU) mﬂﬁ?u%ﬁmsﬁﬁagaﬁgwm 2
s Tnedumemuiuais azdstoyaninsitunszuiunts Max pooling U 2 x 2 Lile

deteyaludatudaly vaueiiduniemuunuisuagiinisdeayanimeiunssuiunisneg

g
SRR SR AINDATIA

ludgruseningdidisianasmiinansia %ﬁmiﬁawﬁa;ﬂamwﬁr}im
N3EUIUN1T Convolution 1A 3 x 3 mﬂé]’wﬁwsﬁaﬁag}%’juﬁmﬁ’u mﬂﬂ'juﬁﬁazgamwwmu
A3%UIUNNS Convolution ¥u1A 3 x 3 K Batch Normalization waz ReLU wialusiufu

ToyaNMANIUNTEUIUNNT Convolution YwA 3 x 3 Uazdins Up sampling 1nanudaly
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nduIzdstoyannluWousaduiineniaoglutuieiiudely laaduin 1 azing
o a 5 gj gj A IS o a 5 gj gj A = J a
ANIUNITNINUA 3 ASY Ful 2 IN5ANIUNITRIMNR 2 ASY wastuil 3 In15aliunig
gj 5 1 dl ! ¥ v L% A 1 ! gj

Ve 1 A33 neunvzdvoyaludsinensiaieglunsasdu

ludiuvesiinensia dn1swendeyanIniiiiunszuIun1TINdIuegy

Y

[ 1%

serinansakaginensiia Wiiudeyanmiik1un1s Up sampling 9nduitegieuntin

Y

U ¥ 1

FeluusazdudayanInaziIunTzuIuAIT Convolution YUIA 3 x 3 UAlUTUAATINEVDIHT
OATHARLANITHIUNTZUIUNTS Convolution Yum 1 x 1, Batch Normalization wag

Activation function (Sigmoid) Aeuaztiheenamiieluldem

3.3 Tuinaildandnenssuiiiidueonuuy 1

Tuwad 1 fuwiAnann Residual Multi-Kernel Pooling 84 Z. Gu wazAge
(51) Aifinseuan Kernel Tngld Pooling lunanesesuneuiunsududunia Kernel &4
AN 27 eﬁ’m%ulumu%’aﬁﬁ%’alﬁﬂ%’uLﬂ‘ﬁsumﬂmﬂ%’ Pooling vaneseautiunnsly
Convolution (Conv) Tusaneszaunni 13831 Third Conv wanininw 28 Taeaiglu Third
Conv Usgnauluseniseddunis Convolution 3119 3 x 3, 5 x 5, wag 7 x 7 @9
Convolution W#Aagau1n agANHUNIINIY Batch Normalization wagn1u Activation
function (Leaky Rectified Linear Unit, Leaky RelU) il’lﬂﬁ?uﬁﬂ Convolution ‘17?& 3 UIRUN
AU

142 x 512 14% x (4 + 512)
2x2 pooling

_ 1x1 Conv
3x3 pooling > Upsample
Concatenate
/ 5x5 pooling @

.J
6x6 pooling E

AN 27 Residual Multi-Kernel Pooling 9949 Z. Gu wazae (51)
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\

[Third Conv

}

- B — Conv7 x 7, Batch Normalization, Leaky ReLU

Input ——

— Conv 3 x 3, Batch Normalization, Leaky ReLU

!

—

- I —_— = Conv5 x5, Batch Normalization, Leaky ReLU

. J

AN 28 Third Conv

1%

TudruresilnsHanasfnonsialnug I uu1a1nana1dnenssy U-net lag

<9

an1UnenITULANIFINN 29 dauveeiiisiaty Yeuan nagk1u Third Conv A1NTuAs

1Y 1

N13dTayanImvua 2 1Hun19 lngldun1enILLIng awdatayan mEIUNTEUIUNTT Max

pooling YWA 2 x 2 iedwayaluditudaly vauiidunwiuuuITIvazinisdsloyanin

'
a1 1

lugalainensia dusudinensiia dnswendayan nin1unszuIuNITINdIUNBE Hasn

a1 Y =

svia Waiuteyanmieunis Up sampling 9nduiledneunt dsluudazsudayann

Y

£%
[ %

LHIUNTZUIUNT Convolution UIA 3 x 3 VIUUA 2 ASI LUTUARTINEVDIAI00AS L

9

ATINIUATEUIUNTS Convolution YuIm 1 x 1 Batch Normalization wag Activation

function (Sigmoid) neulradwsoanun
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|I I*H
+
+
+
H-B H-u
+

I Image I Third Conv I Conv 3 x 3, Batch Normalization, Leaky ReLU Concatenate

Conv 1 x 1, Batch Normalization, Sigmoid 4 MaxPooling2 x 2 UpSampling2 x 2

AN 29 Architecture prototype |

| va o

3.4 Tuwaildanidngnssuiiidoonuuy 2

Tagadl 2 wansianm 30 dnswauiuuiugiuvesaniinensulasetne
U-Net wag UNet++ Inglunadidiuvasiinsvianazaensianaiafivanidnanssy U-Net
wifinsusuugdluduiigseminsiuirstanasianonsa Gauudldimun 3 @

Tuduvesiadsiatu deyanmagiiunszuruns Convolution Tagld
Kernel 9u1m 3 x 3 #11 Batch Normalization lagn1u Activation function (Leaky ReLU)
fravun 2 A%t nduasdinisdedoyakomn 2 @ Tnsdumamuuuii azdedayanm
{1UNTEUILNTT Max pooling UuA 2 x 2 tedsdoyaludstuialy vmgfidunimia
mnTaziinsdedeyanmriunszuIunsiogseninsidhstauasfnensita

Tudruseninedndisianazinonsia azfinisideudeyaninisinu
nszUUN13 Convolution Taeld Kernel 1uin 3 x 3 9ndadhsaiiogduieaiu iy
19YaN1NALHIUNTZUIUNTS Convolution lagld Kernel vu1a 3 x 3 61y Batch
Normalization Wae Leaky RelLU Lﬁalﬂimﬁu%mﬂamwﬁmumsmumi Convolution
UM 3 x 3 uazdinis Up sampling tnaindudaly mnﬁu%@iqsﬂ’auﬂaﬂ’lwlﬂL%auﬁiaﬁ’uﬁa

nonsaneglutudeiusdaly

a

ludiuvesinensia dn1sWendeyanInik1unszuIun1INgIUTeg

'
=

senINinsaLaEinensTia [Wiuteyan1miniunis Up sampling annduitegneumiin
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Feluusiagtudayganimazniunszuuns Convolution lagly Kemel wua 3 x 3 Naun 2
A% willuduaavinevesiinansiavziinskunseuIunis Convolution 8n 1 Ase laesu
A53UIUN1T Convolution 9uU1m 1 x 1, Batch Normalization wag Activation function

(Sigmoid) nauazieennmivelultiu

+
+
4
NN Ee- H-E
+

I Image I Conv 3 x 3, Batch Normalization, Leaky ReLU Concatenate @ Summation

Conv1 x 1, Batch Normalization, Sigmoid § MaxPooling?2 x 2 UpSampling2 x 2

AN 30 Architecture prototype I

'
a Ya o

3.5 luaanldanUnenssungideesniuy 3

dwsuluwai 3 wanedanan 31 lueai 3 8013590 Third Conv 31nlaLAE
PN . a ' ' o v & ) ) a v v )
# 1 uaz Convolution Nagsenindilinsianaginensiaveddaunai 2 Wisieiu
diuuseznauau o Tnugiuananandnenssy U-net

druvesdsiaiu deyanmagiiu Third Conv antuaziinisdeteya
VNUA 2 1AM IAEIEUNIURLIGY A8aadBalanMRIUNTEUIUNTT Max pooling ¥u1a 2

~ [ =4 v gj v A v IS [ =4 1 PN

x 2 iedsoyaludituinly vaieidunismuwuisuasinsduloyanins1unssuiunig
pgsEninesiakaEFInanIia

' ] o v ) ) ) a A v a .

druseninadinsianazAinen i rin1sWendeyanniniu Third
Conv s anegduAgliu NTUTaYaNMAEHIUNTEUIUNS Convolution UA

1 x 1 71 Batch Normalization wag Leaky RelLU Lﬁ@lﬂﬁ'suﬁ’uﬁauﬂamwﬁmu Third Conv
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wazdin1s Up sampling 1131ntudaly a1ntuazdetoyanmliwendeiuiinansianagly
JulRgInusell

diuvesiinensia dN15WeuYayan MiNIUNTEUIUNITIINGIUTOY

&l

[ 1%

SEinamnSELAEAInoATE WIAUTBYANINANILNT up sampling MNTuegfounii

Y
(%

Feluusiagtudayan1mazaunszuIun1s Convolution WA 3 x 3 NINUA 2 AT UaluTy
gATN8YR9I00ATNAALINITHIUNTEUIUNT Convolution B 1 A3 lagsunsEUIUNT
Convolution 1417 1 x 1, Batch Normalization tag Activation function (Sigmoid) nauag

PJreanniiabluldenu

+
‘
4
- - H-H
4

I Image I Third Conv I Conv 3 x 3, Batch Normalization, Leaky ReLU Conv1 = 1, Batch Normalization, Leaky ReLU

Conv 1 = 1, Batch Normalization, Sigmoid Concatenate § MaxPooling2 x 2 UpSampling2 x 2 @ Summation

AN 31 Architecture prototype llI

A va o

3.6 luwanldandnenssungiduesniuy 4

IS U

amsulunan 4 wanananIn 32 tealuwan 4 wllsunuluman 3 waiinng

A o 1 |

WaguwIn Kemel figifiun1siiunsguiuns Convolution Megseninamidnsiauazai
nonINd

druvesdsiaiu deyanmagiiu Third Conv antuaziinisdeteya

VNNA 2 1AM IASIEUNIURLIAY A8aedalanIMRIUNTEUIUNTT Max pooling Yua 2

d' {4 v gj v d‘ b4 a [ 1 d'

x 2 WedsoyalUdiguinly vaeliduniemuwuisuasiinisdedoyanmEiunseuiun1si

pgsEninesiakaLFnanIia
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dusgnindinsiauaziinensia aziinsiendoyanimisiiu Third
Conv nddsiaiiogiuiendu antudeyanimaskiunszuiuns Convolution wunm
3 x 3 511 Batch Normalization wa Leaky RelU e lusafudeyanindisinu Third Conv
wazdinis Up sampling 1nanndudaly mnfuwﬁﬁagamwwL%amiaf'fuﬁ"mamﬁaﬁagislu

Fudenuseld

1 =

diuvesinnensiia N5 NYaLaN IMTHIUNTEUIUAITIINAIUT

e

[ 1%

sEninsTaLAEAnansE [WAiuTayan MAKIuN1g up sampling IMNTuiegnaumiin

Y
v

Feluusiagtudayan1mazaunszuIuN1s Convolution AUIA 3 x 3 NIVUA 2 AT WaluTY
4nvnNeURIRINenIALiN1sHIUNTEUIUNTS Convolution 8n 1 ATe lABHIUNTEUIUNTT
Convolution Y119 1 x 1, Batch Normalization tag Activation function (Sigmoid) Aauag

PJreanniialuldeu

+
+
+
N Ho- H-H
+

I Image I Third Conv I Conv 3 x 3, Batch Normalization, Leaky ReLU Concatenate

I Conv 1 = 1, Batch Normalization, Sigmoid 4 MaxPooling2 x 2 UpSampling2 x 2 @ Summation

AN 32 Architecture prototype IV

< v
4. MsAUTIVTINYYA
4.1 nmdueislens Train set, Validation set, wag Test set §1uuIY 1,350,
1,050, Uag 600 YA MUAIRU LINFYIUTUNIUNATIUABITEAU LagnTeUIuNITUTUUR

(%
o

ANAINTANDINUNT 4 wuU Audna1ludeiy wasyinsyssiugunImeean1sUsulss
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AN FadupaunsUTUUTINMLEAIRININ 26 Uaztunaunisusziliunavesnsuiulanm

WAAIAININ 33
4.2 fvuamniweiMiinidesazuisnsivandoyainiosnludiiiunly
fidaunn Faniwesismunisd
4.2.1 Target size M30VUNVDININLYINAU 128 x 128 1ot Normalize A1
Anwaan 0-255 18u 0 - 1
4.2.2 Batch size AnualillAwvingy 16
4.2.3 Epoch size MuualidA1LvinAu 100
4.2.4 Activation function Anvuaidu Leaky Rectified linear unit 58
Leaky RelLU gz Sigmoid function
43 afslumannaotnenssy U-net, UNet++ waslainadionniuy auaisu
9ntuhnig train lumaaindeyafinaiunludredu dewasadunts Train doyaliiviinig
Test Tuna Ingligndayalu Test set Fauanaduunuislddanm 34 ndurhnisusediu

luma’annn1sAIIn DSC, loU, Accuracy, Precision, wag Recall 581319407 Mask 7ilaann

TaeafunIn Mask dauanadulnusialananin 35



Start

4

Import original image folder
and image enhanced folder

l

Convert data i folder to Series data type

Original and enhance image in
both folder

Yes

h 4

Convert original and enhance image to
grayscale image

Calculation ssim_ psnr, and mse score

ssim, psnr, and mse dataset =[]

Y

Enter ssim, psnor, and mse scores
in their own datasets.

¥

Setting Count for ssim, psnr, and mse scores =0
and Sum for ssim, psor, and mse scores =0

Data in dataset

¥

Count+=1
Sum += scores

Find average scores of ssim,
psnr, and mse form Sum/Count

End

AN 33 WHUEINTUSEIRUNANTUSUU TN N

aq



a5

Start

Define parameters consist of
batch size, epoch, activation function, image size

ki F

Train set and

Validation set Test set
L 4 v
Model Model
Y v
Model traming Segmented image
Y v
p 5 Mask Result from
Save model (-h5) wodivtion
L 4
End

AN 34 LWURINIS train wag test vaeluna
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Start

h

Import mask prediction and reference

h

Convert mask image to grayscale

h

Evaluation by DSC, loU, Accuracy, Precision,
and Recall

End

A 35 wauRIn1sUssiuluea

5. FBAATVteya

12
a

Tun15AnwIn1TUsHIHUANAINTDININ UTELTUAUAIEAFITDINIIN Mask
Aamaviuneiu Mask §1981 safeussdulsyansnmvesliiee Sen1sUseiliunnninues
AnUszIEuA8AT Structural Similarity Index (SSIM), Mean squared error (MSE), tag
Peak Signal-to-Noise Ratio (PSNR) Ingagfiansunan SSIM tlusuauusn ntufinnsana
MSE @z PSNR audisu n1sUsiiiuninunaisnasesnin Mask flanayinuiesu Mask
91989 Uszilluaaean DSC wag loU n15Useiliuused@nsninveluinaazuseiiiunignl
Accuracy, Precision, laig Recall

NN NNl ukAazATANSUTEIIUAMAINYRININ FETIITUN
NaN15UsEEUAIUAGI8ARWDININ Mask Tlunauneiu Mask 81984 Tnedenan

'
Va o

DSC geam Uunans wagangn Nlanaanansaviiunels uagnisdenlumaiigideeenwuy ag

1 a

& v s A aa P = v A va o
Hanainuadnsveinisusedliuiidargeanainlunangnindulaeldandnenssungive

ganukuy Yntoyadlllaiudyainsuniuwaglilinnsusud e nuesnn



NAN15UTSIUAMATNYBINN

v q‘

NANISANEI

1. gatoyan1miiiunsUsulTnun eI wmemalin CLAHE

Y

a7

HaaNSN1sUsTIHuAMAINYBIN VB daya i 1uN1TUSUU TR n mlag Ty

walla CLAHE wudndlefiansaindn SSIM, MSE, waz PSNR Tuyndganasuniu asiiiuinnin

fignusuussnunmsemaiia CLAHE Tngldwisndimes Clip Uimt (C) witdu 0.1 wag Tile

size (Ts) Wiy 2 x 2 Anaussiliuaiian Feluyadeyailimudyaimsuniudial SSIM

Wiy 0.916 Yadeyaiiiadya1usunIuseau 1 dA1 SSIM Wity 0.989 wazyndeyaiiiiu

[ [y

dya1ausuNIUTEAU 2 161 SSIM iy 0.997 dwmSudeyan1siimesou 9 wanwian1sng 1

TufsyadayanminiunsUTulRaunmmemala CLAHE WansanIm 36

M1319 1 WARINAENSN1TUsTIUAMAWYRININYBIYAtayaTHIuNsUSUUTIAuAWlnY

T¥wmatia CLAHE

Parameter
Gaussian noise (O) SSIM MSE PSNR
cl Ts
0 0.916 3.262 43.883
15 0.1 2 0.989 3.222 43,962
30 0.997 2.428 44.944
0 0.711 378.208 22.605
15 0.2 8 0.693 671.432 20.064
30 0.724 903.239 18.911
0 0.740 115.234 28.313
15 0.3 6 0.843 147.261 27.087
30 0.873 181.343 25.763




a8

Tin Tic T2f T2w

A 36 YatayanmiiIun1sUTuU TR nAlematln CLAHE Tagldnwisndimas CL

WINNU 0.1 wag Ts WinNu 2 x 2

2. gatayan niNiunTUSUU AN WYBIn ImEImATA GC

'
a1

115U UANAINYBININYBIYATBLATNIUNTITUTUU TR lneld

[y

1
Y
NARNS

wmafia GC wudndeRiansane SSIM, MSE, uag PSNR lunndeysyraisuniu zifuinnmi
gnusuUssaanmiemada GC Tnglinnsiines Gamma Wity 0.7 Tnaussidiudiign dq
Tugndoyafiliiiiudygyrusuniudlen SSIM wirdu 0.968 gadeyailiiudaanasuniusys

1 8A1 SSIM AU 0.715 LLazﬂgm%’a;ﬂaﬁLﬁué’migmiumuisﬁu 2 §iA1 SSIM 1Ay 0.798
dmfuteyansdinesdu q uanadismsns 2 udsgadeyanmiiiunisusuussguam

MENALA GC LARIRININ 37



M1919 2 WAAINAGNSNITUTHEUAMAINVRINTINYBIYATUATIE

Tdwatia GC

Y

a9

MNsUTUUTIAN LAY

Gaussian noise (O) Gamma Parameter SSIM MSE PSNR
0 0.917 916.280 18.740
15 0.5 0.448 1447.554 16.588
30 0.553 1673.673 15.924
0 0.968 248.587 24.345
15 0.7 0.715 340.583 22.873
30 0.798 402.905 22.108
0 0.929 300.219 23.433
15 1.5 0.541 334.313 22.943
30 0.610 391.052 22.236

Tin

Tic

T2f

T2w

7w 37 Yadayanniiiun1suulgeannwalsnaiia GC lagldwisniinas Gamma

Winnu 0.7
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an nikuNsUTUU AN NUBININEIWATIA MWF
N5V UANAINYBININYBIYATBYATNIUNITUTUUTsRuA mlneld

walln MWF wudndiafiansandn SSIM, MSE, uag PSNR Tunndayaiasuniu asiiiudnnind

[

gnusuussnunmeiemaia MWF laglinisdiwes Kemel winiu 3 x 3 nauszidusig

99 q

Feluyndoyanldifindyyiasuniulian SSIM Wiy 0.936 Yadeyaiiiiudyayimsuniu

Y )

5%AU 1 3A1 SSIM winfiu 0.474 uasyavonaiiudyyIasunIuTedu 2 dA1 SSIM Wiy

9 RV

[

0.310 dwudayan1sndinesou q uandrenise 3 sadsyadeyanmiiiunisuuuse

QMﬂ’]WéJ'JEJLV]ﬂ‘Ijﬂ MWF LansnInIn 38

M1314 3 UWARINAENSNITUTHUAMANYRININYBIYAtaYaTHIUNMSUSUUTIAUAlnY

Tdwatia MWE

Gaussian noise (0) Kernel Parameter SSIM MSE PSNR
0 0.936 50.027 31.645
15 3 0.474 160.217 26.138
30 0.310 479.833 21.329
0 0.864 114.667 28.183
15 5 0.335 236.061 24.538
30 0.188 598.196 20.387
0 0.811 170.944 26.521
15 7 0.272 293.314 23.665

30 0.143 667.119 19.930
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Tin Tic T2f T2w

A 38 YadayanmiiIun1sUTul TR nalemata MWF lagldnisiinas Kernel

WINNU 3 X 3

4. gavayanIniHIuNTUTUURAMANYRIN ImEIWATIA NLMF

[y

NaaN

Mo, 22

n1sUszfiugaNINYeINMYBIYATeY AN IuNNTUTUUTIRMA Mag Y
wafia NLMF wudnsilefiansaindn SSIM, MSE, wag PSNR Tuyndaasuniu aziuInnm
fignusuugsnaunmdnemaila NLMF Tngldnafitaes Smooth winfu 1 Patch winffu 8 x
8 Ay Window winfiu 10 kagwi1s1dmas Smooth WU 2 Patch WU 6 x 6 wag

Window iy 30 dnadszdiudfign Inevisaesyanisniines lugadeyanluiiudyaiu

o
a a o (%

sUNUEAT SSIM WU 1.000 Yaveyailiiudya1asuniuseau 1 e SSIM iy 1.000

a0

wavgadayaiiiudygiusuniusedu 2 3a1 SSIM windu 1.000 agglsiniuluyn

W153LM5 Smooth WAU 2 Patch WU 6 x 6 Way Window Wiy 30 ddgyeyiadsuniu

v

Antey (MSE Wiy 0.030) dvmsudeyanisiimesou q wanedanisne 4 59udagn

TayanINNIUNITUTUUTIRUANMEInATln NLMF Lansianin 39 dusudl PSNR 1

Y 9

anunsadwInlallieanen MSE dawinduvselnalAesaud
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M1319 4 UARINAENSNTUsTUAMAWYRININYBIYAtayaTiIuNsUSUUTIAAWlnY

Y

THwmatin NLMF

Parameter
Gaussian noise (O) SSIM MSE PSNR
Smooth Patch Window
0 1.000 0.000 -
1 8 10
15 1.000 0.000 -
30 1.000 0.000 -
0 0.999 0.111 -
2 2 20
15 0.999 0.205 -
30 1.000 0.027 -
0 1.000 0.030 -
15 2 6 30 1.000 0.000 -
30 1.000 0.000 -

Tin Tic T2f

T2w

M 39 Yadayanmiiiun1suTuleannmalemailn NLMF lagldnisiines

smooth WWi1NU 1 patch Wiy 8 waz window wWinAu 10
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nan1snagaulinaiioanuuy

nadnsn1sSeudisuauadneaieveanin Mask ilunavuiedu Mask 8198
ufsmsuszifiuUssansnmaeslumavesyndeyanmitlildifindygasuniuneglilasy
MIUTUUTIRUA MBI AR IR15e 5 wudn Tamadignilnsusneanidnenssu U-net,
UNet++, Prototype 1, Prototype 2, Prototype 3, iLag Prototype 4

flA1 DSC Wiy 0.807, 0.810, 0.806, 0.807, 0.807, kA 0.811 AWAINY LU
Tuwafignilnsusneaaitinenssy Prototype 4 fif1 DSC gean

flein loU wiriiu 0.821, 0.837, 0.815, 0.820, 0.822, uaz 0.834 MAUAINU LU
Tunafignilnduseaniinenssu Prototype 4 fif1 loU ge sniuluinadignilnausie
anUnenssy UNet++

flA Recall Wiy 0.956, 0.958, 0.951, 0.951, 0.952, uaz 0.961 MWAU ALY
Ilunaiigrilnrusieannenssa Prototype 4 Jf1 Recall guan

1A Precision wirfiu 0.855, 0.869, 0.851, 0.857, 0.859, Waz 0.864 ANUAINY ¥
Wuinlumaiignilndufisaniilnenssu Prototype 4 fld Precision g1 snviuluimadign
HnduseaniUnenssy UNet++

A1 Accuracy Winfiu 0.994, 0.995, 0.994, 0.994, 0.995, wag 0.995 MUAIRU VY
Wuilumaiigrilniusieaniiinenssy Prototype 4 fiAn Accuracy Wisuwiniu Tuiaadign

Hnelumeaa1tUneanssu UNet++ wag Prototype 3

A1579 5 wansn1slSeuiisunaaws luwdazlaung

Model DSC loU Recall Precision Accuracy
U-net 0.807  0.821 0.956 0.855 0.994
UNet++ 0.810  0.837 0.958 0.869 0.995
Prototype 1 0.806 0.815 0.951 0.851 0.994
Prototype 2 0.807  0.820 0.951 0.857 0.994
Prototype 3 0.807 0.822 0.952 0.859 0.995

Prototype 4 0.811 0.834 0.961 0.864 0.995
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nuadnsludrsduaziiuinlunangnilndusieanilnenssy Prototype 4 1

' [
=2 N YVa v LYY

Anilugeaniinenssudu 9 (Prototype 1-3) i19800NLUY AIUU

v sa

a =
NN V]G\Iﬂ'l'ﬂlllﬂa‘vmﬂ

Y

[ NGV A = 1Y ° o ™ =
N'JQEJ‘UQLa@ﬂIlIL@aﬂgﬂ&lﬂﬂu@'ﬂﬂaﬂqﬁﬁﬁﬂiiﬂ Prototype 4 @nSUNISUIEUNEUNAYDINTS

54

v a

Andlulualugadeyadu 9 egrslsiniuanilnenssy Prototype 4 fid1 DSC fi1nnan

Y

an1Unenssu UNet++ uinquiliaansen Precision Maenin iasanlunangnilnlusie
an1Unenssu Prototype 4 Tina True positives 111n31 Usuandian1silan Recall figadu
way False positives Aunnuiu Feruneanuinlumariuiginasusnadnsidumalaunn

Wiy AatiuAn Precision 3sanas Tunmnenduiulumangnilniumeanilngnssy UNet++ &

'
1 =

A1 Precision 1genin dsusueniian1smanidessares False positives laanin dawalvie loU
ge¥u luvaziagatunaudawaliidl True positives Uasas v1lid1 Recall uwag A1 DSC

Pogasnuluaie

a v = o o 1Y) Yy a YA
NaN15UTZIIUAANNARIYAAIVIININ Mask ‘VII&ILW@VI'I'U’]EIﬂU Mask 91999 LASNAaNIN1T

Usziuuseansninvaeluwna

[

1. yaveyanshiinsiudyginsuniu wazlumaldanidnenssy U-net

;4 =

o ¢ a AN a a a i ¥
NAGWSNISUTLLIUAINUAAEARILATNATNSN1SUSENUSE AN AU B luLnan 14

% =

anUnenssy U-net Nldyadoyanldinsiiudygiusuniy wudilumangn

Y

=2 v

NAHUAILYA
Foyanmitlildfunisusuugaunmvesnimlian DSC winiu 0.807 Tumafignilnauseys
Foganmitldifunsussnmemada CLAHE Tunadl 1, Tuinadl 2, waglumail 3 fid1 DSC
Winfu 0.807, 0.805, wag 0.802 Auadiu Tuaaiignilndusieyadeyaninilldfunisuss
Awsemain GC Tunadi 1, eadi 2, wagluaadi 3 3A1 DSC Windu 0.799, 0.809, way
0.806 puddtu Tsinadignilnduseyadeyanmitlddunsupamsemain MWF lunad
1, Tawwad 2, uazlunadi 3 SA1 DSC Wiy 0.799, 0.793, way 0.772 muadu uazluwnad
Qﬂﬂﬂﬂ]uéf'gsm%yjamwﬁléfﬁumiﬂgam‘w@hEJLmﬁﬂ NLMF Tapadl 1, Tawnadi 2, wavluea
71 3 §iA1 DSC wirffu 0.798, 0.806, Way 0.808 AUATFU dmTUADY 9 LARIAINITI 6 LA
AN 40 wana Mask Aluinasinune Tuudaginadinnisuiuusanunnean wiiian DSC

GG
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A1514 6 NAANSNISUSTSIUANUAAIEARLAZNAANSN15USTIUUSEANS N nvadlunai 1y

anlaenssu U-net Nidyadayanlifinsiiudeyginisuniu

Model Parameter DSC loU Recall Precision Accuracy
Normal - 0.807 0.821 0.956 0.855 0.994
Clip limit = 0.1
CLAHE modell 0.807 0.897 0.954 0.857 0.995
Tile=2
Clip limit = 0.2
CLAHE model2 0.805 0.893 0.948 0.857 0.994
Tile = 8
Clip limit = 0.3
CLAHE model3 0.802 0.887 0.945 0.849 0.994
Tile =6
GC modell Gamma =05 0.799 0.883 0.939 0.848 0.994
GC model2 Gamma = 0.7 0.809 0.898 0.956 0.858 0.995
GC model3 Gamma =15 0806 0.896 0.949 0.860 0.995
MWF modell Kernel = 3 0.799 0.882 0.940 0.843 0.994
MWF model2 Kernel = 5 0.793 0.872 0.930 0.832 0.993
MWF model3 Kernel = 7 0.772 0.839 0.896 0.802 0.991
Smooth =1
NLMF model1 Patch = 8 0798 0.884 0941  0.847 0.994
Window = 10
Smooth = 2
NLMF model2 Patch = 2 0.806 0.894 0.951 0.856 0.994
Window = 20
Smooth = 2
NLMF model3 Patch = 6 0.808 0.901 0.956 0.862 0.995

Window = 30
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Ground truth Normal CLAHE

GC MWF NLMF

=1

A 40 Mask fiuaduiu Mask Mvinungvaslaaanldanrinenssu U-net uasyadaya

Laivwudaysyrausunau

2. yalayan T IMTUNIUTEAUN 1 wazlunaldaartnenssy U-net

9 Y

o ¢ a v e o a a a i ¥
NAAWSNNSUSLLNUANUAAEARILATNAGNSN1SUS NS ANS N asluLnan

=2 b4

anUnenssu U-net Ml¥yadoyamiiudyayiusuniuseiun 1 nudlunangnindumeyn

Y

Y =

Foyanmitlilldunisuuupmunimvesamlian DSC winiu 0.800 Tuinafignilnuuseys
ﬁi’fauuamwﬁlé’ﬁumsﬂqmwwé’aamﬂﬁﬂ CLAHE Tuwmadt 1, Tamadi 2, wagluaadl 3 S DSC
Winfu 0.800, 0.799, waz 0.801 auadiu Tuaaiignilndudheyadeyaniniildfunisuss
amdemadia GC luwadl 1, luwmad 2, waglumadi 3 0 DSC Wiy 0.800, 0.799, wag
0.798 pnuddtu Tinadignilnduseyadeyanmitlddunsupamsemain MWF Tunad
1, Tuwmadt 2, wavlunadl 3 fld1 DSC Wiy 0.791, 0.787, way 0.780 aud iy wazlumai
Qﬂﬂﬂﬂ]uéf'gsm%yjamwﬁléfﬁumiﬂgam‘w@haLmﬁﬂ NLMF Tapad 1, Tawnadi 2, wavluea
71 3 R DSC Winfu 0.798, 0.801, waw 0.801 ANUAIFU FMSUAIBY 9 WARIRIANGI 7 uay
AW 41 uans Mask Alunaviiune luudazmafanisufulsauniwgesniniiial DSC

GG
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A1519 7 HaaNsSN1sUsEiuAUAAEARLazNadNSN1sUSTIUUSANS A nvaluwman ld

3
a

do1Unenssu U-net Nldyadayaiinudyaiusuniuseaun 1

Model Parameter DSC loU Recall Precision Accuracy
Normal - 0.800 0.885 0.941 0.846 0.994
Clip limit = 0.1
CLAHE modell 0.800 0.884 0.940 0.846 0.994
Tile=2
Clip limit = 0.2
CLAHE model2 0.799 0.881 0.934 0.847 0.994
Tile = 8
Clip limit = 0.3
CLAHE model3 0.801 0.884 0.940 0.847 0.994
Tile =6
GC modell Gamma = 0.5 0.800 0.885 0.939 0.847 0.994
GC model2 Gamma = 0.7 0.799 0.883 0.937 0.847 0.994
GC model3 Gamma =15 0798 0.883 0.937 0.846 0.994
MWF modell Kernel = 3 0.791 0.871 0.922 0.838 0.993
MWF model2 Kernel = 5 0.787 0.861 0.917 0.825 0.993
MWF model3 Kernel = 7 0.780 0.851 0.906 0.814 0.992
Smooth =1
NLMF model1 Patch = 8 0.798 0.882 0937  0.846 0.994
Window = 10
Smooth = 2
NLMF model2 Patch = 2 0.801 0.886 0.942 0.848 0.994
Window = 20
Smooth = 2
NLMF model3 Patch = 6 0.801 0.885 0.940 0.848 0.994

Window = 30
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Ground truth Normal CLAHE

GC MWF NLMF

=1

A 41 Mask fuaduiu Mask Mvitungvaslaaanldanrinenssu U-net uasyadaya

WU YYINTUNIUTZAUN 1

3. YpvaNanIiNdQIMTUNIUTEAUN 2 wazlunaldaarlnenssy U-net

9 Y

o ¢ a v e o a a a i ¥
NAAWSNNSUSLLNUANUAAEARILATNAGNSN1SUS NS ANS N asluLnan

= b4

an1Unenssu U-net Ml¥yadoyamiiudyayiusuniuseiun 2 nudlunangnindumeyn

Y

Y =

Foyanmitlilldunisuuupmunimvesamlian DSC winiu 0.789 Tuinafignilnauseys
ﬁi’fauuamwﬁlé’ﬁumsﬂqmwwé’aamﬂﬁﬂ CLAHE Tuwmadt 1, Tamadi 2, wagluaadl 3 S DSC
Winfu 0.789, 0.781, waz 0.791 anudndiu Tuaaiignilndudheyadeyaniniildfunisuss
amdemadia GC luwadl 1, luwmad 2, waglumadi 3 idn DSC Wiy 0.787, 0.793, wae
0.791 snuddtu Tnadignilnduseyadeyanmitlddunsupamsemain MWF lunad
1, Tuwwadt 2, wavlunadl 3 fld1 DSC Wiy 0.787, 0.780, way 0.775 audy wazluimai
Qﬂﬂﬂﬂ]uéf'gsm%yjamwﬁléfﬁumiﬂgam‘w@haLmﬁﬂ NLMF Tapad 1, Tawnadi 2, wavluea
71 3 R DSC Winfu 0.789, 0.788, waw 0.791 AUAIFU FMSUAIBY 9 WARIRIANTIe 8 uay
AW 42 uans Mask Alauinaviiune luudazmadanisufulsauniwgesniniiial DSC

GG
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A1574 8 NAaANSNISUSEIUAUAAEARLAaNaaNSN1sUSTIEUUSEANS A nvasluwman iy

3
a

do1Unenssy U-net Nidyadayaiiiudygyinisuniuseaun 2

Model Parameter DSC loU Recall Precision Accuracy
Normal - 0.789 0.867 0.919 0.834 0.993
Clip limit = 0.1
CLAHE model1l 0.789 0.865 0.919 0.830 0.993
Tile=2
Clip limit = 0.2
CLAHE model2 0.781 0.854 0.908 0.821 0.992
Tile =8
Clip limit = 0.3
CLAHE model3 0.791 0.869 0.921 0.835 0.993
Tile =6
GC modell Gamma =0.5 0.787 0.862 0.913 0.829 0.993
GC model2 Gamma = 0.7  0.793 0.870 0.923 0.835 0.993
GC model3 Gamma =15 0.791 0.868 0.921 0.833 0.993
MWF modell Kernel = 3 0.787 0.865 0.915 0.833 0.993
MWF model2 Kernel = 5 0.780 0.854  0.902 0.825 0.992
MWF model3 Kernel = 7 0.775 0.842 0.897 0.805 0.992
Smooth =1
NLMF model1 Patch = 8 0.789 0.866 0920  0.829 0.993
Window = 10
Smooth = 2
NLMF model2 Patch = 2 0.788 0.865 0.916 0.834 0.993
Window = 20
Smooth = 2
NLMF model3 Patch = 6 0791 0.869 0921 0835 0.993

Window = 30
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Ground truth Normal CLAHE

GC MWF NLMF

=1

A 42 Mask fuaduiu Mask Mvinungvaslaaanldanrinenssu U-net uasyadaya

NS Y INUTUNIUTZAUN 2

[

4. yaveayanshddnisiudygiusuniu wazlunaltanUnenssy UNet++

9 Y

4 =

o ¢ a o a a a i ¥
NAAWSNNSUSLLNUANUAAEARILATNAGNSN1SUS NS ANS N asluLnan

a

an1Unenssu UNet++ Ailiyadayantifinisiiudygyinsuniy nuilueaig

Y

=% ¥

NNNNUAIBYA
Foyanmitlildiunsuuugmunmyesamlsian DSC wiriu 0.810 Tuimaiigrilnduseyn
ﬁi’fauuamwﬁlé’ﬁumsﬂqmwwé’aamﬂﬁﬂ CLAHE Tuwmadt 1, Tamadi 2, wagluaadl 3 S DSC
Winfu 0.810, 0.808, war 0.806 muawy Tumafignilnrufeyndoyanmitldiunisuse
amsewada GC luwad 1, lumadi 2, wazluead 3 fien DSC Wiy 0.806, 0.803, way
0.806 puddty Tsinadignilnduseyadeyanmitlddunsupamsemain MWF Tunad
1, Tuwmadt 2, wavlunadl 3 fld1 DSC Wi 0.806, 0.797, way 0.784 aud sy wazlumai
Qﬂﬂﬂﬂ]uéf'gsm%yjamwﬁléfﬁumiﬂgam‘w@haLmﬁﬂ NLMF Tapad 1, Tawnadi 2, wavluea
#i 3 8A1 DSC Wiy 0.802, 0.810, Lay 0.808 ANNENU dmTUAIDY 9 WARIRIAITI 9 LAy
AW 43 uans Mask Alunaviiune luudazmadanisufulsauniwgesniniiial DSC

GG



A15714 9 NAANSNISUSTEIUANUAAEARLaNaaNSN1sUSTIEUUSEANS N nvaluwman g

anUnenssu UNet++ nldgadayanlisimsinadyyinsuniu

Model Parameter DSC loU Recall Precision Accuracy
Normal - 0.810 0.837 0.958 0.869 0.995
CLAHE modell Clip limit = 0.1

0.810 0.903 0.958 0.863 0.995
Tile=2
CLAHE model2 Clip limit = 0.2
0.808 0.904 0.951 0.870 0.995
Tile =8
CLAHE model3 Clip limit = 0.3
0.806 0.906 0.948 0.878 0.995
Tile =6
GC modell Gamma =05 0806 0.896 0.949 0.861 0.995
GC model2 Gamma = 0.7 0803 0.892 0.947 0.856 0.994
GC model3 Gamma =15 0806 0.894 0.952 0.856 0.994
MWF modell Kernel = 3 0.806 0.897 0.949 0.860 0.995
MWF model2 Kernel = 5 0.797 0.879 0.934 0.841 0.994
MWF model3 Kernel = 7 0.784 0.860 0.915 0.822 0.993
Smooth =1
NLMF model1 Patch = 8 0802 0.890 0945  0.853 0.994
Window = 10
Smooth = 2
NLMF model2 Patch = 2 0.810 0.902 0.956 0.865 0.995
Window = 20
Smooth = 2
NLMF model3 Patch = 6 0.808 0.903 0953  0.868 0.995

Window = 30
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Ground truth Normal CLAHE

GC MWF NLMF

AN 43 Mask Aualtuiu Mask iviunevaslunanldaailnenssa U-net++ uazyn

Yayanlinudyyinsuniu

5. YaUauan SN IMIUNIUTEAUN 1 wazlunaldaartnenssy UNet++

9 Y

o ¢ a v e o a a a i ¥
NAAWSNNSUSLLNUANUAAEARILATNAGNSN1SUS NS ANS N asluLnan

=2 ¥

an1nenssu UNet++ nldyndeyaniiadyausuniuseuin 1 nudlunaigniniumieyn

Y

Y =

Foyanmitlildunsuuusmunmyesaimlsian DSC wiriu 0.803 Tuimaigrilnduseyn
ﬁi’fauuamwﬁlé’ﬁumsﬂqmwwé’aamﬂﬁﬂ CLAHE Tuwmadt 1, Tamadi 2, wagluaadl 3 S DSC
Winfu 0.803, 0.798, waz 0.804 muandy Tumadignilnrufeyadoyanmitldiunisyse
amnemaia GC lunadl 1, luinadl 2, wagluaail 3 Jd1 DSC Windu 0.797, 0.802, uas
0.801 puddtu Tsinadignilnduseyadeyanmitlddunsupamsemain MWF Tunad
1, Tuwmadt 2, wavlunadl 3 fld1 DSC Wi 0.797, 0.789, way 0.781 aud iy wazlumai

=¢

nEndusgytayannilatunisuznmmemnaiin NLMF luead 1, Jead 2, wagling

)
1 3 A1 DSC Wiy 0.801, 0.796, waz 0.802 MINAIAU d1MSUAIDU & LAAIAIAITIE 10
LAZNIN 44 Land Mask Nlaaavinune Tuwsiazmatianisusulaanuninvasniniian DSC

GG
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A15714 10 Haansn1sUsEINAIUARI8ATILasNaaNSN1SUSTIUUSE NS NTwYaslanaf

1
a

T¥anrdnenssu UNet++ nldyadayaninudyyinsuniuseaun 1

Model Parameter DSC loU Recall Precision Accuracy
Normal - 0.803 0.888 0.943 0.852 0.994
CLAHE modell Clip limit = 0.1

0.803 0.891 0.941 0.855 0.994
Tile=2
CLAHE model2 Clip limit = 0.2
0.798 0.883 0.937 0.848 0.994
Tile =8
CLAHE model3 Clip limit = 0.3
0.804 0.894 0.943 0.860 0.995
Tile =6
GC modell Gamma =05 0.797 0.877 0.931 0.841 0.993
GC model2 Gamma = 0.7 0.802 0.888 0.941 0.851 0.994
GC model3 Gamma =15 0801 0.884 0.940 0.847 0.994
MWF modell Kernel = 3 0.797 0.881 0.932 0.848 0.994
MWF model2 Kernel = 5 0.789 0.865 0.915 0.835 0.993
MWF model3 Kernel = 7 0.781 0.852 0.904 0.817 0.992
Smooth =1
NLMF model1 Patch = 8 0801 0.885 0938  0.849 0.994
Window = 10
Smooth = 2
NLMF model2 Patch = 2 0.796 0.880 0.932 0.846 0.994
Window = 20
Smooth = 2
NLMF model3 Patch = 6 0.802 0.886 0939  0.851 0.994

Window = 30
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Ground truth Normal CLAHE

GC MWF NLMF

AW 44 Mask fualtuiu Mask iviunevaslunanldaailnenssa U-net++ uazyn

YoyaNWNHYyINTUNIUTEAUN 1

6. YATILANTINNAQYIUTUNIUTEAUN 2 Lazlunaldaarlnenssy UNet++

9 Y

o ¢ a v e o a a a i ¥
NAAWSNNSUSLLNUANUAAEARILATNAGNSN1SUS NS ANS N asluLnan

=% 1%

an1nenssu UNet++ nldyadayaniiadyaiusuniusedui 2 nuilunaignindumieyn

Y 9

Y =

Poyanmildlasunisuiuussmanimaesnnliidl DSC iy 0.792 lumaiignindusieyn

ﬁi’fauuamwﬁlé’ﬁumsﬂqmwwé’aamﬂﬁﬂ CLAHE Tuwmadt 1, Tamadi 2, wagluaadl 3 S DSC
Winfu 0.791, 0.782, waz 0.792 muandy Tumadignilnrufeyndoyanmitldiunisuse
amsewada GC luwad 1, luwadi 2, wazluead 3 fien DSC Wiy 0.790, 0.790, way
0.793 snuddtu Tnadignilnduseyadeyanmitlddunsupamsemain MWF Tunad
1, Tuwmadt 2, wavlupadl 3 fld DSC Wiy 0.789, 0.781, way 0.775 audy wazluwmai

=¢

nEndusgytayannilatunisuznmmemnaiin NLMF luead 1, Jead 2, wagling

)
1 3 #A1 DSC Wiy 0.793, 0.790, waz 0.790 MUAIAU d19SUAIDU 9 LEAIAINITIE 11
LAZAIN 45 Lans Mask Nlaaavinune Tuwsiazmatianisusulaanuninvasniniial DSC

GG
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A1514 11 Haansn1sUsEiuAIuAR18ATIkasNaaNsN1sUsTUUSEANS N wvaslanaf

1
a

T¥anrdnenssu UNet++ nldyadayaninudyyinsuniuszaun 2

Model Parameter DSC loU Recall Precision Accuracy
Normal - 0.792 0872 0.925 0.837 0.993
CLAHE modell Clip limit = 0.1

0.791 0.871 0.922 0.838 0.993
Tile=2
CLAHE model2 Clip limit = 0.2
0.782 0.856 0.909 0.823 0.993
Tile =8
CLAHE model3 Clip limit = 0.3
0.792 0.873 0.921 0.840 0.993
Tile =6
GC modell Gamma =0.5 0.790 0.867 0.919 0.833 0.993
GC model2 Gamma = 0.7 0.790 0.868 0.921 0.835 0.993
GC model3 Gamma =15 0.793 0.870 0.922 0.836 0.993
MWF modell Kernel = 3 0.789 0.867 0.918 0.834 0.993
MWF model2 Kernel = 5 0.781 0.853 0.906 0.819 0.992
MWF model3 Kernel = 7 0.775 0.844  0.897 0.810 0.992
Smooth =1
NLMF model1 Patch = 8 0793 0874 0923 0841 0.993
Window = 10
Smooth = 2
NLMF model2 Patch = 2 0.790 0.870 0.921 0.836 0.993
Window = 20
Smooth = 2
NLMF model3 Patch = 6 0.790 0.868 0919  0.836 0.993

Window = 30
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Ground truth Normal CLAHE

GC MWF NLMF

AN 45 Mask Aualtuiu Mask iviunevaslunanldaaidnenssa U-net++ uazyn

Yoy AN YINTUNIUTEAUTN 2

[ [

7. wavayan1shidnisiudygiusuniu waslunaltanidnenssu Prototype

3 U o

6 ¥ =

NAANEN1SUTEIUANNAREARILAZHAANEN1SUSEIUUSEANS N nvelunan g

] =2

an1nenssy Prototype ﬁi%ﬁ@‘ﬁauﬂamﬁﬁﬂﬂiLﬁMﬁ@@ﬁmiUﬂiu Wuiﬂmmaﬁgﬂﬂlﬂwué’w
yatoyanmithildzunsuiuugamnmyesamlsian DSC wiriu 0.811 Tumaigrdnduse
ﬁqﬂéﬁ’agaﬂwwﬁié’ﬁ’mﬁﬂqqmwé"samm’jﬂ CLAHE Tsnmadt 1, Tanadt 2, wazlanadt 3 fan
DSC 1¥i1Avu 0.803, 0.807, waz 0.803 AINAIAU Iumaﬁgﬂ'ﬂﬂwué’aaﬁq@%’ayjamwﬁiﬁﬁumﬁ
Usanmaewmaila GC Tuwad 1, Tumafl 2, waglawwadi 3 a1 DSC wiadu 0.809, 0.803,
uay 0.805 muadu uiaiignilndusisyateyanmildiunsugmnimimemaia MWF
Tupad 1, Tead 2, wazlunadi 3 fidn DSC WU 0.807, 0.795, way 0.782 AUAIFU Wway
I?LILﬂa‘ﬁlQﬂﬁlﬂNuﬁ’sEJ‘Q@%J’EH;I@JWWwﬁlﬁﬁUﬂﬁﬂj‘ﬂﬂﬁwﬁ’JEJLi/lﬂﬁﬁ NLMF Tuweadl 1, Tuwnad 2,
wazlupadi 3 da1 DSC Wiy 0.803, 0.804, way 0.805 ANANGU E1USUAIDY 9 WARNIAI
ANS19 12 WaTAIN 46 Wans Mask Alunayiung 1uLm'azLmﬂﬁﬂmiﬂ%’wga@mmwsuaqmwﬁ

{1fin DSC gegn
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A1514 12 Haansn1sUssiuAIuAR18ATIkasNaaNsN1sUsEUUSEANS N Twvaslanaf

l¥anUnenssu Prototype Nldyadayanlaifinsinudyeyinusuniu

Model Parameter DSC loU Recall Precision Accuracy
Normal - 0.811 0.904 0.961 0.864 0.995
Clip limit = 0.1
CLAHE modell 0.803 0.889 0.947 0.850 0.994
Tile=2
Clip limit = 0.2
CLAHE model2 0.807 0.895 0.952 0.856 0.994
Tile =8
Clip limit = 0.3
CLAHE model3 0.803 0.889 0.946 0.851 0.994
Tile =6
GC modell Gamma = 0.5 0.809 0.898 0.956 0.858 0.995
GC model2 Gamma = 0.7 0.803 0.889 0.945 0.852 0.994
GC model3 Gamma =15 0805 0.893 0.949 0.854 0.994
MWF modell Kernel = 3 0.807 0.896 0.951 0.858 0.995
MWF model2 Kernel = 5 0.795 0.877 0.934 0.838 0.994
MWF model3 Kernel = 7 0.782 0.856 0.911 0.818 0.992
Smooth =1
NLMF model1 Patch = 8 0803 0.890 0949  0.850 0.994
Window = 10
Smooth = 2
NLMF model2 Patch = 2 0.804 0.893 0947  0.856 0.994
Window = 20
Smooth = 2
NLMF model3 Patch = 6 0.805 0.892 0950  0.852 0.994

Window = 30
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Ground truth Normal CLAHE

GC MWF NLMF

o ya o

A 46 Mask fiuaduiu Mask Mvinunevaslaaanldandnenssungidveanuuunasyn

Yayanlinudyyinsuniu

'
1% a

8. WAUaLanNITINNAIMTUNIUTEAUN 1 Lazlunaldaarlnenssy Prototype

9 Y

1

nadnsTUsTRuAMIAE e ARazHad SN 1sUsTEuUSE AV A weslumadile
an1Unenssu Prototype ﬁi%ﬂ;msﬁ’ayjaﬁLﬁmé’@mmiumuizﬁuﬁ 1 Wujﬂmmaﬁgﬂﬂﬂwué’w
yatoyanmithildzunsuiuugmmnmyesamlsian DSC wiriu 0.798 Tumaigrnduse
ﬁqﬂéﬁ’agaﬂwwﬁié’ﬁ’mﬁﬂqqmwé"samm’jﬂ CLAHE Tsnmadt 1, Tanadt 2, wazlanadt 3 fan
DSC winAu 0.798, 0.797, kay 0.802 AIUa1AU Iumaﬁgﬂ'ﬂﬂwué’aaﬁq@%’ayjamwﬁiﬁﬁumﬁ
Usanmaewmaila GC Tuwad 1, Tumafl 2, waglawwadi 3 a1 DSC windu 0.798, 0.796,
uay 0.802 muadu luinaiignilnsussyateyanmildiunsugmnimimemaia MWF
Tupad 1, Tead 2, wazlunadi 3 fldn DSC Wiy 0.798, 0.780, way 0.778 AUAIFU way
I?LILﬂa‘ﬁlQﬂﬁlﬂNuﬁ’sEJ‘Q@%J’EH;I@JWWwﬁlﬁﬁUﬂﬁﬂj‘ﬂﬂﬁwﬁ’JEJLi/lﬂﬁﬁ NLMF Tuweadl 1, Tuwnad 2,
wazlupadi 3 da1 DSC Wiy 0.802, 0.802, WAy 0.797 AINANGU duSUAIDY 9 WARNIAI
AN519 13 WAEATN 47 wane Mask Tluinavune 1uLm'azLmﬂﬁﬂmiﬂ%’wga@mmwsuaqmwﬁ

{1fin DSC gegn
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A154 13 Haansn1sUssiuAIuARI8ATILasNaaNSN1SUSTUUSEANS N wvaslanaf

1
a

T¥anrdnenssu Prototype Mldyndayaninudeyanasuniuseaui 1

Model Parameter DSC loU Recall Precision Accuracy
Normal - 0.798 0.880 0.934 0.845 0.994
Clip limit = 0.1
CLAHE model1 0.798 0.880 0.935 0.842 0.994
Tile=2
Clip limit = 0.2
CLAHE model2 0.797 0.876 0.931 0.841 0.993
Tile =8
Clip limit = 0.3
CLAHE model3 0.802 0.886 0.943 0.847 0.994
Tile =6
GC modell Gamma =0.5 0.798 0.879 0.935 0.841 0.994
GC model2 Gamma = 0.7  0.796 0.877 0.932 0.840 0.993
GC model3 Gamma =15 0.802 0.887 0.941 0.850 0.994
MWF model1 Kernel = 3 0.798 0.881 0.936 0.843 0.994
MWF model2 Kernel = 5 0.780 0.856 0.909 0.821 0.993
MWF model3 Kernel = 7 0.778 0.849 0.903 0.812 0.992
Smooth =1
NLMF model1 Patch = 8 0802 0886 0941  0.849 0.994
Window = 10
Smooth = 2
NLMF model2 Patch = 2 0.802 0.886 0.942 0.849 0.994
Window = 20
Smooth = 2
NLMF model3 Patch = 6 0.797 0.879 0931 0.845 0.994

Window = 30
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Ground truth Normal CLAHE

GC MWF NLMF

o ya o

A 47 Mask fiuaduiu Mask nvinunevaslaeanldandnenssungidveanuuunazyn

YoyaNWNHYyINTUNIUTEAUN 1

9. YpUNANITINNAYIMTUNIUTEAUN 2 Lazlunaldaarlnenssy Prototype

9 Y

o ¢ a v e o a a a i ¥
NAAWSNNSUSLLNUANUAAEARILATNAGNSN1SUS NS ANS N asluLnan

a

an1Umenssu Prototype Mliyatayaiiiudayy 1usunIusEaun 2 wuii lumangnilniu

Y

megatoyan nililasunisusuliiamnmuesnmlyial DSC winiu 0.786 Tuimanignine

'
P

MmgYAtaANIMILATUNSUTINNAEwmaTia CLAHE lumahl 1, lunah 2, wazlunadl 3 &

I =%

A1 DSC iy 0.789, 0.785, waz 0.795 muandy Tuiaiignilnsuseyadeyanmitldiv

Y

ISP

MsUssnnemaia GC Tunadl 1, lumadl 2, wagluinadl 3 fiAn DSC winfu 0.792, 0.788,
way 0.789 muadu uinaiignilndussyateyanmildiunsugmnimimemaia MWF
Tupad 1, Tead 2, wazlunadi 3 fid DSC Wiy 0.787, 0.778, way 0.776 AMUAIFU way
I?LILﬂa‘ﬁlQﬂﬁlﬂNuﬁ’sEJ‘Q@%J’EH;I@JWWwﬁlﬁﬁUﬂﬁﬂj‘ﬂﬂﬁwﬁ’JEJLi/lﬂﬁﬁ NLMF Tuweadl 1, Tuwnad 2,
warlanad 3 A1 DSC wirffu 0.793, 0.788, uay 0.792 AUAINU FMSUAIBY 9 Lanea
M54 14 UAEAIW 48 Wang Mask filumaviue Tuudazmadianisufuussaaninueanmi

{1fin DSC gegn
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A154 14 Haansn1sUsEiuAIUAR18AT LAz NaaNSN1SUSTIUUSEANS N wYaslanaf

1
a

T¥anrdnenssu Prototype ldyndayaniinadaynyinsuniusedun 2

Model Parameter DSC loU Recall Precision Accuracy
Normal - 0.786 0.862 0.915 0.827 0.993
Clip limit = 0.1
CLAHE modell 0.789 0.865 0.918 0.830 0.993
Tile=2
Clip limit = 0.2
CLAHE model2 0.785 0.858 0.914 0.822 0.993
Tile =8
Clip limit = 0.3
CLAHE model3 0.795 0.873  0.927 0.836 0.993
Tile =6
GC modell Gamma =0.5 0.792 0.868 0.923 0.832 0.993
GC model2 Gamma = 0.7 0.788 0.863 0.916 0.828 0.993
GC model3 Gamma =15 0.789 0864 0.917 0.829 0.993
MWF modell Kernel = 3 0.787 0.861 0.913 0.827 0.993
MWF model2 Kernel = 5 0.778 0.848 0.903 0.812 0.992
MWF model3 Kernel = 7 0.776 0.843  0.900 0.806 0.992
Smooth =1
NLMF model1 Patch = 8 0.793 0870 0923  0.833 0.993
Window = 10
Smooth = 2
NLMF model2 Patch = 2 0.788 0.865 0.918 0.830 0.993
Window = 20
Smooth = 2
NLMF model3 Patch = 6 0792 0.869 0923  0.833 0.993

Window = 30
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Ground truth Normal CLAHE

GC MWF NLMF

o ya o

AN 48 Mask fiuaduiu Mask nvinungvaslaaanldandnenssungidveanuuunazyn

Yoy AN YINTUNIUTEAUTN 2
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c
=
b
(S,

unagy

NuATeiimwleansteuiiddndmsunsuusdiunmuzisalnalonivunn

d Va

Wuensleaues Ingldaodnenssy U-net, UNet++, wazanUnenssuiidideosniuy sauds
AnwmavesnsrUIUNIARUMIUsTAnaNan ieT el sEavBnmusslunanisFouside
andmiunisuusdeyaninvesieunzislnalauivunmidueisleanes lngldimaiinng
USuUsenunInveanIn 4 weilla Lawn Contrast-limited adaptive histogram equalization,

Gamma correction, Median and Wiener filter, llaz Non-local mean filter

2AUTIUHAYBINTTUIUNINBUNITUTLUIANANIN
N13ANYINAVBINTEUIUNITABUNITUTEUIARAN N NBYIEINUSEANS A MBS
TumanisBeudiddndmiunsuusdayanimvesdeunsisslnalouuunimduensloaues
wud lwgadeyanliinsiiudyginsuniu adanaiunsaiuaunmveinmlaniande
NLMF, GC, MWF, wag CLAHE muasu deunalaainuevensindunsdulunin 49 wagluyn
v a a o a a v A -
Tayaniinsiiudgyy1asuniy mallafiauisaifinganinveinnlannanse NLMF,

CLAHE, GC, kag MWF anud1su danslaanneviansinad@eawasd@mlunin 49

0.9

0.8

0.7

0.6

0.5 =0
15

04 g =30

0.3

0.2

0.1

0

NLMF (S=1, P=§, MWF (Kernel =3)  GC (Gamma =0.7) CL \I[l L(\ 0.1, Normal
W=10) 2

SSIM

A 49 MsiTeuiiiuan SSIM TumaliansiiugnIw
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WisuiisuUszansamveslumatuganiwvesnwitldiunnsudase

AMAMYBINME WA UTEANTA NN T UTRlAANTSSBUTAEN 2INAN51
15 Wowssuitsuwmadaimentu lunadildaatnenssy U-net, UNet++, uazaatlnonssud
AI38R0NLUY WaggnRnEumemalln CLAHE sienis1dnes Clip imt iinfu 0.2 uag Tile
size Wi1iU 8 x 8 (CLAHE model2) fifin DSC Wiy 0.805, 0.808, uay 0.807 Mafy
wazdlAn SSIM winfu 0.711 Wawisufulamaigrilndusemadiadieatu (CLAHE model3)
wAUSUNISELw 3 (Clip limt windvu 0.3 way Tile size WNAU 6 x 6) dA1 DSC iy 0.802,
0.806, Waz 0.803 MU wazdld1 SSIM Winfy 0.740 aziiuiinunmvesnwitldiinedy
luima CLAHE model3 flaan1mvesniwiianin winduyihlidszansueslunaanas
uananilunafigniinduseyndoyaifinuninvosnmiiniu dwalvissansveslung
wanei1e dunalaannluma NLMF modell Ay NLMF model3 99nWafinaagiiiugi

¥

Ay i o q v a a af a v A a
f"’!mcﬂ’]WGUE]\“lﬂ']WW@@Uﬂ?W@W%WWIﬂUiSaWﬁﬂ'WWGUENI@JLWaWGUU 6U§1<!8‘V|ﬂ’]{LGUGQWGUE]3JﬁVlNﬂmﬂ’]W

Y 9

Aniiguindu walinisldmadianisiiuganiniidieiu dwalvusgansainveduina

wanaanuaulume dunmlaann CLAHE modell wag GC modell

M1519 15 NMsTeuigURaENS e luAaN1sEEuRENLAN1TUSUUTIRINTNYRIN W

(Yndayanlidinsudynyiasuniu)

Enhanced Parameters DSC of U-net DSC of DSC of SSIM
dataset architecture UNet++ Prototype
model architecture architecture
Normal - 0.807 0.810 0.811 -
Clip limit =
CLAHE
0.1 0.807 0.810 0.803 0.916
modell
Tile =2
Clip limit =
CLAHE
0.2 0.805 0.808 0.807 0.711
model2
Tile =8
CLAHE Clip limit =
0.802 0.806 0.803 0.740

model3 0.3
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Enhanced Parameters DSC of U-net DSC of DSC of SSIM
dataset architecture UNet++ Prototype
model architecture architecture
Tile = 6
Gamma =
GC modell 0.799 0.806 0.809 0.917
0.5
Gamma =
GC model2 0.809 0.803 0.803 0.968
0.7
Gamma =
GC model3 0.806 0.806 0.805 0.929
1.5
MWF Kernel = 3
0.799 0.806 0.807 0.936
modell
MWF Kernel = 5
0.793 0.797 0.795 0.864
model2
MWF Kernel = 7
0.772 0.784 0.782 0.811
model3
Smooth = 1
NLMF Patch = 8
0.798 0.802 0.803 1.000
modell Window =
10
Smooth = 2
NLMF Patch = 2
0.806 0.810 0.804 0.999
20
Smooth = 2
NLMF Patch = 6
0.808 0.808 0.805 1.000
model3 Window =

30
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w94 WnelunanldanrUnenssungidveenuuuardun 4 naansnisussdiuianii
anUnenssungideesnuuudiduil 1 81 3 dmSunneinisusaidu sudalvinadwsnginin

Tuluwanlgaantnenssy U-net waz UNet++ snnulananltaatnenssy UNet++ 7lvian

o a

precision N1171nn71 Badunalaannnisne 5 fadudmsunsAnuilfidedudenlunanld

o v a

anUnenssungidvesndiiun 4 lun1sindulunanisBeudidednd mivnisudsdiunin
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yzi5elnalaunuunInduaistoauas

=2 ) [y 1

nadnsvaalunanisSeusddnd msunisuusdrunmuzisslnalautuun wduens

Y

leaues NgalnWumisyadayanluiiinsiiudyyiasuniu nuda lumandndudie

= £ a0

an1nenssu U-net de DSC 11U 0.807 vauziigndayafii1un1susulsanunInueInim
femada GC model2 Way NLMF model3 A1 DSC #iu1nndn vagfmada CLAHE
model1 1¥e1 DSC Awirdu dinaldainain 50 lunadilnduseaniiinenssu UNet++ lu
yadeyailsiiunisuiulsinunmuesnmiial DSC windu 0.810 vnzilsifiyadoyadiniiy
mMsUSuUgInmAmveanwliial DSC Munnnin egslsinuiiyndeyaiiniunisuiulss
AN MUBINMAEINATA CLAHE modell wag NLMF model2 191 DSC ilvindu dunele
1nam 51 Tumaiindudieandnonssuiifisveenuuu lugndeyadiliiunsuiulge
A eI milA1 DSC windu 0.811 laiflyndeyaiiiiunisuuussnaninvesnindilien

DSC NU1NINMIaigUWMNELNAAINAIN 52 TAgNIMNANISYINUIEY Mask Ua9tlUmawandsg

AN 53
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0.798
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afuTeNanIsiUSsUBuUsTANS AN lIanUIUITEABUREN
nadnsnsTeudisulinadmunsutstoyanmifiniuseyndeyatiinumaia
mMsUfuUsRuamAvaAsereuvthiAnvinsudsdudeyavesuzifalnalounuunmdy
015loanns dunaldainasns 16 agfiuina DSC veseideilugateyaiiliiunisia
Fryayrusunauliinadns DSC gagaivinfu 0.811 (ThirdConvNet) wagangawiniu 0.803
(ThirdConvNet + CLAHE, ThirdConvNet + GC, uag ThirdConvNet + NLMF) @slsiuadns
1e8N1191U338989 Ghosh. S (52), Lin M. (5), Al Nasim MA (53), Manasa K. (54), uag Yan
C. (55) Bauandliiuilunafifinmadanisuiuaunmussnmifisses el lsiilosioy
Hinlsgansamnisiauediing iauﬁqamﬂmsﬂiimﬁ@’% SueonuuuiinUsyansainnng
euliiuluealddesninmuisefinannuilidiediu sgalsmudnuisedoundiliug
Snsen DSC toninauddeil asldunauidoves Thong Vo. (8), Fathia A. (48), uag Rahul
J. fiflein DSC Wiy 0.760 waz 0.558 audy WewSeulfisua accuracy Tinadwnsiill
uwanenafiu FaflanForay 99 saudean recall Aflanmnnnindesas 90 WewleufiuamAdodu q

NbanadetlanlnaLAgany

A1519 16 N15USTEUMBUUSLANSNINVDLULAANUIIUIENBUNTIN

Autor Image Network  Recall Precision Accuracy DSC loU

U-Net +
- - 0.996 0.932 0.890
Ghosh S. TCGA- ResNeXt50

(52) 2021 LGG  U-Net +
- - 0.993 0.899 0.860

FPN
U_
Lin M. (5) BraTS
Net+conte - - - 0.887 -
2021 2020
nt block
Al Nasim U-Net +
BraTS
MA (53) empirical 0.997 - 0.998 0.920 0.913
2019
2022 analysis
Mixed
Thong Vo.
from 5 UVR-Net - - 0.990 0.760 0.890
(8) 2022

institut
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Autor Image Network  Recall Precision Accuracy DSC loU
ions
Fathia A. ISLES  U-Net +
- 0.997 0.999 0.558 -
(48) 2022 2015  Fine tuning
U-Net +
Manasa K. BraTS
Zernile 0.877 0.810 - 0.852 -
(54) 2022 2018
Moments
Yan C. (55)  BraTS
SEResU-Net  0.923 - - 0.911 -
2022 2018
Rahul J. BraTS
SEMC-Net - - - 0.731 0.644
(9) 2023 2020
U-Net 0.945 0.857 0.995 0.807 0.821
U-Net +
0.954 0.857 0.995 0.807 0.897
CLAHE
U-Net + GC  0.956 0.858 0.995 0.809 0.898
U-Net +
0.941 0.847 0.994 0.798 0.884
NLMF
U-Net +
0.940 0.843 0.994 0.799 0.882
MWF
UNet++ 0.958 0.869 0.995 0.810 0.837
Our BraTS
UNet++ +
proposed 2023 0.958 0.863 0.995 0.810 0.903
CLAHE
UNet++ +
0.947 0.856 0.994 0.803 0.892
GC
UNet++ +
0.945 0.853 0.994 0.802 0.890
NLMF
UNet++ +
0.949 0.860 0.995 0.806 0.897
MWF
ThirdConv
0.961 0.864 0.995 0.811 0.904

Net
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Autor Image Network  Recall Precision Accuracy DSC loU
ThirdConv
Net + 0.947 0.850 0.994 0.803 0.889
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ThirdConv
0.945 0.852 0.994 0.803 0.889
Net + GC
ThirdConv
Net + 0.949 0.850 0.994 0.803 0.890
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Net + MWF
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AANUIN N HATWSNTUTZRUANAINYBINN

1. waAila Contrast-Limited Adaptive Histogram Equalization (CLAHE)

90

M1319 17 uanswaawsn1sussiiuauninvasnmlaegldinaia CLAHE Tuyadayaiiluiwiu

AEUEUIDITUNIUY
Cliplimit Tilesize SSIM MSE PSNR
0.1 2 0.916 3.262 43.883
0.1 4 0.911 27.442 34.761
0.1 6 0.740 115.234 28.313
0.1 8 0.711 378.208 22.605
0.2 2 0.915 8.322 39.904
0.2 a4 0.911 27.442 34.761
0.2 6 0.740 115.234 28.313
0.2 8 0.711 378.208 22.605
0.3 2 0.914 12.386 38.169
0.3 4 0.911 27.442 34.761
0.3 6 0.740 115.234 28.313
0.3 8 0.711 378.208 22.605

M1579 18 uanIraansn1sUsziiuaannvasmulngldinatia CLAHE Tuyadayaiiiiu

S UINTUNIUTEAUN 1

Cliplimit Tilesize SSIM MSE PSNR
0.1 2 0.989 3.222 43.962
0.1 4 0.948 39.859 32.945
0.1 6 0.843 147.261 27.087
0.1 8 0.693 671.432 20.064
0.2 2 0.980 15.031 37.132




Cliplimit Tilesize SSIM MSE PSNR

0.2 4 0.948 39.859 32.945
0.2 6 0.843 147.261 27.087
0.2 8 0.693 671.432 20.064
0.3 2 0.973 23.506 35.350
0.3 4 0.948 39.859 32.945
0.3 6 0.843 147.261 27.087
0.3 8 0.693 671.432 20.064

M1319 19 uanwwaansn1sUTEEiuaunnvasnnlagldinaila CLAHE luyadayaiiig

HEUITUNIUTLAUN 2

Cliplimit Tilesize SSIM MSE PSNR
0.1 2 0.997 2.428 44.944
0.1 a4 0.962 42.778 32.133
0.1 6 0.873 181.343 25.763
0.1 8 0.724 903.239 18.911
0.2 2 0.990 13.721 37.894
0.2 a4 0.962 42.778 32.133
0.2 6 0.873 181.343 25.763
0.2 8 0.724 903.239 18.911
0.3 2 0.985 23.793 35.261
0.3 a4 0.962 42.778 32.133
0.3 6 0.873 181.343 25.763
0.3 8 0.724 903.239 18.911




2. wAlA Gamma Correction (GC)

11314 20 uaaswaawsn1sUsEiuAuA mvasnmlngldnaila GC Tuyadayanluiig

A EUEUIRUITUNIUY
Gamma SSIM MSE PSNR
0.3 0.848 2444.457 14.560
0.5 0.917 916.280 18.740
0.7 0.968 248.587 24.345
0.9 0.997 19.392 35.379
1.3 0.970 134.150 26.932
1.5 0.929 300.219 23.433
1.7 0.886 486.790 21.344
149 0.845 675.590 19.938

M1319 21 uanswaawsn1sUsEiuAunInvanwlagldinatia GC Tuyadayaiia

HEUUIITUNIUTAUN 1

Gamma SSIM MSE PSNR
0.3 0.276 4785.396 11.385
0.5 0.448 1447.554 16.588
0.7 0.715 340.583 22.873
0.9 0.967 23.989 34.390
1.3 0.739 154.211 26.298
1.5 0.541 334.313 22.943
1.7 0.409 530.594 20.948

1.9 0.322 725.475 19.606




93

M1319 22 uanswaansn1sUssiiuaunnvanwlagldinaia GC Tuyadayaiiina

AENITUNIUILAUN 2

Gamma SSIM MSE PSNR
0.3 0.341 5256.337 10.954
0.5 0.553 1673.673 15.924
0.7 0.798 402.905 22.108
0.9 0.978 28.728 33.574
1.3 0.806 181.466 25.567
1.5 0.610 391.052 22.236
1.7 0.452 616.293 20.267
1.9 0.340 836.263 18.951

3. waldA Median and Wiener filters (MWF)

M1919 23 uanawaawsn1TUsEEiuaun nvasnwlaegldinatia MWF lugadasyailyis

AEUEUIRUITUNIUY
Kernel SSIM MSE PSNR
3x3 0.936 50.027 31.645
5x5 0.864 114.667 28.183
I 0.811 170.944 26.521

M1319 24 uanwwaawsn1TUsEiuaunnvanmlagldnaia MWF lugadasyaiiig

S UINTUNIUTEAUN 1

Kernel SSIM MSE PSNR
3x3 0.474 160.217 26.138
5x5 0.335 236.061 24.538
7x7 0.272 293.314 23.665




11319 25 uanwwaansn1sUsEiuauanvanmlagldinaia MWF lugadasyaiiig

A ENITUNIUILAUN 2

94

Kernel SSIM MSE PSNR
3x3 0.310 479.833 21.329
5x5 0.188 598.196 20.387
IR 0.143 667.119 19.930

4. wada Non-local mean filer (NLMF)

M1919 26 uanwaawsn1TUsEiuaun nvasnnlagldnaia NLMF Tugadayanlaiiig

A EUEUIAITUNIUY
Smooth Patch Window SSIM MSE PSNR
1 2 10 1.000 0.007 -
1 2 20 1.000 0.009 -
1 2 30 1.000 0.011 -
1 4 10 1.000 0.001 -
1 4 20 1.000 0.002 -
1 a4 30 1.000 0.002 -
1 6 10 1.000 0.001 -
1 6 20 1.000 0.001 -
1 6 30 1.000 0.001 -
1 8 10 1.000 0.000 -
1 8 20 1.000 0.000 -
1 8 30 1.000 0.000 -
1 10 10 1.000 0.000 -
1 10 20 1.000 0.000 -
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Smooth Patch Window SSIM MSE PSNR
1 10 30 1.000 0.000 -
2 2 10 0.999 0.082 -
2 2 20 0.999 0.111 -
2 2 30 0.999 0.132 -
2 a4 10 1.000 0.040 -
2 a4 20 0.999 0.051 -
2 a4 30 0.999 0.059 -
2 6 10 1.000 0.022 -
2 6 20 1.000 0.027 -
2 6 30 1.000 0.030 -
2 8 10 1.000 0.013 -
2 8 20 1.000 0.016 -
2 8 30 1.000 0.017 -
2 10 10 1.000 0.007 -
2 10 20 1.000 0.008 -
2 10 30 1.000 0.009 -

M1319 27 uaaawaansn1susEiiuaunnvanmlagldinadia NLMF Tugadayaiiiny

A EUIITUNIUTLAUN 1

Smooth Patch Window SSIM MSE PSNR
1 2 10 1.000 0.008 -
1 2 20 1.000 0.018 -
1 2 30 1.000 0.029 -
1 a4 10 1.000 0.000 -
1 a4 20 1.000 0.000 -
1 a4 30 1.000 0.000 -
1 6 10 1.000 0.000 -
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Smooth Patch Window SSIM MSE PSNR
1 6 20 1.000 0.000 -
1 6 30 1.000 0.000 -
1 8 10 1.000 0.000 -
1 8 20 1.000 0.000 -
1 8 30 1.000 0.000 -
1 10 10 1.000 0.000 -
1 10 20 1.000 0.000 -
1 10 30 1.000 0.000 -
2 2 10 1.000 0.093 -
2 2 20 0.999 0.205 -
2 2 30 0.998 0.305 -
2 4 10 1.000 0.001 -
2 4 20 1.000 0.001 -
2 4 30 1.000 0.002 -
2 6 10 1.000 0.000 -
2 6 20 1.000 0.000 -
2 6 30 1.000 0.000 -
2 8 10 1.000 0.000 -
2 8 20 1.000 0.000 -
2 8 30 1.000 0.000 -
2 10 10 1.000 0.000 -
2 10 20 1.000 0.000 -
2 10 30 1.000 0.000 -




M1319 28 uanwaawsn1sUsEliuAn s wlagldinalia NLMF Tugadayaiiny

AENITUNIUILAUN 2
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Smooth Patch Window SSIM MSE PSNR
1 2 10 1.000 0.001 -
1 2 20 1.000 0.003 -
1 2 30 1.000 0.006 -
1 a4 10 1.000 0.000 -
1 a4 20 1.000 0.000 -
1 4 30 1.000 0.000 -
1 6 10 1.000 0.000 -
1 6 20 1.000 0.000 -
1 6 30 1.000 0.000 -
1 8 10 1.000 0.000 -
1 8 20 1.000 0.000 -
1 8 30 1.000 0.000 -
1 10 10 1.000 0.000 -
1 10 20 1.000 0.000 -
1 10 30 1.000 0.000 -
2 2 10 1.000 0.011 -
2 2 20 1.000 0.027 -
2 2 30 1.000 0.045 -
2 a4 10 1.000 0.000 -
2 a4 20 1.000 0.000 -
2 a4 30 1.000 0.000 -
2 6 10 1.000 0.000 -
2 6 20 1.000 0.000 -
2 6 30 1.000 0.000 -
2 8 10 1.000 0.000 -
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Smooth Patch Window SSIM MSE PSNR
2 8 20 1.000 0.000 -
2 8 30 1.000 0.000 -
2 10 10 1.000 0.000 -
2 10 20 1.000 0.000 -
2 10 30 1.000 0.000 -
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AAKNUIN U HAANSN15USTIUUSEANSvasluna

1. @01Unenssy U-net

1.1 yadayanlsiiiudygyiasuniu

M1919 29 uanINaawSN1IsUsTuUsEansvalamaniniudteaa lnenssy U-net Tuyn

Yayanlaiinudyrausuniu

Tech Parameter DSC loU Recall Precision  Accuracy
Normal - 0.807 0.896 0.956 0.855 0.994
CLAHE cl0.1 ts2 0.807 0.897 0.954 0.857 0.995
CLAHE clo.1 tsd 0.802 0.888 0.945 0.850 0.994
CLAHE clo.1 ts6 0.802 0.887 0.944 0.849 0.994
CLAHE cl0.1 ts8 0.807 0.896 0.952 0.858 0.994
CLAHE cl0.2_ts2 0.807 0.897 0.955 0.857 0.995
CLAHE cl0.2 tsa 0.807 0.896 0.954 0.856 0.994
CLAHE cl0.2_ts6 0.804 0.894 0.949 0.857 0.994
CLAHE cl0.2_ts8 0.805 0.893 0.948 0.857 0.994
CLAHE cl0.3 ts2 0.805 0.894 0.950 0.856 0.994
CLAHE cl0.3 tsd 0.806 0.896 0.951 0.859 0.994
CLAHE cl0.3 ts6 0.802 0.887 0.945 0.849 0.994
CLAHE cl0.3 ts8 0.805 0.894 0.948 0.858 0.994
GC g0.3 0.800 0.884 0.941 0.847 0.994
GC g0.5 0.799 0.883 0.939 0.848 0.994
GC g0.7 0.809 0.898 0.956 0.858 0.995
GC g0.9 0.807 0.896 0.955 0.856 0.994
GC gl.3 0.804 0.890 0.947 0.852 0.994
GC gl.5 0.806 0.896 0.949 0.860 0.995

GC gl.7 0.808 0.895 0.953 0.856 0.994
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Tech Parameter DSC loU Recall Precision  Accuracy
GC gl.9 0.806 0.894 0.950 0.856 0.994
MWEF k3 0.799 0.882 0.940 0.843 0.994
MWEF k5 0.793 0.872 0.930 0.832 0.993
MWEF k7 0.772 0.839 0.896 0.802 0.991
NLMF sl p2 w10 0.802 0.888 0.945 0.850 0.994
NLMF sl p2 w20 0.807 0.897 0.952 0.860 0.995
NLMF sl p2 w30 0.807 0.898 0.954 0.858 0.995
NLMF sl p4 w10 0.807 0.895 0.951 0.857 0.994
NLMF sl _pd w20 0.803 0.890 0.946 0.854 0.994
NLMF sl pd4 w30 0.806 0.897 0.953 0.859 0.995
NLMF sl p6 w10 0.808 0.896 0.952 0.858 0.994
NLMF sl p6 w20 0.803 0.890 0.945 0.853 0.994
NLMF sl p6 w30 0.806 0.894 0.953 0.854 0.994
NLMF sl p8 w10 0.798 0.884 0.941 0.847 0.994
NLMF sl p8 w20 0.807 0.895 0.951 0.857 0.994
NLMF sl p8 w30 0.804 0.896 0.946 0.863 0.995
NLMF s2 p2 wi10 0.808 0.900 0.954 0.862 0.995
NLMF s2 p2 w20 0.806 0.894 0.951 0.856 0.994
NLMF s2 p2 w30 0.800 0.886 0.943 0.848 0.994
NLMF s2_p4 w10 0.803 0.888 0.948 0.849 0.994
NLMF s2_pd w20 0.800 0.889 0.944 0.852 0.994
NLMF s2_p4 w30 0.798 0.882 0.940 0.844 0.994
NLMF s2_p6 w10 0.807 0.897 0.953 0.859 0.995
NLMF s2_p6 w20 0.803 0.891 0.945 0.855 0.994
NLMF s2 p6 w30 0.808 0.901 0.956 0.862 0.995
NLMF s2 p8 wi10 0.804 0.892 0.949 0.854 0.994
NLMF s2 p8 w20 0.801 0.888 0.943 0.852 0.994

NLMF s2 p8 w30 0.807 0.897 0.952 0.860 0.995
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Tech Parameter DSC loU Recall Precision  Accuracy
Normal - 0.800 0.885 0.804 0.941 0.846
CLAHE clo.1 _ts2 0.800 0.884 0.940 0.846 0.994
CLAHE clo.1 _tsa 0.801 0.885 0.940 0.848 0.994
CLAHE cl0.1 ts6 0.796 0.878 0.931 0.842 0.994
CLAHE cl0.1 ts8 0.796 0.879 0.932 0.845 0.994
CLAHE cl0.2 ts2 0.801 0.886 0.941 0.850 0.994
CLAHE cl0.2_tsa 0.798 0.881 0.936 0.846 0.994
CLAHE cl0.2_ts6 0.798 0.883 0.933 0.851 0.994
CLAHE cl0.2 ts8 0.799 0.881 0.934 0.847 0.994
CLAHE cl0.3 ts2 0.800 0.886 0.939 0.850 0.994
CLAHE cl0.3 tsa 0.797 0.882 0.935 0.846 0.994
CLAHE cl0.3 ts6 0.801 0.884 0.940 0.847 0.994
CLAHE cl0.3 ts8 0.796 0.877 0.931 0.842 0.994
GC g0.3 0.797 0.879 0.933 0.843 0.994
GC g0.5 0.800 0.885 0.939 0.847 0.994
GC g0.7 0.799 0.883 0.937 0.847 0.994
GC g0.9 0.800 0.885 0.940 0.848 0.994
GC gl.3 0.801 0.885 0.939 0.848 0.994
GC gl.5 0.798 0.883 0.937 0.846 0.994
GC gl.7 0.801 0.885 0.939 0.848 0.994
GC gl.9 0.800 0.886 0.940 0.850 0.994
MWEF k3 0.791 0.871 0.783 0.922 0.838
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Tech Parameter DSC loU Recall Precision  Accuracy
MWEF k5 0.787 0.861 0.768 0.917 0.825
MWEF k7 0.780 0.851 0.751 0.906 0.814
NLMF sl p2 w10 0.794 0.875 0.790 0.928 0.841
NLMF sl p2 w20 0.801 0.886 0.805 0.941 0.849
NLMF sl p2 w30 0.799 0.884 0.803 0.936 0.850
NLMF sl pd4 w10 0.798 0.883 0.802 0.937 0.847
NLMF sl pd w20 0.797 0.881 0.798 0.936 0.844
NLMF sl pd4 w30 0.802 0.886 0.806 0.941 0.848
NLMF sl p6 w10 0.802 0.888 0.809 0.943 0.850
NLMF sl p6 w20 0.800 0.885 0.804 0.939 0.848
NLMF sl p6 w30 0.796 0.876 0.792 0.933 0.839
NLMF sl p8 wi10 0.798 0.882 0.800 0.937 0.846
NLMF sl p8 w20 0.804 0.892 0.815 0.947 0.854
NLMF sl p8 w30 0.800 0.886 0.805 0.941 0.849
NLMF s2 p2 wi10 0.796 0.878 0.794 0.934 0.840
NLMF s2 p2 w20 0.801 0.886 0.806 0.942 0.848
NLMF s2 p2 w30 0.801 0.886 0.805 0.938 0.851
NLMF s2 pd w10 0.801 0.887 0.807 0.939 0.851
NLMF s2_pd w20 0.800 0.884 0.802 0.941 0.845
NLMF s2_p4 w30 0.800 0.883 0.802 0.938 0.846
NLMF s2_p6 w10 0.801 0.887 0.806 0.945 0.846
NLMF s2_p6 w20 0.793 0.873 0.788 0.929 0.837
NLMF s2_p6_ w30 0.801 0.885 0.805 0.940 0.848
NLMF s2 p8 wil0 0.801 0.885 0.805 0.940 0.848
NLMF s2 p8 w20 0.802 0.887 0.807 0.941 0.850

NLMF s2_p8 w30 0.799 0.885 0.804 0.939 0.847
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Tech Parameter DSC loU Recall Precision  Accuracy
Normal - 0.789 0.867 0.919 0.834 0.993
CLAHE cl0.1 ts2 0.789 0.865 0.919 0.830 0.993
CLAHE clo.1 tsd 0.790 0.866 0.922 0.829 0.993
CLAHE cl0.1 ts6 0.787 0.863 0.915 0.830 0.993
CLAHE cl0.1 ts8 0.784 0.859 0.906 0.830 0.993
CLAHE cl0.2_ts2 0.787 0.864 0.917 0.829 0.993
CLAHE cl0.2_tsa 0.789 0.866 0.920 0.830 0.993
CLAHE cl0.2_ts6 0.788 0.865 0.918 0.830 0.993
CLAHE cl0.2_ts8 0.781 0.854 0.908 0.821 0.992
CLAHE cl0.3 ts2 0.788 0.864 0.916 0.832 0.993
CLAHE cl0.3 tsd 0.791 0.870 0.923 0.834 0.993
CLAHE cl0.3 ts6 0.791 0.869 0.921 0.835 0.993
CLAHE cl0.3 ts8 0.788 0.865 0.915 0.834 0.993
GC g0.3 0.787 0.863 0.914 0.830 0.993
GC g0.5 0.787 0.862 0.913 0.829 0.993
GC g0.7 0.793 0.870 0.923 0.835 0.993
GC g0.9 0.791 0.868 0.921 0.833 0.993
GC gl.3 0.790 0.867 0.922 0.832 0.993
GC gl.5 0.791 0.868 0.921 0.833 0.993
GC gl.7 0.788 0.862 0.917 0.827 0.993
GC gl.9 0.788 0.867 0.918 0.833 0.993
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Tech Parameter DSC loU Recall Precision  Accuracy
MWEF k3 0.787 0.865 0.915 0.833 0.993
MWEF k5 0.780 0.854 0.902 0.825 0.992
MWEF k7 0.775 0.842 0.897 0.805 0.992
NLMF sl p2 w10 0.787 0.863 0.917 0.828 0.993
NLMF sl p2 w20 0.792 0.872 0.921 0.839 0.993
NLMF sl p2 w30 0.789 0.865 0.918 0.830 0.993
NLMF sl pd4 w10 0.790 0.869 0.921 0.835 0.993
NLMF sl pd w20 0.791 0.870 0.923 0.835 0.993
NLMF sl _pd4 w30 0.790 0.868 0.920 0.832 0.993
NLMF sl p6 w10 0.789 0.866 0.917 0.833 0.993
NLMF sl p6 w20 0.790 0.865 0.922 0.828 0.993
NLMF sl p6 w30 0.790 0.868 0.919 0.834 0.993
NLMF sl p8 w10 0.789 0.866 0.920 0.829 0.993
NLMF sl p8 w20 0.791 0.868 0.921 0.834 0.993
NLMF sl p8 w30 0.787 0.862 0.919 0.824 0.993
NLMF s2 p2 wi10 0.791 0.869 0.922 0.834 0.993
NLMF s2 p2 w20 0.788 0.865 0.916 0.834 0.993
NLMF s2 p2 w30 0.788 0.866 0.919 0.832 0.993
NLMF s2 pd w10 0.790 0.867 0.920 0.833 0.993
NLMF s2_pd w20 0.789 0.869 0.921 0.833 0.993
NLMF s2_p4 w30 0.790 0.866 0.922 0.830 0.993
NLMF s2_p6 w10 0.789 0.865 0.919 0.830 0.993
NLMF s2_p6 w20 0.785 0.860 0.914 0.826 0.993
NLMF s2_p6_ w30 0.791 0.869 0.921 0.835 0.993
NLMF s2 p8 wi10 0.790 0.867 0.919 0.832 0.993
NLMF s2 p8 w20 0.790 0.867 0.920 0.833 0.993

NLMF s2 p8 w30 0.791 0.869 0.920 0.836 0.993
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AN54 32 hanIRaaNsN1sUsTUUSEANSvalunaninlusleaa1Unenssy UNet++ Tu
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Tech Parameter DSC loU Recall Precision  Accuracy
Normal - 0.810 0.906 0.958 0.869 0.995
CLAHE clo.1 _ts2 0.810 0.903 0.958 0.863 0.995
CLAHE clo.1 _tsa 0.801 0.888 0.943 0.850 0.994
CLAHE cl0.1 ts6 0.808 0.906 0.950 0.875 0.995
CLAHE cl0.1 ts8 0.807 0.898 0.953 0.861 0.995
CLAHE cl0.2 ts2 0.809 0.908 0.955 0.875 0.995
CLAHE cl0.2_tsa 0.806 0.895 0.951 0.857 0.994
CLAHE cl0.2_ts6 0.807 0.899 0.951 0.865 0.995
CLAHE cl0.2 ts8 0.808 0.904 0.951 0.870 0.995
CLAHE cl0.3 ts2 0.807 0.898 0.954 0.860 0.995
CLAHE cl0.3 tsa 0.802 0.890 0.942 0.857 0.994
CLAHE cl0.3 ts6 0.806 0.906 0.948 0.878 0.995
CLAHE cl0.3 ts8 0.808 0.899 0.955 0.860 0.995
GC g0.3 0.800 0.886 0.942 0.849 0.994
GC g0.5 0.806 0.896 0.949 0.861 0.995
GC g0.7 0.803 0.892 0.947 0.856 0.994
GC g0.9 0.798 0.890 0.932 0.861 0.994
GC gl.3 0.796 0.880 0.931 0.847 0.994
GC gl.5 0.806 0.894 0.952 0.856 0.994
GC gl.7 0.797 0.889 0.931 0.862 0.994
GC gl.9 0.799 0.895 0.933 0.869 0.995
MWEF k3 0.806 0.897 0.949 0.860 0.995
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Tech Parameter DSC loU Recall Precision  Accuracy
MWEF k5 0.797 0.879 0.934 0.841 0.994
MWEF k7 0.784 0.860 0.915 0.822 0.993
NLMF sl p2 w10 0.806 0.899 0.952 0.863 0.995
NLMF sl p2 w20 0.804 0.893 0.949 0.856 0.994
NLMF sl p2 w30 0.808 0.902 0.953 0.867 0.995
NLMF sl p8 w20 0.802 0.890 0.945 0.853 0.994
NLMF s2_p2 w20 0.810 0.902 0.956 0.865 0.995
NLMF s2 p6 w30 0.808 0.903 0.953 0.868 0.995

2.2 yatayaii Ny IMTUNIUITZAUN 1

Y

A1974 33 kanINAaNSN15USTUUSEANSvadlumaniniusleda1Unenssy UNet++ Tu

yadayaMinudygiasunusEaun 1

Tech Parameter DSC loU Recall Precision  Accuracy
Normal - 0.803 0.888 0.810 0.943 0.852
CLAHE cl0.1 ts2 0.803 0.891 0.812 0.941 0.855
CLAHE clo.1 tsa 0.804 0.891 0.814 0.944 0.856
CLAHE cl0.1 ts6 0.797 0.879 0.796 0.933 0.843
CLAHE cl0.1 ts8 0.798 0.879 0.796 0.933 0.844
CLAHE cl0.2_ts2 0.797 0.881 0.798 0.934 0.845
CLAHE cl0.2_tsa 0.802 0.888 0.809 0.944 0.850
CLAHE cl0.2_ts6 0.801 0.886 0.806 0.940 0.850
CLAHE cl0.2_ts8 0.798 0.883 0.802 0.937 0.848
CLAHE cl0.3 ts2 0.802 0.890 0.811 0.941 0.855
CLAHE cl0.3 tsa 0.798 0.881 0.799 0.934 0.846

CLAHE cl0.3 ts6 0.804 0.894 0.818 0.943 0.860
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Tech Parameter DSC loU Recall Precision  Accuracy
CLAHE cl0.3 ts8 0.794 0.875 0.789 0.927 0.841
GC g0.3 0.781 0.854 0.761 0.907 0.823
GC g0.5 0.797 0.877 0.793 0.931 0.841
GC g0.7 0.802 0.888 0.808 0.941 0.851
GC 0.9 0.794 0.875 0.789 0.924 0.843
GC gl.3 0.782 0.861 0.768 0.907 0.832
GC gl.5 0.801 0.884 0.803 0.940 0.847
GC gl.7 0.778 0.850 0.754 0.903 0.818
GC gl.9 0.779 0.856 0.762 0.902 0.829
MWEF k3 0.797 0.881 0.798 0.932 0.848
MWEF k5 0.789 0.865 0.774 0.915 0.835
MWEF k7 0.781 0.852 0.753 0.904 0.817
NLMF sl p2 w10 0.796 0.882 0.799 0.932 0.850
NLMF sl p2 w20 0.796 0.879 0.796 0.931 0.844
NLMF sl p2 w30 0.801 0.885 0.804 0.938 0.849
NLMF sl p8 w20 0.796 0.880 0.796 0.932 0.846
NLMF s2 p2 w20 0.802 0.886 0.806 0.939 0.851
NLMF s2 p6 w30 0.803 0.891 0.812 0.941 0.855

2.3 YadoyafiWuHINIUNIUTEAUN 2

Y

AN574 34 LanINaaNSN1sUsTUUSEANSvalunaninlusleaa1Unenssy UNet++ Tu

yadayaiiudyyrusuniuseiun 2

Tech Parameter DSC loU Recall Precision  Accuracy
Normal - 0.792 0.872 0.925 0.837 0.993
CLAHE clo.1 _ts2 0.791 0.871 0.922 0.838 0.993

CLAHE clo.1 tsa 0.792 0.872 0.925 0.836 0.993
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Tech Parameter DSC loU Recall Precision  Accuracy
CLAHE cl0.1 ts6 0.792 0.872 0.925 0.837 0.993
CLAHE cl0.1 ts8 0.783 0.858 0.914 0.822 0.993
CLAHE cl0.2 ts2 0.790 0.869 0.920 0.835 0.993
CLAHE cl0.2 tsa 0.793 0.873 0.923 0.839 0.993
CLAHE cl0.2_ts6 0.792 0.874 0.925 0.840 0.993
CLAHE cl0.2 ts8 0.782 0.856 0.909 0.823 0.993
CLAHE cl0.3 ts2 0.792 0.872 0.924 0.836 0.993
CLAHE cl0.3 tsa 0.789 0.868 0.919 0.835 0.993
CLAHE cl0.3 ts6 0.792 0.873 0.921 0.840 0.993
CLAHE cl0.3 ts8 0.784 0.860 0.910 0.829 0.993
GC g0.3 0.778 0.846 0.897 0.816 0.992
GC g0.5 0.790 0.867 0.919 0.833 0.993
GC g0.7 0.790 0.868 0.921 0.835 0.993
GC 0.9 0.784 0.858 0.906 0.829 0.993
GC gl.3 0.756 0.818 0.870 0.788 0.991
GC gl.5 0.793 0.870 0.922 0.836 0.993
GC gl.7 0.760 0.821 0.874 0.795 0.991
GC gl.9 0.764 0.839 0.877 0.818 0.992
MWF k3 0.789 0.867 0.918 0.834 0.993
MWEF k5 0.781 0.853 0.906 0.819 0.992
MWEF k7 0.775 0.844 0.897 0.810 0.992
NLMF sl p2 w10 0.790 0.869 0.922 0.834 0.993
NLMF sl p2 w20 0.789 0.868 0.917 0.837 0.993
NLMF sl p2 w30 0.793 0.874 0.923 0.841 0.993
NLMF sl p8 w20 0.790 0.870 0.921 0.836 0.993
NLMF s2 p2 w20 0.790 0.868 0.919 0.836 0.993

NLMF s2 _p6 w30 0.791 0.871 0.922 0.838 0.993
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Tech Parameter DSC loU Recall Precision  Accuracy
Normal - 0.811 0.904 0.834 0.961 0.864
CLAHE cl0.1 ts2 0.803 0.889 0.947 0.850 0.994
CLAHE cl0.2 ts8 0.807 0.895 0.952 0.856 0.994
CLAHE cl0.3 ts6 0.803 0.889 0.946 0.851 0.994
GC g0.5 0.809 0.898 0.956 0.858 0.995
GC 0.7 0.803 0.889 0.945 0.852 0.994
GC gl.5 0.805 0.893 0.949 0.854 0.994
MWF k3 0.807 0.896 0.951 0.858 0.995
MWF k5 0.795 0.877 0.934 0.838 0.994
MWF k7 0.782 0.856 0.911 0.818 0.992
NLMF sl p8 w20 0.808 0.900 0.955 0.862 0.995
NLMF s2_p2 w20 0.804 0.893 0.947 0.856 0.994
NLMF s2_p6_ w30 0.805 0.892 0.950 0.852 0.994
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Tech Parameter DSC loU Recall Precision  Accuracy
Normal - 0.798 0.880 0.934 0.845 0.994
CLAHE cl0.1 ts2 0.798 0.880 0.935 0.842 0.994
CLAHE cl0.2 ts8 0.797 0.876 0.931 0.841 0.993
CLAHE cl0.3 ts6 0.802 0.886 0.943 0.847 0.994
GC g0.5 0.798 0.879 0.935 0.841 0.994
GC g0.7 0.796 0.877 0.932 0.840 0.993
GC gl.5 0.802 0.887 0.941 0.850 0.994
MWF k3 0.798 0.881 0.936 0.843 0.994
MWF k5 0.780 0.856 0.909 0.821 0.993
MWF k7 0.778 0.849 0.903 0.812 0.992
NLMF s1 p8 w20 0.802 0.886 0.939 0.850 0.994
NLMF s2 p2 w20 0.802 0.886 0.942 0.849 0.994
NLMF s2_p6 w30 0.797 0.879 0.931 0.845 0.994
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] 3
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Tech Parameter DSC loU Recall Precision  Accuracy
Normal - 0.786 0.862 0.915 0.827 0.993
CLAHE cl0.1 ts2 0.789 0.865 0.918 0.830 0.993
CLAHE cl0.2 ts8 0.785 0.858 0.914 0.822 0.993
CLAHE cl0.3 ts6 0.795 0.873 0.927 0.836 0.993
GC g0.5 0.792 0.868 0.923 0.832 0.993
GC g0.7 0.788 0.863 0.916 0.828 0.993
GC gl.5 0.789 0.864 0.917 0.829 0.993
MWF k3 0.787 0.861 0.913 0.827 0.993
MWF k5 0.778 0.848 0.903 0.812 0.992
MWF k7 0.776 0.843 0.900 0.806 0.992
NLMF s1 p8 w20 0.791 0.866 0.919 0.830 0.993
NLMF s2 p2 w20 0.788 0.865 0.918 0.830 0.993
NLMF s2_p6 w30 0.792 0.869 0.923 0.833 0.993
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AMAKUIN 9 NI
1. TAadmsunisudasindunuana .nii {u .png
BEGIN Main
GET T1, Tlc, T2, FLAIR, and Mask images path for input and output
Initialize T1, Tlc, T2, FLAIR, and Mask images input path variable to list
Initialize T1, Tlc, T2, FLAIR, and Mask images output path variable to list
FOR objects in mask path
GET .nii image files
COMPUTE number of slices from shape of index number 2 of .nii
image files #axial plane
FOR loop in number of slices
COMPUTE data divided by 255 for normalize
COMPUTE convert data normalized to uint8 type
IF add Gaussian noise THEN
COMPUTE gaussian noise in images that get images and
sigma values
Save .png image files
ELSE
Save .png image files
ENDIF
FOREND
FOREND
END Main

BEGIN gaussian noise
Initialize “col” and “row” variable to shape of image
Initialize “gauss” variable to random noise that determines mean
equal to 0, sigma, and number of shapes of column and row
image noised = image plus gauss
Return image noised

END gaussian noise
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2. TAndnuusulgenmnInvaInmaemalln CLAHE
BEGIN Main
GET T1, Tlc, T2, FLAIR, and Mask images path for input and output
Initialize “Cl”7, “Ts”, “psnr_values set”, “ssim values set”,
“mse_values set”, “psnr_avg set”, “ssim avg set”, and “mse_avg set” variable to
empty list
FOR Loop 1 to 11 #Cliplimt in range 0.1 - 1.0
Append divided Loop by 10 to “Cl” list
ENDFOR
FOR Loop 2 to 11 #Tile size in range 2 — 10
Append Loop to “Ts” list
ENDFOR
FOR Order of Cliplimit in “Cl”
DISPLAY number of loop
FOR Order of Tile size in “Ts”
FOR Order of files in MRI image path
Get MRI images and convert RGB image to grayscale image
Resize images
Image enhancements using CLAHE functions that get image
resized, Order of Cliplimit, and Order of Tile size
COMPUST peak signal to noise ratio values that get image
resized and image enhanced
Append peak signal to noise ratio values to
“psnr_values_set”
COMPUST structural similarity index values that get image
resized and image enhanced
Append structural similarity index values to
“ssim_values_set”
COMPUST mean squared error values that get image resized

and image enhanced
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Append mean squared error values to

“mse_values set”
ENDFOR
COMPUST Average of psnr, ssim, and mse values
Append Average of psnr, ssim, and mse values into “psnr_avg set”,
“ssim_avg set”, and “mse_avg set”, respectively.
Clear values in “psnr_avg set”, “ssim avg set”, and “mse_avg set”
ENDFOR
ENDFOR
Save the excel file that get order of cliplimit, order of tilesize, psnr, ssim,
and mse
DISPLAY Finish
END Main

BEGIN CLAHE
Call function createCLAHE in OpenCV get into “clahe”
Apply “clahe” function and image

Return “clahe”

END CLAHE

3. TAndmiudiulgsaunnuasninaematin GC
BEGIN Main
GET T1, Tlc, T2, FLAIR, and Mask images path for input and output
Initialize “Gm 7”7, “psnr_values _set”, “ssim values set”,
“mse_values set”, “psnr_avg set”, “ssim_avg set”, and “mse_avg set” variable to
empty list
FOR Loop 1 to 21 #Gamma in range 0.1 - 1.0
Append divided Loop by 10 to “Gm” list
ENDFOR
FOR Order of Gamma in “Gm”

DISPLAY number of loop
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FOR Order of files in MRI image path
Get MRI images and convert RGB image to grayscale image
Resize images
Image enhancements using GC functions that get image resized
and Order of Gamma
COMPUST peak signal to noise ratio values that get image
resized and image enhanced
Append peak signal to noise ratio values to
“psnr_values set”
COMPUST structural similarity index values that get image
resized and image enhanced
Append structural similarity index values to
“ssim_values set”
COMPUST mean squared error values that get image resized
and image enhanced
Append mean squared error values to “mse_values_set”
ENDFOR
COMPUST Average of psnr, ssim, and mse values
Append Average of psnr, ssim, and mse values into “psnr_avg set”,
“ssim_avg set”, and “mse_avg set”, respectively.
Clear values in “psnr_avg set”, “ssim avg set”, and “mse_avg set”
ENDFOR
Save the excel file that get order of gamma, psnr, ssim, and mse
DISPLAY Finish
END Main

BEGIN GC
gc = image divided by 255.0 to the power of gamma values, then
multiplied by 255.0
Return gc

END GC
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4. TAndmsuuTuUsRmnINYaInAEmAlla NLMF
BEGIN Main
GET T1, Tlc, T2, FLAIR, and Mask images path for input and output
Initialize “Smooth”, “Patchsize”, “Windowsize”, “psnr_values set”,
“ssim_values set”, “mse values set”, “psnr_avg set”, “ssim _avg set”, and
“mse_avg set” variable to empty list
FOR Loop 1 to 6 #Smooth values in range 1 — 10
Append Loop to “Smooth” list
ENDFOR
FOR Loop 1 to 11 #Patch size in range 1 — 10
Append Loop to “Patchsize” list
ENDFOR
FOR Loop 10 to 31 that increase 5 steps #Window size in range 10 — 30
Append Loop to “Windowsize” list
ENDFOR
FOR Order of Smooth in “Smooth”
DISPLAY number of loop
FOR Order of Patch in “Patchsize”
FOR Order of Window in “Windowsize”
FOR Order of files in MRl image path
Get MRl images and convert RGB image to grayscale
image
Resize images
Image enhancements using NLMF functions that get
image resized, Order of Smooth, Order of Patch and Order of Window
COMPUST peak signal to noise ratio values that get
image resized and image enhanced
Append peak signal to noise ratio values to
“psnr_values_set”
COMPUST structural similarity index values that get

image resized and image enhanced
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Append structural similarity index values to
“ssim_values_set”
COMPUST mean squared error values that get image
resized and image enhanced
Append mean squared error values to
“mse_values set”
ENDFOR
COMPUST Average of psnr, ssim, and mse values
Append Average of psnr, ssim, and mse values into
“psnr_avg set”, “ssim_avg set”, and “mse_avg set”, respectively.
Clear values in “psnr_avg set”, “ssim_avg set”, and
“mse_avg set”
ENDFOR
ENDFOR
ENDFOR
Save the excel file that get order of smooth, order of patch, order of
window, psnr, ssim, and mse
DISPLAY Finish
END Main

BEGIN NLMF
Call function fastNIMeansDenoising in OpenCV get into “nlmf”
Return “nlmf”

END NLMF

5. TaadwiuuSuugeannmuasninaemailn MWF
BEGIN Main
GET T1, Tlc, T2, FLAIR, and Mask images path for input and output
Initialize “Kn”, “psnr_values set”, “ssim values set”, “mse values set”,

“psnr_avg set”, “ssim avg set”, and “mse avg set” variable to empty list

FOR Loop 3 to 8 that increase 2 steps #Kernel in range 3 - 7
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Append Loop to “Kn” list
ENDFOR
FOR Order of Kernel in “Kn”
DISPLAY number of loop
FOR Order of files in MRI image path
Get MRI images and convert RGB image to grayscale image
Resize images
Image enhancements using MWF functions that get image
resized and Order of Kernel
COMPUST peak signal to noise ratio values that get image
resized and image enhanced
Append peak signal to noise ratio values to
“psnr_values set”
COMPUST structural similarity index values that get image
resized and image enhanced
Append structural similarity index values to
“ssim_values_set”
COMPUST mean squared error values that get image resized
and image enhanced
Append mean squared error values to “mse_values_set”
ENDFOR
COMPUST Average of psnr, ssim, and mse values
Append Average of psnr, ssim, and mse values into “psnr_avg set”,
“ssim_avg set”, and “mse_avg set”, respectively.
Clear values in “psnr_avg set”, “ssim avg set”, and “mse avg set”
ENDFOR
Save the excel file that get order of kernel, psnr, ssim, and mse
DISPLAY Finish
END Main

BEGIN MWF
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Call function medianBlur in OpenCV get into “MF” that get image and
kernel values
Call function xphoto.createSimpleWB.balanceWhite in OpenCV get into
“WF” that get “MF”
Return WF
END MWF

6. Whadwmsunsuladiauiuana .png 1y .npy
BEGIN Main
GET T1, Tlc, T2, FLAIR, and Mask images path for input and output
FOR objects in number of mask path
GET .png image files
COMPUTE convert RGB image to grayscale image
COMPUTE resize image to 128 x 128
COMPUTE image data divided by 255 for normalize
COMPUTE convert data normalized to float32 type
COMPUTE expand the shape of an array of mask image to 1
dimention
Call function stack in Numpy that get T1, Tlc, T2, and FLAIR images
for stack data, then get data into “fuse_image”
COMPUTE find the unique elements of an array in mask using unique
functions in Numpy library that get data into “val” and “counts”
IF one minus (index number 0 of counts divided by summation of
counts) has more value than 0.01
DISPLAY Save
Save .npy fuse image
Save .npy mask image
ENDIF
ENDFOR
END Main
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7. TadwiunsiindulananisBouiiddniléaandnenssy U-net
BEGIN Train

Initialize “seed” variable to 42 both Numpy and Tenserflow libraries.

Initialize “name_model” variable to U net

Initialize “name_enhance” variable to enhance name

Initialize “name_noise” variable to noise levels

Initialize “batch_size” variable to 16

Initialize “epochs” variable to 100

Initialize “learning rate” variable to 0.001

GET model path, train_img, val img, , train_mask, and val_mask

COMPUTE get the list of train_img, and val_img in the specified directory
and get the data to train_img_list, and val img, respectively.

COMPUTE get the list of train_mask, and val _mask in the specified
directory and get the data to train_mask_list, and val_mask _list, respectively.

GET image from ImagelLoader that input train_img, train_img_list,
train_mask, train_mask list, and batch_size, then get into train_img_data

GET image from ImagelLoader that input val_img, val_img_list, val_mask,
val_mask list, and batch_size, then get into val_img data

epoch step train = number of train_img_list floor divided by batch_size

epoch step validation = number of val_img list floor divided by
batch_size

COMPUTE build_unet

COMPUTE compile the model that determines loss functions is dice loss,
Optimizer is Adam that get the learning rate, and metrics is dice coef.

Call functions “callbacks” for use ModelCheckpoint, Reducel ROnPlateau,
EarlyStopping, and CSVLogger in Tensorflow library

COMPUTE fit of model that input values train_img_data, epoch step train,
epoch, val_img_data, epoch step validation, and callbacks

Save the model

END Train
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BEGIN Imagel.oader
Initialize “num” variable to number of image list
WHILE True
Initialize “batch_start” variable to 0
Initialize “batch _end” equal to batch size
WHILE less batch_start than “num”
limit = minimum of batch_end and “num”
X = load_img that get img_dir, img_Llist(batch_start:limit)
Y = load_img that get mask dir, mask list(batch start:limit)
YIELD X and Y
add batch_start to batch size
add batch end to batch size
ENDWHILE
ENDWHILE
END Imageloder

BEGIN load_img
Initialize “images” variable to empty set
FOR enumerate of index and image name in img_list
IF File extension as npy
image = load image that get img_dir plus image name
Append image into “images”
ENDIF
ENDFOR
images = convert “images” to array
Return “images”

END load_img

BEGIN build_unet

Initialize “inputs” variable to input shape using Input function
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Initialize “e1” and “pl” variables to encoder block that get data
“inputs” and number of filters equal to 16

Initialize “e2” and “p2” variables to encoder block that get data “p1”
and number of filters equal to 32

Initialize “e3” and “p3” variables to encoder block that get data “p2”
and number of filters equal to 64

Initialize “ed” and “p4” variables to encoder _block that get data “p3”
and number of filters equal to 64

Initialize “b1” variable to conv block that get data “p4” and number of
filters equal to 256

Initialize “d1” variable to decoder block that get data “b1”, “ed4”, and
number of filters equal to 128

Initialize “d2” variable to decoder block that get data “d1”, “e3”, and
number of filters equal to 64

Initialize “d3” variable to decoder block that get data “d2”, “e2”, and
number of filters equal to 32

Initialize “d4” variable to decoder block that get data “d3”, “el”, and
number of filters equal to 16

outputs = 2D convolution that get filters equal to 1, kernel size equal to
1, padding is same, activation function is sigmoid, and “d4”

COMPUTE model that get “inputs” and “outputs”

Return model

END build_unet

BEGIN encorder_block

13 »

Initialize “x” variable to conv_block that get data “inputs” and number

of filters

“« ”»

Initialize “p” variable to 2 x 2 Max pooling and get the “x” values to
compute

Return “x” and “p

END encorder_block
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BEGIN decorder_block
Initialize “x” variable to 2D convolution transpose that get data “inputs”,
number of filters, 2 x 2 kernel size, 2 x 2 strides, and padding is same.

“.on

Initialize “x” variable to concatenate between “x” and “skip_connect”

Initialize “x” variable to conv_block that get data “x” and number of
filters

Return “x”

END decorder block

BEGIN conv_block

Initialize “x” variable to 2D convolution that get data “inputs”, number
of filters, 3 x 3 kernel size, and padding is same.

Initialize “x” variable to batch normalization that get data “x”

Initialize “x” variable to RelLU activation that get data “x”

Initialize “x” variable to 2D convolution that get data “x”, number of
filters, 3 x 3 kernel size, and padding is same.

Initialize “x” variable to batch normalization that get data “x”

Initialize “x” variable to Rel U activation that get data “x”

Return “x”

END conv_block

BEGIN dice_coef

Initialize “smooth” variable to 1.0

COMPUTE reference data into 1D using flatten function

COMPUTE prediction data into 1D using flatten function

intersection = computes the sum of elements across dimensions of
reference data and prediction data

Return (2 times intersection plus smooth) divided by (computes the sum
of elements across dimensions of reference data plus computes the sum of

elements across dimensions of prediction data plus smooth)
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END dice coef

BEGIN dice loss
Return 1 minus dice coef

END dice loss

BEGIN Test
Initialize “seed” variable to 42 both Numpy and Tenserflow libraries.
Initialize “name _model” variable to U net
Initialize “name_enhance” variable to enhance name
Initialize “name_noise” variable to noise levels
Initialize “batch size” variable to 16
Initialize “epochs” variable to 100
GET model path, csv path, test img and test_mask
Initialize “my_model” variable to load model from model path
Initialize “Score” variable to empty list
Initialize “counts” variable to 0
FOR i and j in zip that get test img and test_mask
test_img = load test image from index i
test_ mask = load test mask from index j
test image = expand the shape of an array of test img that setting
axis equal to 0
pred = prediction of model using predict function that get test image
and setting index equal to 0
pred = using squeeze function to convert data to 1 dimension
COMPUST create loss, dsc, and loU graph from loss_graph
COMPUST create graph for compare MRI images and mask predicted
from create_graph
add counts to 1
test mask = (more test mask than 0.5) and use flatten to 1

dimension
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pred = (more pred than 0.5) and use flatten to 1 dimension
Initialize “Dice_value” variable to calculate dsc score

Initialize “jac_value” variable to calculate jaccard score
Initialize “recall_value” variable to calculate recall score
Initialize “precision value” variable to calculate precision score
Initialize “accuracy value” variable to calculate accuracy score
IF precision_value not equal to 0

”

Append “Dice value”, “jac_value”, “recall value”,
“precision_value”, and “accuracy value” into “Score” list
ENDIF
ENDFOR
score = list of s(1: ) FOR data in Score list ENDFOR
COMPUTE Average of “Dice value”, “jac_value”, “recall value”,
“precision_value”, and “accuracy value” in score lists

DISPLAY “Dice value”, “jac_value”, “recall value”, “precision value”,

and “accuracy value”

»
)

Save Average of “Dice value”, “jac_value”, “recall _value
“precision_value”, and “accuracy value” to excel file

END Test

BEGIN loss_graph
loss = get the loss history from model
val_loss = get the validation loss history from model
epoch = 1 to number of loss plus 1
DETERMINE plot loss data and label line of graph is green color
DETERMINE plot validation loss data and label line of graph is blue color
DETERMINE graph name and use font size equal to 14
DETERMINE x axis name to Epochs and use font size equal to 14
DETERMINE y axis name to graph name and use font size equal to 14
Save graph

END loss_graph
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BEGIN create graph
Initialize “figsize” variable to 12 x 8
Plot the six graph and title determines consists of t1n Image, tlc Image,
flair Image, t2w Image, reference mask, and prediction mask
Save graph
END create_graph

8. TandwmsunsiindulunanisFeudideaniiléaaninenssu UNet++
BEGIN Train

Initialize “seed” variable to 42 both Numpy and Tenserflow libraries.

Initialize “name_model” variable to UNetplusplus

Initialize “name_enhance” variable to enhance name

Initialize “name_noise” variable to noise levels

Initialize “batch_size” variable to 16

Initialize “epochs” variable to 100

Initialize “learning rate” variable to 0.001

GET model path, train_img, val_img, , train_mask, and val_mask

COMPUTE get the list of train_img, and val_img in the specified directory
and get the data to train_img_list, and val_img, respectively.

COMPUTE get the list of train_mask, and val_mask in the specified
directory and get the data to train_mask_list, and val_mask _list, respectively.

GET image from Imageloader that input train_img, train_img_list,
train_mask, train_mask _list, and batch_size, then get into train_img_data

GET image from ImagelLoader that input val_img, val_img_list, val_mask,
val_mask_list, and batch_size, then get into val_img_data

epoch step train = number of train_img_list floor divided by batch_size

epoch step validation = number of val_img_list floor divided by
batch_size

COMPUTE build_unet_plus_plus

COMPUTE compile the model that determines loss functions is dice loss,

Optimizer is Adam that get the learning rate, and metrics is dice coef.
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Call functions “callbacks” for use ModelCheckpoint, Reducel ROnPlateau,
EarlyStopping, and CSVLogger in Tensorflow library

COMPUTE fit of model that input values train_img data, epoch step train,
epoch, val_img data, epoch step validation, and callbacks

Save the model

END Train

BEGIN Imagel.oader
Initialize “num” variable to number of image list
WHILE True
Initialize “batch_start” variable to 0
Initialize “batch end” equal to batch size
WHILE less batch start than “num”
limit = minimum of batch_end and “num”
X = load_img that get img_dir, img_list(batch_start:limit)
Y = load_img that get mask_dir, mask list(batch_start:limit)
YIELD X and Y
add batch_start to batch size
add batch_end to batch_size
ENDWHILE
ENDWHILE
END Imagel.oder

BEGIN load _img
Initialize “images” variable to empty set
FOR enumerate of index and image name in img_Llist
IF File extension as npy
image = load image that get img_dir plus image name
Append image into “images”
ENDIF
ENDFOR
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images = convert “images” to array
Return “images”

END load_img

BEGIN build _unet plus plus

Initialize “inputs” variable to input shape using Input function

Initialize “x_00” variable to conv_block that get data “inputs” and
number of filters equal to 16

Initialize “p_00” variable to 2 x 2 2D max pooling that get data “x 00”

Initialize “x_10” variable to conv_block that get data “p_00” and number
of filters equal to 32

Initialize “p_10” variable to 2 x 2 2D max pooling that get data “x 10"

Initialize “x_20” variable to conv_block that get data “p 10" and number
of filters equal to 64

Initialize “p_20" variable to 2 x 2 2D max pooling that get data “x 20"

Initialize “x_30” variable to conv_block that get data “p_20” and number
of filters equal to 32

Initialize “p_30” variable to 2 x 2 2D max pooling that get data “x_30”

Initialize “x_40” variable to conv_block that get data “p 30" and number
of filters equal to 256

Initialize “Up_31" variable to 2D convolution transpose that get data
“x_407, number of filters equal to 128, 2 x 2 kernel size, 2 x 2 strides, and padding is
same.

Initialize “x_31” variable to concatenate between “Up 31” and “x 30"

Initialize “x_31” variable to conv_block that get data “x 31" and number
of filters equal to 128

Initialize “Up_21” variable to 2D convolution transpose that get data
“x_30”, number of filters equal to 64, 2 x 2 kernel size, 2 x 2 strides, and padding is
same.

Initialize “x_21” variable to concatenate between “Up 21" and “x 20"
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Initialize “x_21” variable to conv_block that get data “x 21" and number
of filters equal to 64

Initialize “Up_11” variable to 2D convolution transpose that get data
“x 20”7, number of filters equal to 32, 2 x 2 kernel size, 2 x 2 strides, and padding is
same.

Initialize “x_11” variable to concatenate between “Up 11” and “x 10"

Initialize “x_11” variable to conv_block that get data “x_11” and number
of filters equal to 32

Initialize “Up_01” variable to 2D convolution transpose that get data
“x_10”, number of filters equal to 16, 2 x 2 kernel size, 2 x 2 strides, and padding is
same.

Initialize “x _01” variable to concatenate between “Up 01” and “x 00”

Initialize “x_01” variable to conv block that get data “x 01” and number
of filters equal to 32

Initialize “Up_22” variable to 2D convolution transpose that get data
“x_31”, number of filters equal to 64, 2 x 2 kernel size, 2 x 2 strides, and padding is
same.

Initialize “x_22” variable to concatenate between “Up 227, “x 21”, and
“x_20”

Initialize “x_22” variable to conv_block that get data “x 22" and number
of filters equal to 64

Initialize “Up_12” variable to 2D convolution transpose that get data
“x_217, number of filters equal to 32, 2 x 2 kernel size, 2 x 2 strides, and padding is
same.

Initialize “x_12” variable to concatenate between “Up 127, “x 11”7, and
“x_10”

Initialize “x_12” variable to conv_block that get data “x 12" and number
of filters equal to 32

Initialize “Up_02” variable to 2D convolution transpose that get data
“x_ 117, number of filters equal to 16, 2 x 2 kernel size, 2 x 2 strides, and padding is

Same.
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Initialize “x_02” variable to concatenate between “Up 027, “x 01”7, and
“x_00”

Initialize “x_02” variable to conv_block that get data “x 02” and number
of filters equal to 16

Initialize “Up_13” variable to 2D convolution transpose that get data
“x 227, number of filters equal to 32, 2 x 2 kernel size, 2 x 2 strides, and padding is
same.

Initialize “x_13” variable to concatenate between “Up 137, “x 127,
“x 117, and “x_10”

Initialize “x_13” variable to conv_block that get data “x 13” and number
of filters equal to 32

Initialize “Up_03” variable to 2D convolution transpose that get data
“x 12”7, number of filters equal to 16, 2 x 2 kernel size, 2 x 2 strides, and padding is
same.

Initialize “x_03” variable to concatenate between “Up 037, “x 027,
“x 017, and “x_00”

Initialize “x_03” variable to conv_block that get data “x 03” and number
of filters equal to 16

Initialize “Up_04” variable to 2D convolution transpose that get data
“x_13”, number of filters equal to 16, 2 x 2 kernel size, 2 x 2 strides, and padding is
same.

Initialize “x_04” variable to concatenate between “Up 047, “x 037,
“x 027, “x 017, and “x_00”

Initialize “x_04” variable to conv_block that get data “x_04” and number
of filters equal to 16

outputs = 2D convolution that get filters equal to 1, kernel size equal to
1, padding is same, activation function is sigmoid, and “x_04”

COMPUTE model that gets “inputs” and “outputs”

Return model

END build_unet plus_plus
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BEGIN conv_block

Initialize “x” variable to 2D convolution that get data “inputs”, number
of filters, 3 x 3 kernel size, and padding is same.

Initialize “x” variable to batch normalization that get data “x”

Initialize “x” variable to RelLU activation that get data “x”

Initialize “x” variable to 2D convolution that get data “x”, number of
filters, 3 x 3 kernel size, and padding is same.

Initialize “x” variable to batch normalization that get data “x”

Initialize “x” variable to Rel U activation that get data “x”

Return “x

END conv_block

BEGIN dice coef

Initialize “smooth” variable to 1.0

COMPUTE reference data into 1D using flatten function

COMPUTE prediction data into 1D using flatten function

intersection = computes the sum of elements across dimensions of
reference data and prediction data

Return (2 times intersection plus smooth) divided by (computes the sum
of elements across dimensions of reference data plus computes the sum of
elements across dimensions of prediction data plus smooth)

END dice coef

BEGIN dice_loss
Return 1 minus dice coef

END dice_loss

BEGIN Test
Initialize “seed” variable to 42 both Numpy and Tenserflow libraries.
Initialize “name_model” variable to U net

Initialize “name_enhance” variable to enhance name
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Initialize “name_noise” variable to noise levels
Initialize “batch_size” variable to 16
Initialize “epochs” variable to 100
GET model path, csv path, test img and test mask
Initialize “my_model” variable to load model from model path
Initialize “Score” variable to empty list
Initialize “counts” variable to 0
FOR i and j in zip that get test img and test mask
test img = load test image from index i
test mask = load test mask from index j
test image = expand the shape of an array of test img that setting
axis equal to 0
pred = prediction of model using predict function that get test image
and setting index equal to 0
pred = using squeeze function to convert data to 1 dimension
COMPUST create loss, dsc, and loU graph from loss_graph
COMPUST create graph for compare MRI images and mask predicted
from create_graph
add counts to 1
test mask = (more test_mask than 0.5) and use flatten to 1
dimension
pred = (more pred than 0.5) and use flatten to 1 dimension
Initialize “Dice_value” variable to calculate dsc score
Initialize “jac_value” variable to calculate jaccard score
Initialize “recall_value” variable to calculate recall score
Initialize “precision_value” variable to calculate precision score
Initialize “accuracy value” variable to calculate accuracy score
IF precision_value not equal to 0
Append “Dice _value”, “jac_value”, “recall value”,
“precision_value”, and “accuracy value” into “Score” list

ENDIF
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ENDFOR

score = list of s(1: ) FOR data in Score list ENDFOR

COMPUTE Average of “Dice value”, “jac_value”, “recall value”,
“precision_value”, and “accuracy value” in score lists

DISPLAY “Dice value”, “jac_value”, “recall value”, “precision value”,

and “accuracy_value”

» »

Save Average of “Dice value”, “jac_value”, “recall value”,
“precision_value”, and “accuracy value” to excel file

END Test

BEGIN loss_graph
loss = get the loss history from model
val_loss = get the validation loss history from model
epoch = 1 to number of loss plus 1
DETERMINE plot loss data and label line of graph is green color
DETERMINE plot validation loss data and label line of graph is blue color
DETERMINE graph name and use font size equal to 14
DETERMINE x axis name to Epochs and use font size equal to 14
DETERMINE y axis name to graph name and use font size equal to 14
Save graph

END loss_graph

BEGIN create_graph
Initialize “figsize” variable to 12 x 8
Plot the six graph and title determines consists of t1n Image, tlc Image,
flair Image, t2w Image, reference mask, and prediction mask
Save graph
END create_graph



149

9. ThndwiunsiindulananisBeuiidsdnitléaaninenssy Third Conv
BEGIN Train

Initialize “seed” variable to 42 both Numpy and Tenserflow libraries.

Initialize “name_model” variable to My net

Initialize “name_enhance” variable to enhance name

Initialize “name_noise” variable to noise levels

Initialize “batch_size” variable to 16

Initialize “epochs” variable to 100

Initialize “learning rate” variable to 0.001

GET model path, train_img, val img, , train_mask, and val_mask

COMPUTE get the list of train_img, and val_img in the specified directory
and get the data to train_img_list, and val img, respectively.

COMPUTE get the list of train_mask, and val _mask in the specified
directory and get the data to train_mask_list, and val_mask _list, respectively.

GET image from ImagelLoader that input train_img, train_img_list,
train_mask, train_mask _list, and batch_size, then get into train_img_data

GET image from ImagelLoader that input val_img, val_img_list, val_mask,
val_mask list, and batch_size, then get into val_img data

epoch step train = number of train_img_list floor divided by batch_size

epoch step validation = number of val_img list floor divided by
batch_size

COMPUTE build_Mynet

COMPUTE compile the model that determines loss functions is dice loss,
Optimizer is Adam that get the learning rate, and metrics is dice coef.

Call functions “callbacks” for use ModelCheckpoint, Reducel ROnPlateau,
EarlyStopping, and CSVLogger in Tensorflow library

COMPUTE fit of model that input values train_img_data, epoch step train,
epoch, val_img_data, epoch step validation, and callbacks

Save the model

END Train
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BEGIN Imagel.oader
Initialize “num” variable to number of image list
WHILE True
Initialize “batch_start” variable to 0
Initialize “batch _end” equal to batch size
WHILE less batch_start than “num”
limit = minimum of batch_end and “num”
X = load_img that get img_dir, img_Llist(batch_start:limit)
Y = load_img that get mask dir, mask list(batch start:limit)
YIELD X and Y
add batch_start to batch size
add batch end to batch size
ENDWHILE
ENDWHILE
END Imageloder

BEGIN load_img
Initialize “images” variable to empty set
FOR enumerate of index and image name in img_list
IF File extension as npy
image = load image that get img_dir plus image name
Append image into “images”
ENDIF
ENDFOR
images = convert “images” to array
Return “images”

END load_img

BEGIN build_Mynet

Initialize “inputs” variable to input shape using Input function



151

Initialize “e1” and “pl” variables to encoder block that get data
“inputs” and number of filters equal to 16

Initialize “e2” and “p2” variables to encoder block that get data “p1”
and number of filters equal to 32

Initialize “e3” and “p3” variables to encoder block that get data “p2”
and number of filters equal to 64

Initialize “ed” and “p4” variables to encoder _block that get data “p3”
and number of filters equal to 64

Initialize “b1” variable to conv block that get data “p4” and number of
filters equal to 256

Initialize “sk1” variable to connect that get data “el”, “e2”, and number
of filters equal to 16

Initialize “sk2” variable to connect that get data “e2”, “e3”, and number
of filters equal to 32

Initialize “sk3” variable to connect that get data “e3”, “e4”, and number
of filters equal to 64

Initialize “sk4” variable to connect that get data “e4”, “b1”, and number
of filters equal to 128

Initialize “d1” variable to decoder block that get data “b1”, “skd4”, and
number of filters equal to 128

Initialize “d2” variable to decoder block that get data “d1”, “sk3”, and
number of filters equal to 64

Initialize “d3” variable to decoder block that get data “d2”, “sk2”, and
number of filters equal to 32

Initialize “d4” variable to decoder block that get data “d3”, “sk1”, and
number of filters equal to 16

outputs = 2D convolution that get filters equal to 1, kernel size equal to
1, padding is same, activation function is sigmoid, and “d4”

COMPUTE model that gets “inputs” and “outputs”

Return model

END build_Mynet
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BEGIN encorder_block

“« ”»

Initialize “Xx” variable to conv_block that get data “inputs”, number of

filters and 7 x 7 kernel size

3 »

Initialize “y” variable to conv_block that get data “inputs”, number of
filters and 5 x 5 kernel size

Initialize “z” variable to conv_block that get data “inputs”, number of
filters and 3 x 3 kernel size

“o,n “« ”»

Initialize “total” variable to addition parameters “x”, “y”, and “z”
Initialize “p” variable to 2 x 2 Max pooling and get the “total” values to
compute

Return “total” and “p

END encorder block

BEGIN connect

Initialize “x” variable to 2D convolution that gets “inputs”, number of
filters, 3 x 3 kernel size, and padding is same

Initialize “x” variable to batch normalization that get data “x”

Initialize “x” variable to Leaky RelLU activation that get data “x”

Initialize “u” variable to 2D convolution transpose that get data “inputs”,
number of filters, 2 x 2 kernel size, 2 x 2 strides, and padding is same.

Initialize “t” variable to addition parameters “x” and “u”

Return “t”

END connect
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BEGIN decorder block
Initialize “x” variable to 2D convolution transpose that get data “inputs”,
number of filters, 2 x 2 kernel size, 2 x 2 strides, and padding is same
Initialize “x” variable to concatenate between “x” and “skip_connect”
Initialize “x” variable to conv_block that get data “x” and number of
filters

Return “x

END decorder block

BEGIN conv_block

Initialize “x” variable to 2D convolution that get data “inputs”, number
of filters, 3 x 3 kernel size, and padding is same.

Initialize “x” variable to batch normalization that get data “x”

Initialize “x” variable to Leaky RelLU activation that get data “x”

Initialize “x” variable to 2D convolution that get data “x”, number of
filters, 3 x 3 kernel size, and padding is same.

Initialize “x” variable to batch normalization that get data “x”

Initialize “x” variable to Leaky RelLU activation that get data “x”

Return “x”

END conv_block

BEGIN dice coef

Initialize “smooth” variable to 1.0

COMPUTE reference data into 1D using flatten function

COMPUTE prediction data into 1D using flatten function

intersection = computes the sum of elements across dimensions of
reference data and prediction data

Return (2 times intersection plus smooth) divided by (computes the sum
of elements across dimensions of reference data plus computes the sum of
elements across dimensions of prediction data plus smooth)

END dice_coef
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BEGIN dice loss
Return 1 minus dice_coef

END dice_loss

BEGIN Test
Initialize “seed” variable to 42 both Numpy and Tenserflow libraries.
Initialize “name_model” variable to U net
Initialize “name_enhance” variable to enhance name
Initialize “name_noise” variable to noise levels
Initialize “batch_size” variable to 16
Initialize “epochs” variable to 100
GET model path, csv path, test img and test mask
Initialize “my_model” variable to load model from model path
Initialize “Score” variable to empty Llist
Initialize “counts” variable to 0
FOR i and j in zip that get test img and test_mask
test img = load test image from index i
test mask = load test mask from index j
test_image = expand the shape of an array of test img that setting
axis equal to 0
pred = prediction of model using predict function that get test image
and setting index equal to 0
pred = using squeeze function to convert data to 1 dimension
COMPUST create loss, dsc, and loU graph from loss_graph
COMPUST create graph for compare MRI images and mask predicted
from create_graph
add counts to 1
test mask = (more test_mask than 0.5) and use flatten to 1
dimension
pred = (more pred than 0.5) and use flatten to 1 dimension

Initialize “Dice_value” variable to calculate dsc score
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Initialize “jac_value” variable to calculate jaccard score
Initialize “recall value” variable to calculate recall score
Initialize “precision_value” variable to calculate precision score
Initialize “accuracy value” variable to calculate accuracy score
IF precision_value not equal to 0

»

Append “Dice value”, “jac_value”, “recall value”,
“precision_value”, and “accuracy value” into “Score” list
ENDIF
ENDFOR
score = list of s(1: ) FOR data in Score list ENDFOR
COMPUTE Average of “Dice_value”, “jac_value”, “recall value”,
“precision_value”, and “accuracy value” in score lists

DISPLAY “Dice value”, “jac_value”, “recall value”, “precision value”,

and “accuracy_value”

» »

Save Average of “Dice value”, “jac_value”, “recall _value”,
“precision_value”, and “accuracy value” to excel file

END Test

BEGIN loss_graph
loss = get the loss history from model
val_loss = get the validation loss history from model
epoch = 1 to number of loss plus 1
DETERMINE plot loss data and label line of graph is green color
DETERMINE plot validation loss data and label line of graph is blue color
DETERMINE graph name and use font size equal to 14
DETERMINE x axis name to Epochs and use font size equal to 14
DETERMINE y axis name to graph name and use font size equal to 14
Save graph

END loss_graph
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BEGIN create graph
Initialize “figsize” variable to 12 x 8
Plot the six graph and title determines consists of t1n Image, tlc Image,
flair Image, t2w Image, reference mask, and prediction mask
Save graph
END create_graph
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