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Abstract

This research has presents the application of Convolutional Neural Network (CNN)

in order to assist in classifying the severity of abnormalities in cervical cancer colposcopy

images. The goal is to reduce the burden of screening for pathologists and improve the

accuracy of abnormality classification. The MobileNetV2, ResNet50, and VGG16 architectures

were utilized, using 1,500 colposcopy images to create the models. The dataset was divided

into 4 sets using image augmentation techniques. The models were evaluated using metrics

such as Accuracy, Sensitivity, Specificity, Area Under Curve and Confusion Matrix. The

experimental results show that the ResNet50 architecture performs the best on all datasets.

The ResNet50 model constructed from the 1°' dataset achieves the highest result at 62.22%.

Keywords : Cervical Cancer, Colposcopy Images, Convolutional Neural Network, Deep

Learning
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1.1 ANUFIARYRAZNUN
NBL%\T‘UWmJ@QﬂLﬂﬂﬂ%L%ﬂﬁWUNﬂﬂL%uﬁuﬁU 2 yosansinlan (Clifford GM, 2003) Tud 2018

U

fifUaenlasunsitadedunesauinungn 570,000 s18 wazvilviansidedInndi 311,000 518 g

fuwnldudanntuniglud - 2030  fuwlduilasidiefildiunitededuusdanungnni
700,000 918 wagyinlnan3idedInndn 400,000 518 (World Health Organization, 2020) Yayanis
enugUimsaiuzsnutaainnisde Cancer in Thailand (VolVi - X) Tudszmelne Tagld
ToyanzifouuziSeynvuainundsingg Mauszina sewinadl wa. 2507 - 2509 wuedns1gURnisal
YozsUINUAGN (Age Standardized Rate, ASR) wirfu 17.7 sieUssansuauausel gadu
Susiu 3 SesennanuzSsuLasieR uarazEudul (Khuhaprema et al,, 2012) Toyasening
U w.f. 2550 - 2552 wue ASR 16.7 slaUszynsuauaunel 1UUSUAY 2 59983019 U5 uY
(Khuhaprema et al., Cancer in Thailand Vol. VI, 2013) ayaseningt .6, 2553 - 2555 Wuen

ASR 14.4 souszanshauauset) Wususu 2 sesasuanuzisasiuy (Imsamran et al, 2015)

Touaszningl e, 2556 - 2558 WU ASR 11.7 Aauszrnsuaunusel 1Hududu 3 sedaswnann

£%
1

LS aAnuLLasIESIFULaEanA (Imsamran et al,, Cancer in Thailand Vol.IX, 2018) LLassﬁ’aaﬂa

5813190 W.A. 2559 - 2561 WUAN ASR 11.1 slavseannswaunusal Wudusu 5 sesaaunainugtss
v @ o 1 1 =Y | g a < o o . .

wun uzssaldlnguazldnss usssdunasiatifnazuzsslon mua1du (Rojanamatin et al,,

2021)

< I3 N oYy & S aa K =
mmmﬂmqﬂLﬂuiiﬂwmmiaf]a\‘mulﬂLLmLﬂummmaamiLaammax‘iamwﬂaﬂimw
Y Y a af{ o aal . .
mm@maﬂmmﬂmsmmmiﬁmﬂumimLﬂi@h‘saw%‘m (Human papilloma virus: HPV) tagn1s
ATIIARNTBIBLTIUINUAGNIESN¥AIUATEEZISULINTedlsA  (World  Health  Organization,
Comprehensive cervical cancer control: a guide to essential practice, 2nd ed, 2022) &3

A11150ASIZIANURAUNALAAINNSATIIeAalUAlAY
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Ameneiiiaientautueadalidasuniunislugunin (Noise) Favilinwlaidaau danag

TinsAeeismsaenuyedonssiinanurainedeuls muideruidadmihausiuimaluns
IdpeuimestiglunisinaulamessuulasaneUssamiiisuuuudeinuims  (Convolutional
Neural Network: CNN) (Humphrey & Bello, 2012) Qﬂﬁ@umﬁ]Wﬂizuﬂﬂﬁwi’laﬂiza’mLﬁ&lm

[

(Neural Network) lulasstefiaunsadiasmannsvinuedasiiieussavanesuyudle

jd)}

wayszuulasnglszanniieuwuudainuinisdianuisodnasnisueuiureuyed Ex
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1.2 99 UILEIAYDINIUINY
1. etglunmsdanseauaginsgvinmaigaealvalaUiinnuiauniusianinumagn
! I I a a e a a 5 [ [ U

ekl ndienuleunfingl AnuinUndtudnogluseaule

2. Hieaan1szauvesyaaInImImMsnnglunisussiliuanuiinunfvesainaieiilelde
Ui

3. LHIanAMURANAINTDINTITIEUANTUEANURRUNAYRIN A BLLBLER URITLARNDIN

Uy

1.3 9autUnnN1IANLEUIIUY

1. doyanmarefilinaaeudinesiin  \udeyanmeronealualadvssngurtaeiidnsu
nsAnnsesiilsmeIuIagInsal 1wy 417 A sewiadieu dhuneu 2564 fis
Sunen 2565 siiaousTAlaTaNIs £C021/2566 tapslnmdne 4 Uszinndo
1) nmdedadoyfngluuinnnnnungn wwutlamnungndaeiinga (Normal
Saline Solution)
2) awiedodeyinmelurinuunuegn wuudeuiegieiiensauein (Acetic
Acid)
3) ammedadeyiineluuinadinungn wuudeusesnelelefiuudans
(lodine Solution)

4 amenewlleeuiingluuinalinuagn duilawmesddied (Green Filter)



2, msizqﬁzé’ummﬂmﬂﬂamaqLﬁfm?}auﬂ’s U1NNTBUHALAENETTUNNIATUNIATFIU
¥99 The 2001 Bethesda System terminology ﬁﬁmisuisﬁwmL‘f‘:al,?iauﬁ’ﬂ”i 4
50U oA Normal, Low Grade Lesion (LGL), High Grade Lesion (HGL) tag Cancer
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Tuunilagnandmgunldlunsiauszuunisldrouiunesdislunsinuunseaues
uzSanuagnieszuulastelssanniensuudeiawnis - dielianunsowdanensediuves

mmmﬂﬂmaﬂmawaqm

2.1 aealualay (Colposcopy)
roalUalay unsesiadeyinnelutiunuinuegn fesraen Uintesnasn uazniig
RUNAIEATEINRDIVLIY LiBN1TAUMTBLlSA (Pierce JG Jr, Bright S, 2013) ®1aiin1sn1usevlas

v - A a aa A v Y] I3 A oA ) a & A
AYUILUANIG LNDNTIAUIAINRAUNANLNGIVDINUNLLII KIBLNBATIFTULUAINUUNAVDILUBLEYD

v v '
% A

ATULLaNaEsL BN TITAY (Targeting

Y

Ui #AnN13M019989 AR Al N5
biopsies) ANUTLAATANRAUNATULI IR (AUdaR-WIAY, 2022) %aﬂawuamﬂﬂaﬁuaatﬁalﬁau
AudunnsilgasUinsingniasgfnunfuddslaldizife (Squamous intraepithelial lesions: SIL
%39 Cervical of intraepithelial neoplasia: CIN) (iﬂﬁﬁyasj, Flowdu; isazﬁaumﬁdﬂﬁﬂmgﬂ (CIN:

Cervical of intraepithelial neoplasia), 2021)

1 1 @
2.2 ﬁ'ZG’IU‘Ua\‘lﬂ'I'JSﬂau&lZLﬁ'\‘lﬂ"lﬂ&lﬂgﬂ

' < a ~ I3 a a a o 9 1 & = v W
AmefeuNzisInuagn Aelsa/nnsiiasuinungniasaraunawndaliliuzse Jadnds
WigReunAwuulluEegsollesuuwaegl  wadwadaunsatauluduuzsainungnle
(lﬂiﬁgaﬂ, Flowdu: Szwﬁaumﬁﬂmﬂmﬂgﬂ (CIN: Cervical of intraepithelial neoplasia), 2021)
nmsaluvedsannwadinndelisa HPV aunanaiduusiSaiuagldnailaenie Ussanu 10-15
Ulnswadsuwsniiiaunfvzduaainegluty basal epithelium A nuuANMURAUNAINEITY
AnuRnUnAvegasegluseAuvisluauvostuibioyiiaEenit Mild  dysplasia, Low-grade
Squamous Intraepithelial Lesion (LSIL) 38 CIN 1 aaRauUnfivessadneglusauaasluay
ﬁuaﬁu@auﬁaﬁaﬂ'jﬂ Moderate dysplasia %39 High-grade Squamous Intraepithelial Lesion

(HSIL) aruRaUnAveseadegluszruiuassluauvestulgoyrienit Severe dysplasia 1138



High-grade Squamous Intraepithelial Lesion (HSIL) iawwaafiiaunfiasgyauiuduloyiong,

9¢iiNIqnaIuRIuTy basement membrane W1gtu stroma wesUINuAgN BENINSY Yise

Carcinoma  (iSlansziasey, 2015) n1sisenAnuinUnfvesaslutuloyinivaiessuy fwagy

Tunnseit 2.1

M19197 2.1 MIUTEULNBUNITUUITEAUAMURAUNAVDUYBATDYRT NIUNYARINGT WAZNIY

WYITINYINIUTLUUAINE

AU | ANWMIVDY Bethesda WHO Colposcopy Cervical
LUaa Classification | Terminology | Impression | Intraepithelial
2001 (Cytology) | (Cytology) Neoplasia
(Cytology) (Histology)
1.1. | wadumnd19an | Atypical Normal
waaun@lutne | squamous cells
WATEAUNT of
douanmiuds | undetermined
13J‘§“LJLLN significance
(ASC-US)

1.2. | &g Atypical Low grade
WasLuave squamous cells lesion (LGL)

\waaumagll cannot exclude
d1313038YANY | high-grade
JuLseladalay | squamous
intraepithelial
lesion (ASC-H)

2. | AanuinUnf low-grade Mild Low grade CIN 1
maﬂL%aéﬁangiu squamous dysplasia lesion (LGL)
sedunilsluany | intraepithelial
ﬁuaq%y’ul,?iaqﬁ'g lesion (LSIL)




4 basement
membrane 191
gjéfj’u stroma

Y03UNUAYN

AU | ANWMSUaY Bethesda WHO Colposcopy Cervical
Lwaa Classification | Terminology | Impression | Intraepithelial
2001 (Cytology) | (Cytology) Neoplasia
(Cytology) (Histology)

3.1. | InuRaung high-grade Moderate High grade CIN 2
Guamiaéﬁagﬂu squamous dysplasia lesion (HGL)
syavaesluany | intraepithelial
maa%u@iaqﬂa lesion (HSIL)

3.2. | AmnuRaung high-grade Severe Hich grade CIN 3
%adL%aéﬁaEﬂu sgquamous dysplasia lesion (HGL)
sgavdodlualy | intraepithelial
maﬂ%uL?Jaqﬂa lesion (HSIL)

4. | dAnunaUnf high-grade Carcinoma in | High grade cls
%aﬂ%ﬁﬁﬁaq‘lu squamous situ lesion (HGL)
Suatudouiia | intraepithelial

lesion (HSIL)

5. | fauiaUnd Cancer Carcinoma Cancer Cancer
SRR
WWoyfudayil
N1SANANNNIY

2.3 szuulasevneussanmiion (Artificial Neural Network: ANN)

sruUlAsINeUsEAMIBY  ABNISHAILIABURILADS AL TALEEULUUNTZUIUNISAAUD

wywd FaagildnwaradeiuszuulasadigUszaimnvesanas (Neurons) wandsagui 2.1 Sendn

szuulasagUszamidiey (BISHOP, 1995) sukuuvesszuulasadglszaviiieutdunuguag




Usznaumeiwaauszam (Neuron) Wgs 1 waa Suninaantnenssumwesiwunseu (Perceptron
Architecture) (Miller, Sutton, & Werbos, 1990) Imaﬁsﬁa;ﬁaﬁﬂL%’ﬁ%gﬂdqshulﬂimiwssmw
thidh  (Dendrites)  IileiihgwaduszamifioUszananauazdseendeyasensnynaunulszam
(Axon) TnemsuUszananatylduasiuvomanm (Sum of Product) westeyanduazatuin
(Weight) idrugauszanuuszanm (Synapse) AildannnssuaunsSeudlunisussinana Tagayldly
msanddeyadurfieglugiuuuiisituiiousumisimiinlunisdienenlugilasseeyssam

'
=

U

Dendrites

Cell body

Synapse

g‘uﬁ 2.1 lasedresruuyszamluniedainen (Lee, et al,, 2017)

IRgrannN1TYINUTesTsUUlAS N UsTaiiBLagdl 3 dumeduiinign (Input Layer), tugeu

£%
[

(Hidden Layer) wag Fudsoan (Output Layer) a9y

1) ududn  (nput  Layer)  fediusuinveyavsegunmiimileuiunis

U

[y

woswiuresywd tudeyatdledonhdoyafilnudnvusvostoyafiaulaidn
Tuluszuu wudeyanmeanepealvalay

2) dugou (Hidden Layer) Aediunisussananaidudue fauiloutunis

sa a !

aualeesyedNisenssuulaseUssamiiiey  ielmfnnisiseuiuas

nshuunUssinnvesdeyaindn  Iaglutudeuvessruulassguszanniiey

" v
(% [J a

a o a i @V v o= a o g 1 1
AIUIUATULALTIWILA Node Al FINISNTIWILTULAE Node avdinane
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mﬁﬁwmmmﬁaLLUUELuﬁmmiai"]LLuﬂQmé’ﬂwmzmﬂ%’agaﬁﬁﬂLﬂij"mmm%guﬁ’n%’w

Tnglutudeunsdilaifunsedu (Activation Function) Tunsuszananadaindy
foyamindmuaiofnsandudnior Suoymindrargnadlumunmanasy
yamannl (Sum of Product) vasteyathiduazaniinin (Weight) uansaauns

1
n
i=0 xijWij (1)

Xij o %aiﬂaij%%’]ﬁ [loefii = 1,2, ..., n U8 Node maa%’mﬁ'auﬁjims
Aj=12,..,n

W;; fie mﬂfmﬁfﬂmﬂsﬁau”aﬁ%%ﬁ (oo i = 1,2, ..., n U Node vos
fuseudt j weit j = 1,2, ..., 1

lngil N = §7131 Node Faetioyatiiin

iiolaAmaTINYOIHAR YDy UNT I avgnaslugaflaidunsys

Y 9

(Activation function/ Transfer function) wiausurflasiagslUgtudsonn e

=

Jusunuves Node Fsiinanguszian wiu Siemoid, Tanh, Rel U, Softmax 1du

A FawsazUssinnagian vagnsldnunuansiueenly wanedsgui 2.2
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Perceptron Sigmoid Tanh

O(z) tanh(z)

i\l ]

RelLU

J—

;
-0

( 0
Leaky ReLU
0.1z1f z < (

6

max(0, z)

0
Softplus

log(L 4 &%)

Ul 2.2 dpgreilsitiunssdu (Activation function) Malutldluszuulassdiieuszamiien
(Johnson, et al., 2020)

Tnglunuddeiiazld Softmax Function tJuilaidunseiu Mdusaiden

EJaﬂﬁaﬂumiaﬁﬂLLuﬂwaé’Wﬁ‘ﬁmmd'} 1 Uszn (Multiclass  Classification)
(Google Machine Learning Education, 2022) LAEATAHILAN AR LES T A
avgndesielulVludrududienn (SHARMA, 2017)

3) Fudioon (Output Layer) fediunansnaans (Label) n1sinnunuszan
vestoyafiind1  Wuwmnannislitutouniessiauldnadnsiiviiunean
AndnwarTosdayaiindl aunsadsuifleutudieentudiu Axon lussuu

USramn9yIng

TR8TiN5US s U ULLIANSE IS8 UUUSEaMNIITINenUsEUUlASI1eUssamiew

wanaRagui 2.3
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Synapses

A1
Body of neuron

(signal integration)

A2 o—n

Y3 e

L T ) Activation

. function
Input from Dendrites Qutput axon

other neurons

5UN 2.3 udasmsideuiisununfnszndneszuuyszavmedndnenussuulassdneuseam

ey (Lee, et al., 2017)

szuulasadiglszamiiisniinisiseused 2 Yssiavme n1siseusiuvilaeu (Supervised

[

Learning) kavn1si3ausiuulififaeu (Unsupervised Learning) fisil

1. msBsusuuuiifaey (Supervised Leaming) Wunisiseusdeyaandeyandiniidneu
aguan  eluszuulasshgyssamiiignlminn sUuakuuIineInNIsseusINYe

v Y

Joyarnd1 wewmuuululdnuiudeyanidnuasuanaanisuuuneseus Aasi

Y

nstdrugruandmkuulunisviwegamey - mnAmeuligniesssuulaseieUseam
= < o v o - v v - =
Wigunaginisusumiuuivelvlamnugneasfiaay
= 1% Y B . & = vy v o v av 1a
2. maSeuduuulififaeu (Unsupervised Learning) Wunisiseuidesanteyatndnlall
ANBUYBIUBYALY dialviszuulasagusgaminigarinisiseus LU asue

Inssaseigousgludeya ieutaendoyasendunguanudnvarindeadaiu

2.4 Softmax Function
Softmax Function #a feiduminnisiasuevestoyanlasuiinainiiuiuess lidnae
I 1 A [ ¢ 1 1 I Ao I v . [
JuAuin au visewiniugud ierautaziduninasiuwinu 1 1ae Softmax Function 914
NuldatunMsdunUssinnvesdeayanuinndl 1 Usenn (Multiclass Classification) aedisuuuy

MR IELNST 2 (Banerjee, et al., 2020)
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K z

Z; fio Amasimvewanmi [ e I = 1,2, ...,
N = 91U Node vastayatid

Z; e Amaswvowagud j leen j = 1,2, ..., K
] 5

K = dmunudssianvestoyalutudosn

2.5 Rectified Linear Unit Function (ReLU)

' ' '
v a o 1A

Rectified Linear Unit Function fie fleituiliniswasurwastoyanlasulmdud

oA W '3 = a 1 Ay v & | aa [y v 5 v & ¢ =
wnnwizeiniugud lnediwwidnimnnantasudurndaauazgnuiudiihvdniduegud o
wUainaglifinsaernluds Node amly @9 Rectified Linear Unit Function @misavietesiunis
\Andeym Vanishing Gradients laf lnefiguhuun1siuinmsaunisi 3 (g Zhang, Chichun,

Junding, & Chaosheng, 2018)

max (0, x) (3)

X fn Avestoyaininnlasuain Node neunti

=

2.6 N15L38USLT9EN (Deep Learning)

Y

NSSEUIBEN AsldnumeadeiuTzuulasIgUsEaLiigy 3an15i58uslBeEnatinse
A3199IUUUINNSEIUVRIYATRLA TN AN UIINNITUTEUIANAVBITUYRITLUY

1A59918USE@MAEUNTTUSDUNINAI 2 FU AR UUNENUINTUIRAANITIATIENTDUA

Y

ageadualuMITUNAMENYAE  laesEuUNSSEUSIENaNsaSEUT AN NYMY VRN

v A ] o 1% v o w A 1o & Y oA o & ! = v o W
ﬂ@%fﬂ@‘ﬂﬁﬂma@@NaaWﬂ@L@@ﬂqﬂ%@%aquﬂq I@EJ‘V]VLZJR]’]L‘Uu@@ﬂﬂiﬂ?qmgwuﬁqlmau GIVDUAUILUN

EX Y

szgnilulglunisnsaduguiuy (Pattem) visedwundaya (Classify)

Y Y
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2.7 szuulaserneussamisutuudeInuInis (Convolutional Neural

Network: CNN)
syuulasstneuszamiisnnuudeinuinis (Humphrey & Bello, 2012) 1Juisnnsinass

NIUOIILYINY BETIaNTuENUEzAMENYY  (Features) vavingiinondiu wu & gUsis

Y
dnway  NIRUTUAM  wazihAadnuusnaaainUsEnauiuiesyuauaudRvesdinegnely

¢

sunmiiulunisiSeusifieasisaiuy Wy amaeaealialaviieduunanuiinunivessadidey
Avhegluszaule  FatuvesszuulassigUszamiguuuudinuinisiianuaidunednuseuy

TAsagUsEaMiien Usenaumeduiingl, TUtou wastuaioon (WS 1LaauNaIl, 2022) Wb

PFaUITUTLNOUMBTUTLADUDNA18TY TITANULANAI9INTEUULASITIOUSE AL WARIAY

o

N 2.4

© = //%

c Z 1...!{'5'2-f = — =

3 Z 2 — S S e

< — Sl =533 {%”;; Label 2

o8 - RS E TS SSso e

— X ] | @ E—SSK =SS0 SESPSEIL

CR= Lt ST S N SIR —— Label 3
=l = R S =7 SASs—

.Ef = I:' " i =S SN RN

E 5 cnf = “':"A““‘\\\ ,,/‘-ﬁ,:_‘;_‘}‘\-& Label4
£ Q Data _‘-"‘ 7 ““

E =z /“‘\\v/f/ = Label 5

' Input Layer ' Hidden Layer . Output Layer '

Label 1

Label 2

5 4‘-— v‘!v':v SAIEAE ‘\'!tf
P N T AN OTA AN T AN
X CAIEXS RCEIKS IR
RN @l DAXS N TAUCN g NS
SRR O SLHR SR OISR
Oy IS RN

V2N V20N

IS s

ETA \;;;
= 4’ \§; 7 N LA
\@ o\ gl gl >

Label 3

Label 4

Network (CNN)

Label 5

Convolutional Neural

AR 2
AR
' o\

JUT 2.4 Wisuiisuauuanasvasszuulassigyssamiion uazssuulaseineyszam

WIBULUUFINUINISNUTENBUAEVULLYI, FULDU LazTudIaan

F9550UIAT9U18UTTAMBULUUAIAUINITWUUT AzTimsiiudududn 2 d@udnun
lutudeu AetundsenAnanume (Feature Extraction Layer) uaztuiiuwun (Classification

Layer) uanssiagud 2.5
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Feature Extraction Layer ' Classification Layer '

1

!

‘\\'l“ Label 1

‘ \T l'l‘."
i

Label 2

i

Convolution Convolution Label 3
Layer1 Layer 2 4
a3 ;:';."}\l Label 4
: /I
4;1:&\\“\\ l; Label 5
\ |
/4
Pooling Pooling Fully Connected Softmax Output
Layer1l Layer 2
Input Layer Hidden Layer Output
Layer

5UN 2.5 szuulasetigyszannineauwuudeinuinisiuuniy isenaudietuudaien

AMANEAL IIUIY 2 YU, BUTIMUN WY 2 P wazHeivunsedu Softmax

(%
o

1. FuulnenAaanuay (Feature Extraction Layer) Usgnaunae
1.1, duneulagiu  (Convolution Layer) \Huduiifiniiriiartniengndnuased
drAnuesgunin Indldnmsauidunsniadinmanslagnisamuiiniaa (Pixel)
fiSoninmsgaiunind (Dot Matrix) - Meglndiesfudumsfimesild
3ous Bunivilawes (Filter) vsoimosiua (Kemel) Mdsuiulunndrunes
AN meéﬁ’agﬂ‘ﬁ' 2.6 (Lee, et al,, 2017) %ﬂu%uﬂauhq%’ummaaﬁwﬁaﬁ%’u
ﬂizéjumﬂ%’qml,‘ﬁaﬂ%’u‘iﬁﬁﬂizﬁw%quﬁuﬁ (Ren, Yang, Zhang, & Guo,

2019)



3
U

U

=1
N

16

Input image

Convolution
kemel

Qutput pixel

5UTl 2.6 F8nsvinaeulagdu (Lee, et al, 2017)

v '
v Ao 1

1.2. —Funss (Pooling Layer) LHuduiisuarmindunsulagtuuuazyiinisan

o Y A ] aa ) a o W Y ) v
uInveIteyalid sl sleyanfinaudnuaeNdAguwinny Tneiluasly
W/nsiaentayanInian (Max Pooling) (AinfusIng, 2020) uenaNUugdl
aa = 1% a > A v v eal ]
I8N13LBNTBIAKUULRERY (Average Pooling) Maglinadnsnuanaisesnly
waneiaguin . 2.7 Iegnsidendeyasziunnusaztiwesunsndiiieidu

fFunulunisasradussnduuiadniiadsluddudald

20 30
112 37
12120{30( 0 —
8 [12] 2
Egi 37| 4 2o poating
1121100} 25 | 12 i8] &
79| 20

2.7 Bnsidendeyauiniign uazdsnisiaendayauuuiade (Lee, et al, 2017)
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2. Fusuun (Classification Layer) ﬁ]%ﬁﬂ’liLﬁM%ﬂL%@ﬂﬂENLLUUE{QJUUSQJ (Fully Connected)
Hutuiideslossminnadnuusfiiunstssnanatudeyadeoen  Tasaziunis
ﬁw%‘;ﬂu%’jwmqLLaﬂ@mé’mmzam%maﬁ’mwuamgm’iunﬂ Node (Ren, Yang, Zhang,
& Guo, 2019) ﬁauﬁ%&iﬂﬁiﬂ‘dﬁdﬁﬂﬁﬁuﬂizﬁu (Activation function/ Transfer

function) WadnuunUsENIRINWILTUEIDBNMAB LY

A v

2.8 UIYNNYIVD9

awv A a 1%

Tuungaeilagnanfiundfeiingitesiunsuundsaanvesgunimiie seuulasang

1
=

Ussanmifnnuudainunns iledhesdanufinlsegndldiuaAde  SadivhdesnAdeniala
wame 6 Ty T Multi-Feature Fusion with Convolutional Neural Network for Ship
Classification in Optical Images, MSCl: A multistate dataset for colposcopy image
classification of cervical cancer screening, Deep learning based cervical screening by the
cross-modal integration of colposcopy, cytology, and HPV test, Classification of Cervical
Intraepithelial Neoplasia (CIN) using fine-tuned Convolutional Neural Networks, MobileNetV2
Ensemble for Cervical Precancerous Lesions Classification gy MDFI: Muti-CNN Decision

Feature Integration for Diagnosis of Cervical Precancerous Lesions

2.8.1 Multi-Feature Fusion with Convolutional Neural Network for Ship
Classification in Optical Images

Ren Az ihiaueinAtamsduunamieteade 6 Ussianainyndeyad
vt Lazyndayaas TN Visible And Infrared Spectrums (VAIS) fifitiaduneuen
sunudididunsiessuulaseneyssamidonuuudsinunms  uagihnsuiulge
sruulassetsyammifsnuuudeimnnislaenmafudududeulsifienuazidoaluns
Boudlassadedugald anuinisatnaadnuaslagléds Histogram of Oriented
Gradients (HOG) uag local binary patterns (LBP) wagduwunsieflsidunsedu Softmax
Tngdsmsiiinauadidanuusiug i 97.50% lugndeyafidnviu way 93.60% lugn

Yaua VAIS

Y
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agdlsfinnn  gadeya  VAIS  ladivesindidiaunsausulgsusesdnsam
didnlunstwunvesiwuulunddeillalegldundadayaduiiuby

2.8.2 MSCI: A multistate dataset for colposcopy image classification of
cervical cancer screening

Yu uazane dnauawedalunisdiuunnainaieaealialalainyadeuaansisae

A Multistate dataset for Colposcopy Image (MSIC) fifisnunuseduvesnisdanses 4

[y

£AU NYATELANINIETIUIY 4753 1N ITENBUMIBAINA1Y 3 SULUUAD N1waY

o

néousnegmensaledin, Memeiiuiiamesadeiiuiiedns  uaznmdnendey
medrwnelelafuuians Tnesnliunismessuulasiiiglssamifisuuuudsinuinisi
&immﬂ%‘dqﬁ’aﬁﬁ% a gated recurrent convolutional neural network (C-GCNN) 1ng
ad A o a0 1 o A ! d‘ ! o a
FBshidnaueliatmuwiugi 96.87% Aimwlanl 95.68% uAzA1AINT NI
98.72%
suuiilalunuideiivssansnmaininisnsainnuanvayaeiiouasnis

BSouddnuuuauiy  winstuunsunmldldindeyadiudvesiUisunysenaunis

UNSZAUNDNRTHAMUEIRY I UAITHAILIUTEAVE N NYIRILUY

2.8.3 Deep learning based cervical screening by the cross-modal integration
of colposcopy, cytology, and HPV test

Fu uazaniy Yiauemeadalumssuunamaisasalualauanyadeyaningdiinu
M3fanTesuzi3aiInuAgn S1uau 2160 118 GenmdneainnsAnnseasdl 3 sULUUAe
ameheildiindedade,  AmefideuiegadiensaueTin  waznenedidey
fhagnafelelefuiigns ngdidunisieszuulasensyssamifisuuudeiauinisi
¥aninenssy VGG-16 vessuamusasysuian wazldfuuuiiaidlas Multivariable
Logistic Regression (MLR) Liiesamguniwiis 3 susuuidhdefunastiadiafauuy
Saufiuna Cytology test waz HPV test vilsiléien AUC 71 0.921

é‘hLLUUﬁlG’ﬂ,umuﬁ%’aﬁﬂizﬁmﬁqumd’]dauﬁﬁawazwumawﬁwé’wﬁ’u 6l

é’qmmmﬁwméﬁLLUULﬁmLﬁaﬂﬁmﬂmiLﬁw&’wmugUmMuizé’fwhqG]mﬂam‘ﬂiﬁlu e

windgansiinlayymanuiewdswesleys JedarasiaUszaninmuesinuy
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2.8.4 Classification of Cervical Intraepithelial Neoplasia (CIN) using fine-
tuned Convolutional Neural Networks

Aina uazaniy Yiausmadalunisduunnmaieasalualeuannyadoyaangi
HIUNISAANTDINESIUINUAGN F190 909 ATMAINVaEuraY JeyaudazUspinndl
Iuuldviiy iliAsdymenuliauna  (mbalance) F9l4IEnIsHENLazILALFY
"ﬁa‘yja (Splitting and Augmentation) Tauluisnslainaiia 1 Cycle Policy for Optimal
Learning Rates Selection Lag Discriminative Fine-Tuning Tunsusulaen Learning
Rates 7iAfign uazdsld35 Mixed Precision Training tileuinannuislunsiFeusliiiu

anniUnenssy DenseNet YibibaANANULLUENTN 96.3% ATAIIUIWNILT 98.86% wazAn

allafi 94.97%

2.8.5 MobileNetV2 Ensemble for Cervical Precancerous Lesions Classification

Buiu tarpne dnavemalalunisdwunamaeeealialavannyateya IEEE
Dataport cervigram image dataset 37U 3339 AW fiunmnsiuaunisdanses 477
%y yilsunmdaundnenisiu  Seihnudafudeyalaomatiacag el
sunmiirnnusnsnaii Tassudunsassuuulunsiuuniagld MobileNetv2 Lite
Wiguiguuszangamiu annlnenssu DenseNet, ResNetl8, ResNeXt-101 uaw
VGG19 sannilnenssu MobileNetv2 Humsld Ensemble fine-tuned fannugnéios

7 83.33%

2.8.6 MDFI: Muti-CNN Decision Feature Integration for Diagnosis of Cervical
Precancerous Lesions

Lup wasamz thiausaialunisiuunnmdenealualavangyadeyaangi
uMIARnseNzSsnungnanlsmenuailiaunile  Tnefdiusuguamindy
NAUIN 3920 M wazduguamAdunaay 4337 i wazshmsdadensunmiile
thandusunuresmsdnnses Sundesunmiidunauin 156 a1 wazgunmiiduna
au 444w Teedudumsmeszuulassineyszamifienuuudsinunnmsild
an1ilmenssu DenseNet121 uaz ResNet50 vilwldrnamugneosdl 0.681 wag 0.604

ANUAIAU
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[y

HosanAnnugniesdimaeudiedes Wunaanyadeyaiifiegesaditn vind

Y

' 1
a

nswiufndeyammaliacge agvihlimuuuiuseansnmigey

Y
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35N15AUUIUINY

Tuunilaznanieszleuidide Jadutussulunsufifnuimunresdded Taenis
IuunszRuANURaUNAvesiadayRaarlin sTwungIuLInIgIuYes  The 2001 Bethesda
System Terminology fiflmssvysvivveiiaigayiall 4 szau laund Normal, Low-grade

Squamous Intraepithelial Lesion (LSIL), High-grade Squamous Intraepithelial Lesion (HSIL)

a

way Squamous Cell Carcinoma (Cancer) MNUN1T8TURANNEBUNNE LA TRTEAUAMURAUAR

YodtleitayrnlugULuLYaY Colposcopy Impression mnusesunsil Normal, Low Grade Lesion
(LGL), High Grade Lesion (HGL) ugiz Cancer astiunsaiun1sivedsusznoulumetunausig

Aaudsglleuisive | MITusIudeyasuam  nsieseudeyagunIn - uazTumauNSasIRILUY

IuuNFEAUANNRAUNAYRILBBUNI AL DL

a o

3.1 sz08ulsIve

[
v

TUNBUNISANY N B NTNASSY ka¥N1TUTHEURA LA AUNTANTUNY LARIAI

gﬂﬁ 3.1
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JEAUANARUNRATDL LB B URD
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3.1.2 nsvunutoyagiieniuniseunalag

NES NN

!

3.1.3 MawiudeyaniavAnninslaya

}

3.1.4 nadedfiud N TeyaM eI svesn W/ Wan

UM/ WuAUTLYR I/ Usudiduunaei

|

3.1.5 naaeensdkunsERuALRaUNfve ulaibay

s

B AUABnnsSuinInssuulastigysyamiiey

|

3.1.6 naapsuAmIs wasitdlunisasnadwuulu

a

nsIsLNsERUAUERUNRvalaga U

-

3.1.7 YszldluNan1snaanIn1saIuunNsEAUAIY

=

RaUnfuaaiiaLEauia
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3.1.8 AAsevikazaTUNan1snnaes

e
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aa a 1%

3.1.1  Anwmgufiinedauarisnisduunseiuaduiiaunfivaailaigayia
=2 aa A o 1% a @ ¢ Y o o
Anwmgulineitesdsznaume  F5n1sUTulTInmLasn1sAsAa Ny Id1ATY
vaanmaegeuRineluusuiinuegn  Fnsusadndeya  enisafreiiiuulung

uunsEAuANURaUNAvalalliauil kagdsn1sussidiulsyansninuesiauuy

3.1.2  nsswsdeyadUleniuniserunalagneisunng
IwnudeyanimaedeyiingluuinulinungnuazsgasidganseuRalag
W BUNNGV0INgURI0g 1K UIUTLNTY EV Insite: DICOM Viewer Software version

3.13.3.0

3.1.3  msnsvudayauasdansasdoya
o v ' A a a D= i ~
Annsastayanmieeyiineluuinatnungnivivdedeyannaeiiios 1 U
[ = v ! v I =~ Y ¥ = 2/ Y
uwaziduzunmnInTalssinnifiediunen1sdnnses 1 ase ieldluyadeyasouivosi

44' I a = ya a a
wuuialildiadavinisiseusiiiunes

314 vieasuiuswIudayadieTBn1swangunw/ Winaaduvasd/ venenw/
Usudiduan

dndnnudeyanmareiBeyfameluuinanunglusziusingg - Bitidwoud
aunarulunnsziu tedssfutlammsFeusmauned Taald38nawangunm (Flip), s
WsnaLduYesd (increase saturation), MsYENEAT™ (Zoom) Wagmsususunwaidy

sUnMEINAEMN (Convert to grayscale)

3.1.5 AaaINsILUNTEAUANMNEnUNAvaLlalayRa AUTEN1sIsEuFAINTEUL
lasevngussamiiey
naasEnasufiLuULNe ANAN Bale N AyvaIn maeEauRIn e luuTIMUN

A a a a a
NAGNNUUTEANSANEINER
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3.1.6 waassliuamisfimeiildlunisadredanuulunissiuunseduaanuiauni

%auﬁmﬁaqﬁfa
FnsvaaesUsuamTiwesildlunisassinuulunissuunseiuay

Anunfveuiiefoyin delilssuuuniusyansnmgaiigalunisiuunszdun

a

NAUNAYDILUBLIDUND

]

3.1.7  Uszillunanisnaasenisanuunszauadriaunfiveslaigayia
naaeuiuuaswulngldrnugns e tayanaaey (Validation

Accuracy) iWunaailunisinuseansainvesiuuy

3.1.8  AnTeiuazazunanisvaaas
o say v b a ¢ Yy A
3’3‘1.]3'31]NaaWﬁV]vL@"\]qﬂﬂqﬁmﬂaaﬂmﬂﬂﬂﬂmrﬂlLﬂj']&'ﬂ/iLLagaEﬂNa’JqWULLUUFLWV]QJ

UszdnSanlunisduunssduanuiaunivasiloweyrigian

Y

32 tunsuismsramtayadiae
FupouAsmsramadoyaiieidunduihedonids  axfenimmunudeys

nlUsunsu EV Insite: DICOM Viewer Software version 3.13.3.0 dadulusunsudililums

sumanwaedoyinnelulinainuagniiiseaziBeavesnmanesiey  (Metadata) i

anansasryfeseRuauEnUnfve oo yiiniinseunalaenesunndniussaunisally

= v ®

myilady  Ngndninuedlulwasuuuudnuuy  (Bitmap) llanuagzidunvesgUnmviniy

Y

1920x1080 Pixel

3.21  msswnudayanmaneidayiingluuiianuinuagn

(%
[

| A a a i =2 Ky ! A
amenggeyringluusnaunuagnildlunms@nwasidfenmaigainiiunain
nsAnnsas  Ingunndaginisaneninigeyrisuluiamsdenusnabeyimetnnge
y3alolefu  Wislininanenladanudmaulunisitansnindanuiaun@nadunusiio
d‘ a o Y o 1 dl 1 2 a a d‘l dl a 1 L 1
Wouiy  yhliladuiunmaneiuumussruauiaUnfiveiadoyriveingusiiegls
MUNNTFIU Bethesda Classification 2001 sewinapiau Tumy 2564 s SuAL 2565

Imammﬁmmﬁazﬂaaamﬁu 4 ﬂ&ju Ao Normal 9117u 701 AN, Low Grade Lesion (LGL)
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U 2,359 A, High Grade Lesion (HGL) 97u7u 498 A tag Cancer 3112U 62 AN

WAAIAINITIN 3.1

A15199 3.1 UAUNNEBTUUINNTEAUANURAUNAVRUUBLEBURINIUNINTFU Bethesda

Classification 2001 ¥aNgUABEN FEUINLADU AWIAN 2564 §9 SuNAN 2565

A7UU (AN)

anufisUndveailafoyio | ifiew Sunay - Suateu | Lieu unsAw - Sunay 394
2564 2565

Normal 224 ari 701

LGL 817 1482 2359

HGL 168 330 498

Cancer 62 0 62

394 1331 2289 3620

3.2.2  @enmmagiauiingluuiiiiinungn

Heannammgigeuianigluusnalinuagniivhnisenelunisidedeluusas

AsAANNUANATURNRaedaveswnng  vilidiuwiuwasUseianvesgunmiladiaing

usnansfunslumuduulayslluumMnsgBa R ngluusnanuagn Lansdszun

32 JwWewhnisAndenmwaeitedeud  wuutlauuinuagnalgiinde  (Normal

o > A & & i A4 aa o o A ' av v
Saline Solution) 1/]LUUEULLUUWUiqusUaﬂﬂqjﬂf]Uﬂ’]WLW@jUﬁ]QU Lkagﬁ@La@ﬂﬂq‘Wﬂ’]‘ﬂﬂiﬂ

nMsAansasluusazassdiuil 1 suammeile iedesiulyvinisseuininunealy

ASAS9FILU
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A
No. d g ¢ escript :
1 620141743 F 25-Feb-2022 10:58:00 AM 039Y 24-Dec-1982 Es GY65021271-GY00S Colpo 4 Normal
2 640522864 F 23-Feb-2022 12:25:00 PM 029v 30-Nov-1992 Es GY65021113-GY00S Colpo 6 L6L
3 650003027 F 23-Feb-2022 11:30:00 AM 052y 21-Jun-1969 Es GY65021104-GY005 Colpo 3 L6L
4 650022856 F 22-Feb-2022 11:05:00 AM 033y 25-Jun-1988 Es GY65021050-GY00S Colpo 1 Normal
6 620270359 F 19-Feb-2022 2:59:00 PM o4y 30-Oct-1976 Es GY65020954-GY00S Colpo 7 L6L
8 640440508 F 18-Feb-2022 5:55:00 PM 061Y 15-Mar-1960 Es GY65020918-GY005 Colpo 3 HGL
s 620019614 F 15-Feb-2022 12:20:00 PM 028y 21-Nov-1993 Es GY65020758-GY005 Colpo 7 L6L
10 620157373 F 14-Feb-2022 2:44:00 PM 046Y 21-0ct-1975 Es GY65020717-GY00S Colpo 5 L6L
1 580000243 F 11-Feb-2022 11:46:00 AM 046Y 11-Jul-1975 Es GY65020570-GY00S Colpo 3 Normal
13 640099808 F 10-Feb-2022 10:11:00 AM 067Y 17-Mar-1954 £s GY65020492-GY005 Colpo 4 Normal
15 620237997 F 09-Feb-20224:51:00 PM 042y 18-Mar-1979 Es GY65020467-GY00S Colpo 5 L6L
16 640497113 F 03-Feb-2022 2:48:00 PM 025v 18-Aug-1996 Es GY65020459-GY00S Colpo 6 L6L
= Y o 1 =P 1 g aa o/
3'1]‘” 3.2 ?laiq.lja LLﬁﬂQQWU'JUJ\']Wﬂ']E'Vl?ﬂuthagﬂi\iﬁaﬁﬂ'ﬁ?u%Qﬂ
sL v a eL a '
3.3 n1stamadalunisiuysunamninans
N PN a i = o X = s Vo oA
WALANITINNUINN iuﬂ']WﬂWEJIUﬂqﬁﬂﬂ‘b"]ﬂﬁﬁu 19AUsEEn LW@iWﬂWU’JuSUENﬂ']Wﬂ']EJQJ

9

Frnuilndifeafiu Inglfinataisnmsnanguain « (Flip), nsiiuaudured (Increase
saturation), A15VEIENM (Zoom) wazmsUFugUamAduguaimainadny (Convert to
grayscale) %aLﬁuLwﬂﬁﬂﬁiﬂé’Lﬁmﬁ’UmsdwmwL?jaqﬂamduﬂ%nmmﬂmgﬂﬁuwémaLﬁa
Aaduunniian

a

3.4 YUNDUNISITRUNTEAUANUNAUNAVB L8 UNY

9

n1sIkUnsEAuANURnUNAva el ey lunsAnwiesell 1638nsasedniuuain ssuy

Iasaneyszanniisunuudsiauams  (CNN) - lunmsdwunameendungumudnuazany

AAUNG Tnedltunay uanInagun 3.3
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-
LIlAu

] I =
3.4.1 wisunmeeayiineluuinain
i

RGN

'

3.4.2 devidnuulunisdwunanuiind nfivea

S -
UHALHDUHT
!

o o =)
3.4.3 NAHDUUTZEVBATWT R ILUUN L

!

34ﬂfﬂﬂi1xﬁuasa§Uk?ﬂﬂimmaaq

5U# 3.3 YunaunIIUNSEAUAUnUNRvadlalEa YR

341 wssunmanedeyRaneluusnanungn
Toganmansideyfianeluunanungnudsaninunisdndenianznimene

dedeyinuuutlautinuagndetiinde (Normal Saline Solution) wagnmdeiiléann
msdnnsedluusiazadadiuin 1 sUamiette Vilildnmaevesusiasndgy Ae Normal
973U 105 1MW, Low Grade Lesion (LGL) d1uau 261 A, High Grade Lesion (HGL)
$1uu 48 MW uar Cancer $1u2U 3 AW LilBIRINAMENBYRINGL Cancer Hdnuauties
waranmIdeUaIMILINEwUT  SnvuzaruAaundlunguues  Cancer  tuunnd
anunsnifadednunzligniond mseidnvazanulnundfisutn vihlinisAnunaded
avgUnmilunguves Cancer sanandanutlumsduun ilildduauamenedi

o oA Y A A Y] o d'
ANTAALADNAYUBDLNDATINNILUU LbANIAINITINN 3.2



AN57199 3.2 FIUIUNINAENHIUNITAARDNABUDLNDES19ALUY LUIRNINTLAUAMNURAUNR

mauﬁmﬁaqﬁa
U (AN)
arwiinundveadiaBouin | oy Sunaw - $uanAn | Weu unsAx - Funau EieH
2564 2565

Normal 37 68 105
LGL 105 156 261
HGL 19 29 a8

374 164 253 414

LGL = Low Grade Lesion, HGL = High Grade Lesion

[

Ingldnadalumaiuvsmanmaelagldvaia 4 sUuuy dadl

3.4.1.1 wadanswanguan (Flip)

NN TUNININIUNTEUIUNMTHANFUNINAIAA UG 8L DE 7

'
a

aurn InellgnUszasaiienisiiiudiuiuameslugadeyauayiianaieiiniiy
waneeny  Inedadlesduseneunidifnuedninaigegeseasunin - dadauns

AHUNITATURN 3.4 wazlanansaliun1snegun 3.5

input dir G PATH

output dir = "/content/dr yDrive/IS/Colpo Zoom6® Flip Satu/HGL"

# Create the output directory if it doesn't exist
if not os.path.exists(output dir):
os.makedirs(output dir)

seq = iaa.Sequential(]
iaa.Fliplr(1),

5UN 3.4 Adslunisantiuntswanguaw
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JUN 3.5 wansaiiiumsnanguniw (Mudie - awaredualy, AU AWENENAS

anliun1swangunan)

3.4.1.2 WIANANTISHNNAMULINYDNE (Increase saturation)

amareguatulIA L dunIsHinAY Saturation e naelmdy 2 win

A

INAMAL BNLANULTUYDIENARIDDNLNLUAINENY IV AN NENNTIET

Ao W

Fotautiu dedslunsandunisfagui 3.6 waglananisaiiunisesgun 3.7

input = IMG_PATH
out ntent

if not os.path.exists(output dir)
os.makedirs(output dir)

max_rgb = iaa.Sequential(
iaa.MultiplysSaturation(2),

)

UM 3.7 wamsanfiunisiiuanuduvedd (@udhe - auaieduady, Auvan auaienas

ANIUNITINNAMUTUVDIT)
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3.4.1.3 WALANI5VY18AIN (Zoom)
1AMMa8AURTUNIALTUNSVEI8ANNE AR UN WA IAEILYDINANY

J = d & I PN LY Ao o ! Ao o
ﬂ’]Wﬂ']EJiJ‘Uu']WU’eJ\‘imMQJ,‘UU Immﬂumimm@maﬂwmwm UTBINTINAY dandalu

a

nsaiiunseagui 3.8 LLazlé’maﬂﬁ@T'nﬁumiﬁquw 3.9
input;dir‘= IMG;PATH
output_dir = "/content/drive/M

not os.path.exists(output_dir):
os.makedirs(output_dir)

seq = iaa.Sequential([
iaa.Affine
scale=(1:7, 1.7)

1 '
o L4

U7 3.8 Adslumsverenin @namdunisveezunini 70%)

v

JUT 3.9 namsaniiiunisvenenm Gaudhe - awaredualy, AueIn AnE1enaIn1TYENe

AN 70%)

3.4.1.4 watiansusugunmaiduguniwainading (Convert to grayscale)
thamaefuatiuandiiunsanadlivdedtidudvrviodduinby

ileannndnuaziddyesdiuanteenuilunwais  ieifiuanuvimielunis

Goudnmaevesiuuy  Sidddunsdudumsdeguil - 310 wazldnans

AiunTAagU 3.11
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input_dir = IMG_PATH
output_dir

f not os.path.exists(output_dir):

os.makedirs(output_dir)

seq = iaa.Sequential([
iaa.Grayscale(alpha=(1.8)

1

3U# 3.10 Adelumsusugunmdidugunanainadinn

JUT 3.11 wansandiunisusugunmBidugunananadion Gudie - swaiedualy,

v 3 ¥ o A o a =
AUVNNINAY AR RUUNITUSUFUA WAL UFUNNENAGN)

vaannidmadalunsiiudsinanmaeanmadaniiag agldyadeyadiuiu 4

Y NHNTRNUTINuanaelnewmelafeg 93199 3.3 - 3.6
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YANNEEN 1

_ watiang WwAdANIS watian1suiugy Fruaugunm
T A T wanguaw | winaanadu | awdEiduguam
L'y 2 M1/ - Normal | LGL | HGL | 97
INGIY-21 | Yo4d 2 1 dinagnn
Awaneuaty - - - - 105 261 48 414
nMsuisn g yadt 1.1 : W : 2 05 | 239 | 48 | 392
mMsufiunmane gl 1.2 | 50% . ; : 105 : a8 | 153
nsuiunnEe Yad 1.3 50% V4 - - 105 - 48 153
nsuiunwee gafl 1.4 | 30% - ¥ = 80 . a8 | 128
nsuisn g yadl 1.5 30% V4 - - - - a8 48
MsiiunwenY YAl 1.6 40% E - - - - 48 48
ML wane Yadl 1.7 70% - - - - - 48 48
ML mEne il 1.8 70% V4 - - - - 48 48
nsuisn e yad 1.9 10% - - - - - a8 48
Msiiunwey ¥afl 1.10 | 10% N - - - - 20 20
smyAnIWane 1 500 | 500 | 500 | 1500

LGL = Low Grade Lesion, HGL = High Grade Lesion
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YANMNEEN 2

- watian1g WwAdANIS watian1suiugy SAUUSUNN
: wAlANTS : ’
LYAYBINTSLANUN NG wanguaw | winanudu | awmdduguaw
Ll ) y M|/ = Normal | LGL HGL 574
ANGIY-2I | VOSH 2 1in dinagnn

Msuisn e Ydt 2.1 - - A4 - 105 261 48 414
MsLin ey Yadl 2.2 : J J 2 05 | 239 | 48 | 392
Msuisnmene o 23 | 50% f J : 105 : a8 | 153
ML e yadl 2.4 50% L o - 105 - 48 153
nsuiunIwENY YAl 2.5 30% - 4 - 80 - 48 128
MsLimn e il 2.6 30% V4 e - - - a8 48
MsLin ey yadl 2.7 40% - Vv - - - a8 48
MsLfisnmEne il 2.8 70% - <4 - - - 48 48
ML wene Yadl 2.9 70% V4 v - - - 48 48
nsuisnwene Y 2.10 10% - V4 - - - a8 48
Msiiunene Yafl 2.11 10% W 7 - - - 20 20
smYANIWENEN 2 500 | 500 | 500 | 1500

LGL = Low Grade Lesion, HGL = High Grade Lesion
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YANNAEN 3

- watian1g WwAdANIS watian1suiugy SAUUSUNN
: wAlANTS : ’
LYAYBINTSLANUN NG wanguaw | winanudu | awmdduguaw
Ll ) y M|/ = Normal | LGL HGL 574
ANG1Y-v91 | Vaed 2 Wi dinagin

Msuisn e Ydl 3.1 - - A4 - 105 261 48 414
Msuisnwene ol 32 | 70% . J 2 05 | 239 | 48 | 392
Msuisnwene e 33 | 70% J J : 105 : a8 | 153
suiunIwEneY YAl 3.4 80% - % - 105 - 48 153
MsufsnwEne il 3.5 80% X o - 80 - 48 128
nsLimn e il 3.6 50% - e - - - a8 48
MsLiun ey yadl 3.7 50% X v - - - 20 20
suiunnEe Yafi 3.8 60% - v - - - 48 48
nsuiunIwENY YATl 3.9 60% v Ve - - - 48 48
nsuisnwene e 3.10 | 90% - V4 - - - a8 48
Msiiunene Yafl 3.11 90% W 7 - - - 48 48
smYANINEEN 3 500 500 500 | 1500

LGL = Low Grade Lesion, HGL = High Grade Lesion




M1319% 3.6 FazREANWENETIHIUNSIINNUSINanemaTiansINUUSHN Yall 4

YANNEEN 4

- watian1g WwAdANIS wallan1sUsusy SAUUSUNW
: wAlANTS : -’
LYAYBINTSLANUN NG wangunw | inanudu | awdiduguaw
Ll ) y M|/ o Normal [ LGL HGL 574
ANGIY-2I | VOSH 2 1in gnaginn

s wEne Ydt 4.1 - - - Y 105 261 48 414
MsLiiun ey Yadl 4.2 - e - ~ 105 239 48 392
MsifiunnEe Yafi 4.3 50% - - — 105 - 48 153
ML wene Yadl 4.4 50% L - 4z 105 - 48 153
suiunIwENeY YATl 4.5 30% - - T 80 - 48 128
nMsuisn e il 4.6 30% V4 - % - - 48 a8
MsLiin ey il 4.7 40% - - 14 - - 48 a8
ML wEne Y7l 4.8 70% - - 7 - - 48 48
Msuisnwene Yadl 4.9 70% V4 - V4 - - 48 48
nsuisnwene Y 4.10 10% - - \/ - - 48 a8
Msifiunene Yafl 4.11 10% W - \/ - - 20 20
smYANNEEN 4 500 | 500 | 500 | 1500

LGL = Low Grade Lesion, HGL = High Grade Lesion
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3.4.1.5 Y5UlAs9a519n159aAUATWEaNe
PnmareduatiulasnInae NN umATANISRNUS UM AL AUTY
Wawesvemanan lodtwiu 4 Wawes lnaudaslnawmesnanasiliawmesdoni
1 I~ I3 o [ a a dgll csl a Qll ) v
wiseenidu 3 amesmuiuiussiuanuinuniveilaboyinfimvualy loy

[

feasBoafsil
3.4.1.5.1 Tassa¥rsmsdniudeyanmaneyad 1
Tnssa¥unsdaiudeyaninaneyail 1 gndnivliluliaimesvan
filawnostos 3 Inawmasie HGL, LGL uay Normal lnefideyanmdngaz
ianamdesuatukaznmieilimaianndulnanmaielag
mwﬁﬂ%%miwﬁﬂgﬂmw (Flip) wagnAlANISY8ENIN (Zoom) WUU 10%,
30%, 40%, 50% Way 70% aguil 3.12 TaeTrlaines HGL Hdrwaunmene
500 35U, Wawmas LGL fTuauniwany 500 §U uazlnawmes Normal dduau
amihe 500 3U Tnegutsmuagndufinlilusuuuy Bitmap (bmp) Fgud

Sl

ﬂ Flip Zoom

Datasat 1 : ] ]
) —— a—
30% | 70%
HGL LGL

Normal 0%

3U 3.12 Tassadamsdaiudaganinaneyail 1 wazmeliafildlunisiauiunaninge



» > Colpo > HGL ~ 8 0
d 1+

B GYe4031092-G0.. } B GY64031092-GYO...

ey
P

B GresosomsGr. i B Gvea0soak-ar. i B Grea0s03wGY. | B GY64050336-GY..

o

M GYeL050336-GY... W Gr6405033636Y... | § M GreasoseGr. i B GY64050336-GY. (] ] H
- > Colpo > LGL~ 8 0

EN

B Gre038s-Gro.. }

B GY64040100-GY..  } B GY64040255-GY...

B GY64040255-GY. M 6¥64040%07-6Y.

G164040388°GY. M | Gek0e0s96-GY

GY64050004-GY... M Greaosoon-Gr. i B 6Y64050023-GY... B GY64050038-GY...
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= > Colpo > Normal ~ 8 0

B GY64040505-GY.. 1§ 64040505-G) : B GY64040505-GY.

Er{

» Tov. M GY6d0s0057-GY.. M Gveios00sTGr.. i

f\ ._d h‘ 'rQ‘ im.._

aaaaaaaaaaaa

B GY64040594-GY.

oooooooooooo

vvvvvvvvvvvvv

SUT 3.13 awangiayiinnieluusnanungn andeyanmaieynd 1 ndsldmaianisiiia
Ysunaunm
(a) Mwdhegevestoyanmaieyadl 1 ndddmedamadiuUinanm Tulvlameseos
HGL
(b) Mweeg1sestoyanmidieyedl 1 wdsldmadamsiauianm Tulvlawmesdon
LGL
(0 awethswasdayanmaeyad 1 vddlinadanisiiudsnunm luliamesdos

Normal

3.4.1.5.2 Tassa3ranissniudayaninaneynd 2
Tassafumsdnifudeyanindneyadl 2 gndniivlilulwanesudn
filwaimeseion 3 Tnlalnosie HGL, LGL Wag Normal Tnsfideyaninaneas
i mdefuatulazn mieildvadanisiunanmaielag
walladsnsnangunn (Flip), wedlan1svenenin (Zoom) Wuu 10%, 30%,
40%, 50% e 70% wagtelanIifiueunduesd (Increase saturation)
flaguit 3.14 Taelwaimes HGL Sidruaunmdne 500 5U, Trawmes LGL
A MEY 500 U uaglnaines Normal 31waunmene 500 5U lnegy

yiamngnduiinlfluguuuy Bitmap (bmp) fagud 3.15
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ﬂ Flip Zoom Increase saturation
N ; 5 o®g

Dataset 2 : : : [ .

A— a— a—

30% | 70%
40%

UM 3.14 Tassadamsdaiudayaninaeyai 2 wazimaiiafldlunisiinusunaningne

> Colpo_Satu_forModel > HGL - B 0O

id PAPS

O Gresosoneo.

(a)



=+ > Colpo_Satu_forModel > LGL ~ 8 0
W L)

GY64031028-GY0...  § B GY64031028-GYO.. } B GY64031285-GY0..  } n

GY64040100-GY. i B GY64040255-GY.. }

B GY64040255-GY. i B GY64040303-GY.. } B GY64040307-GY..

> Colpo_Satu_forModel > Normal ~

(c)

3U# 3.15 amaneayiinieluuauinuagn andayaninareyai 2 vasldmaianisiig

YU
(@) awsegwvaslayanmateynl 2 nasldnatanisiuUsinanin Tuliawesdey
HGL

(b) ameegsvesdayanmieyan 2 nasldmedanisiiuuinunn Tulwawmesdes

LGL



41

(©) awsegvaslayanmaieyal 2 nasldinadanisiuUsiann Tuliawesdey

Normal

3.4.1.5.3 Tassarsmsiniudoyanmaneynd 3
Tassairsnsdaiudeyanimaneyni 3 gnimiulilulwaimevdn
Finamesdes 3 Inlawesie HGL, LGL way Normaliﬂaﬁsﬁagamwmaaz
WanawEnefuatulasnweneRldmadansiinusinanmaelng
walladsnisnangunin (Flip), waflanisvenenin (Zoom) Wuu 50%, 60%,
70%, 80% Wag 90% warmAdanisiiuanuduvesd (Increase saturation)

2 =

Fasufl 3.16 Tnelvlawnes HGL fsruauninere 500 U, Wawmes LGL &

Y

wIUNma1E 500 3U wagllaines Normal ddrmauniweng 500 5U lnegu

nauagnUuiinbiluguiuu Bitmap (bmp) ﬁqgﬂﬁl 3.17

Flip Zoom Increase saturation
r.- ...... R B 0%
. : . b
Dataset 3 o . . .
— Ay oy
60% | 90%
HGL LGL  Normal 70%

JUT 3.16 lassadramsdaiudayaniwaneyail 3 wazmadafildlunsiiausunaninde



= > Colpo_Satu_Zoom > HGL ~ a8 0

W £

B GY64031092-GY0..  } B Gres0309-Gro..

B GY64031092-GY0.. }

B GY64040231-GYO.

B Gve0s0me-Gr. B GY64050336-GY.

B GY64050336-GY..  } M GY64050336-GY.. B GY6s050336-G.. | M Gres0s0366y.. | i M GYei0s0336-GY..  } B GY64050336-GY.

= > Colpo_Satu_Zoom > LGL~ B8 0

ik £

M GY64031028-GY0. W Gred038sGYO. B GYedodsos GYo.  § M 6ve4040100-GY. B GY64040255-GY. 3 B GY64040303-GY..  } M Gr64040307-GY. H B GYedoa0IU-GrO. i B GY64040338-GY.

B GYeioimEsGr..  § B GY64040446-GY.. . B GVed0e04adb-GY. } B GY6a04059-GY.. 1} B 61640405%-GY.

(b)



> Colpo_Satu_Zoom > Normal ~

B Grewwsosar ;B Goa0sosor. | B Grewssosor. | B Gredoacsosar. P B Gredowoswor. 3 B G : F s F swar. i 5002 :
r—q '-1 p—m - S -
v RO ) " E &
\ v / \-* . ~ 7 \ ‘ ~ ; 3 “

a3

B Gsdoso0sT

"r‘qr‘u

W

&K ] J%a» - -t«.
i Z

3 MWWI’W‘“T

B Grei0s02a-Gralmg,

UM 3.17 m‘wa"\aLﬁaqﬁqmduu'%nmﬂmmgn ndeyaninareyain 3 nasldimatiansinyg

JSuraunIn

(a) nmwiegvesteyanimargyan 3 nasldnalansifiadsinunm Tulvamesdey

HGL

(b) Mnsitegvptean WYl 3 nasldmaianndiaUSinanm Tulvawmesdes

LGL

(0 mwegevaiteyanindieyan 3 nasldinallamsiasuianm Tulvamesdey

Normal

3.4.1.5.4 Tassa3ramssaiudeyannaneyadi 4
lassaumsinifudeyanindreyail 4 gndnivlilulnamesudn
Ptivlamesgos 3 Iawmesie HGL, LGL way Normal Imﬁ%’agamwdww
mannmaefuatutaznmdeildimadansfudinanmaislag
watladsn1snangunin (Flip), wadian1svenenin (Zoom) Wuu 10%, 30%,
40%, 50% uar 70% wazwAlAn1sUSusUN L dusUnwanading
(Convert to grayscale) flaguit 3.18 TagTnlawmed HGL Sidruaunmedns 500

U, Wawes LGL Hdwiunimaty 500 sU uaglnames Normal Hd1uiu



aa

a

AMmEny 500 U Iﬂagﬂﬁy’mmmgﬂﬁuﬁﬂlﬂugﬂwu Bitmap (bmp) fagy

3.19

r. ____________ Flip Zoom Convert to grayscale

10% | 50%

30% | 70%
40%

U7 3.18 Tassadumsdniudayanmeaneynil 4 uasmadanldlunisiasunaninae

= > Colpo_Grayscale > HGL ~ 82 0

wid

® crsonon-or0. B orsiononar. | B GY64031092-GY0_o §

B GvedosoneGr. B Grei0somb-or B Gredosoneer.

B GreiosonsGl. 3 M GYeOSOMeGr.



= > Colpo_Grayscale > LGL~ B 0

P £

B GY64031028-GYO_.  } B Gred031028-GYo.. B GY64031285-GYO..  } B GYe4031285-GYO..  §

B Grea040255-GY..  }

B GY64040255-GY.. § B Gr64040303-GY.. B GY64040303-GY.. } B GY64040307-GY.. 1} B GY64040307-GY. )

B GY6d040338-GY..  }

B Gveiiossear. B GY640405%-GY.

<aleyl

B Grei05008GY.  } B 6Y64050039-GY.. &

B GY640s0004-GY.. M Gres003Gr..  } m_cisiosoonsar.  }

(b)

= > Colpo_Grayscale > Normal ~ = 0

M Grea0i0805 Gt B Grei0:0s08 6. | B cvsiossosov. Iy Greuo40s0s BY.x, |

M Gred0s0049GY. B GreiosoostGrL
m
% ¢

M Gredos00es-GY. | § B GYe4050085-GYL | §

r ) |
of B

(c)

3UM 3.19 amaneayrinigluuiiauuinuagn andayannareyail 4 vasldmaianisiig

Yuunn

(d) nmieewwesteyanmdeyadl 4 vdddinadansiiuiinunw lulamesdos
HGL

(e) mwshegrsvestoyanmareynd 4 wadldmadanisiuuinanm Tulvlawmeston

LGL



a6

() awsegveslayanmaeyail 4 nasldnadanisiuUsinunin Tuliawesdes

Normal

3.4.1.6 uwusyadayaiinanisasisiuuulumsviiung

Joganmarefinnumedaiulsinanmaiessgnuissenidu 2 dwde

[
[

yndayaiFous (Training Set) uay yadoyannaay (Testing Set) Sansfnwadedl
uUslayalaglidndiu 70:30 seviwadoyaiseusiasyndeyanaaey uagi
MsUsummangltivuinning 224 Pixel Loy 817 224 Pixel ilpaanidudeimua
vosmsldanminenssulunisaissuuunssiunssfumnsisuniveaioidey

7 Ingldrdasiaguin 3.20

seed = 6256
img_height = 224
img_width = 224
batch_size = 32
validation_split=0.3
epochs = 28

train_datagen = ImageDataGenerator(
validation_split=validation_split

)|

train_generator=train_datagen.flow_from_directory(
folder_path,
target_size=(img_height,img_width),
color_mode="rgb’,
class_mode="categorical’,
subset="'training’,
shuffle=True,
seed = seed
)
validation_generator=train_datagen.flow_from directory(
folder_path,
target_size=(img_height,img_width),
color_mode="
class_mode="
subset="valid
shuffle=
seed = seed

JUN 3.20 Ardslumsusuauanmaisuazuisyadeyasanidugadayaiseu (70%)

uazyndoayanagay (30%)
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342 dawdsuduuulunmssiuunanufinunveiloideyfia
dewnguuuildlunmssuunlunsanenil asfinisldaandnenssailunissiuun
am 3 fuvuilerSoudisulszdvam laefideldidenldmnuuitanudeslumsld
nuanmAeiieesdildnarivluund 2 Tneanauidede MobileNetv2 Ensemble
for Cervical Precancerous Lesions Classification lal#an1dimenssy MobileNetv2 &sle
AAugNABsl 83.33%, 11U3dBT0 MDFI: Muti-CNN Decision Feature Integration for
Diagnosis of Cervical Precancerous Lesions laltaa1tnanssy ResNet50 silsrlarinang
Qﬂﬁaﬂﬁ' 0.604 waziidede Deep learning based cervical screening by the cross-
modal integration of colposcopy, cytology, and HPV test laldandnunssu VGG16 T
A AUC 71.0.921 sraudadmenssudiazshund3euiisudsyansamlunsanui 1eun

MobileNetV2, ResNet50 wag VGGL6 tngazfinsimunsn Hyperparameter 7isun1s

7178090 SULABUSIULABU LARIAIRITIN 3.7

as7fl 3.7 A Hyperparameter ldluaatnenssu MobileNetV2, ResNet50 waz VGG16

Parameter Value
Activation Function (Hidden Nodes) Rectified Linear Unit (ReLU)
Activation Function (Qutput Nodes) Softmax
Loss Function Cross Entropy
Optimizer Adam
Regularizer L1
Origin Learning Rate 0.001
Adjust Learning Rate Factor 0.1
Min Learning Rate 0.00000001
Callbacks ReducelLROnPlateau
Callbacks Patience 2
Layer Dropout 0.4 (except Layer 3™
Epoch 20




Parameter Value
Batch Size 32
Validation Set 0.3

Evaluation Metric

Validation Accuracy, Validation Sensitivity,
Validation Specificity, Validation Area
Under Curve (Validation AUC) uay

Confusion Matrix

ledAdsluaiaduuunisduunssduanuiinunfivesilooyiinves

aatUnenssu MobileNetV2, ResNet50 Waz VGG16 é’qgﬂﬁ 3.21 -3.23

a8
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model_MNV2.compile(optimizer=optMNV2,
egorical_crossentropy’,
=['accuracy', 'AUC',,keras.metrics.Precision(), keras.metrics.Recall(), keras.metrics.SpecificityAtSensitivity(@.5), keras.metrics.SensitivityAtSpecificity(e.5 :)l

from keras.applications import MobileNetV2
tf.random.set_seed(8664)
model_MNV2 = tf.keras.models.Sequential([
MobileNetV2(input_shape=(224,224,3), include_top=False),
D
for layer in model_MNV2.layers:
layer.trainable = True

model_MNV2.add(Conv2D(64, (3,3), activation='relu', kernel_regularizer=regularizers.li(e.e1)))
model_MNV2.add(Dropout(©.4))

model MNV2.add(Dense(128, activation='relu', kernel regularizer=regularizers.l1(@.81)))

model MNV2.add(Dropout(@©.4))

model_MNV2.add(Dense(256, activation='relu', kernel_regularizer=regularizers.l1(@.e1)))

model_ MNV2.add(MaxPooling2D(2,2))

model_ MNV2.add(Flatten())

model MNV2.add(Dense(512, activation='relu', kernel_regularizer=regularizers.l1(@.81)))

model MNV2.add(Dropout(e.4))

model MNV2.add(Dense(3, activation='softmax'))

model_MNVZ.summary(ﬂ

JUN 3.21 Ardslun1sasnesiauuu MobileNetV2 iadnuunseauauiaunfivailaigayin
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model RN58.compile(optimizer=optRN5O,
loss='categorical_crossentropy',
metrics=["'accuracy', "AUC',keras.metrics.Precision(), keras.metrics.Recall(), keras.metrics.SpecificityAtSensitivity(@.5), keras.metrics.SensitivityAtSpecificity(@.5 :)l

from keras.applications import ResNet5e
tf.random.set_seed(8664)
model RN5@ = tf.keras.models.Sequential([
ResNet58(input_shape=(224,224,3), include_top=False),
1
for layer in model_RN5@.layers:
layer.trainable = True

model RN5€.add(Conv2D(64, (3,3), activation='relu', kernel_regularizer=regularizers.l1(e.e1)))
model RN5@.add(Dropout(@.4))

model_RN5©.add(Dense(128, activation='relu', kernel_regularizer=regularizers.l1(e.e1)))

model RN5©.add(Dropout(@.4))

model RN5@.add(Dense(256, activation='relu’, kernel_regularizer=regularizers.l1(@.e1)))

model RN58.add(MaxPooling2D(2,2))

model RN5@.add(Flatten())

model_RN5@.add(Dense(512, activation='relu', kernel_regularizer=regularizers.l1(@.e1)))

model RN5@.add(Dropout(©.4))

model RN5©.add(Dense(3, activation='softmax')

model RN5@.summary()

JUN 3.22 Adslun1sainafiauuy ResNet50 Liladnuunseauauiiaunfivasiiaigayuia
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model_VGG16.compile(optimizer=optVGG16,
loss="categorical_crossentropy’,
metrics=['accuracy', 'AUC’,keras.metrics.Precision(), keras.metrics.Recall(), keras.metrics.SpecificityAtSensitivity(@.5), keras.metrics.SensitivityAtSpecificity(e.5 :)l

from keras.applications import VGG16
tf.random.set_seed(9477)
model VGG16 = tf.keras.models.Sequential([
VGG16(input_shape=(224,224,3), include_top=False),
D
for layer in model_ VGG16.layers:
layer.trainable = True

model VGG16.add(Conv2D(64, (3,3), activation='relu', kernel_regularizer=regularizers.11(©.01)))
model VGG16.add(Dropout(8.4))

model VGG16.add(Dense(128, activation='relu', kernel_regularizer=regularizers.l1{(@.81)))

model VGG16.add(Dropout(e.4))

model VGG16.add(Dense(256, activation='relu', kernel_regularizer=regularizers.l1(©.81)))

model_ VGG16.add(MaxPooling2D(2,2))

model VGG16.add(Flatten())

model_VGG16.add(Dense(512, activation='relu', kernel_regularizer=regularizers.l1(08.81)))

model VGG16.add(Dropout(0.4))

model VGG16.add(Dense(3, activation='softmax')

model_VGGls.summary(ﬁ

a

UNI

q

5UN 3.23 Adslun1sasnadauuy VGG16 adnuunszauauinunfivadiilalte
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a 1 Y P v v
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filename_MNV2 = 'model MobileNetV2.h5'

checkpoint_MNV2 = ModelCheckpoint(filename_MNV2, monitor='val_ accuracy', verbose=1l, save_best_only=True, mode='auto')

=2

learning_rate_reduction_MNV2 = ReducelLROnPlateau(monitor='val accuracy', patience = 2, verbose=1,factor=e.1, min_lr=0.00eee001)
callbacks_list_MNV2 = [checkpoint_MNV2, learning_rate_reduction_MNV2]

5
[

5UT 3.24 Adslunnsudusn Learning Rate 1a8 Reducel ROnPlateau ¥asaandngnssa MobileNetv2

filename_RN5@ = 'model_ResNet58.h5'

checkpoint_RN5@ = ModelCheckpoint(filename_RN5@, moniter='val_ accuracy', verbose=1l, save_best_only=True, mode='auto')

learning_rate_reduction_RN5@ = ReducelLROnPlateau(monitor='val accuracy', patience = 2, verbose=1,factor=0.1, min_lr=0.00000001)
callbacks_list_RN5@ = [checkpoint_RN5©, learning_rate_reduction_RNseﬂ

'
[ 4

gﬂﬁ 3.25 ANa9lun15USUAT Learning Rate 1a# Reducel ROnPlateau vasan1Unenssu ResNet50

filename_VGG16 = 'model_ VGG1l6.h5'

checkpoint_VGG16 = ModelCheckpoint(filename VGG16, monitor='val accuracy', verbose=1l, save_best only=True, mode='auto')

learning_rate_reduction_VGG16 = ReducelLROnPlateau(meonitor='val accuracy', patience = 2, verbose=1,factor=6.1, min_lr=0.00000001)
callbacks_list VGG16 = [checkpoint VGG16, learning_rate_reduction_VGGlGﬂ

5UT 3.26 Adslunsuusn Learning Rate g Reducel ROnPlateau ¥asaadngnssu VGG16
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343 VagauUUsEANSANUBF UL
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Area Under Curve (Validation AUC) waz Confusion Matrix lagvhnnstufindauuuiislen

Validation Accuracy igafigntu 20 Epoch undusiunuvesiuuy

3.4.4  JATLaTasUNANITNAARY
nMTATIEUsEANSNInesiwuulunsAnwiasell agdinslgan Validation Accuracy
gefianlu 20 Epoch wazusenauiunanlaain Confusion Matrix lunsagunauseansnmuesdy

WUV F9RznaBuUNGa U



unil 4

NaN1sALHUIIURaZN15NUS19HEA

Tuuniiagnanifanansaiun1meaedas il uun1sIRLNSERUANLRAUN YD
Wewdeurs lagldyadeyanmaenitunsidmetiamaiuusununiwis 4 yadeya laensly
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4.1.1 wan1svaaasdeyanindreyndl 1 anaa1nenssu MobileNetv2
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amaneyad 1 agldantlnenssa MobileNetv2 Téuanismaaosuansfanissd 4.1 uaxd

NIINLARIAN Accuracy, Validation Accuracy, Loss, Validation Loss, AUC iz Confusion
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Dataset No. 1 Architecture ~ MobileNetV2
Epoch Validation Training Validation Validation Validation | Validation
Loss Accuracy Accuracy Specificity Sensitivity AUC
1 88.0108 40.10% 33.33% 41.11% 36.00% 50.48%
2 23.6736 53.71% 33.33% 49.33% 45.11% 51.39%
3 9.2849 66.48% 33.33% 53.00% 54.67% 52.51%
4 6.7351 75.81% 34.22% 56.44% 58.00% 54.27%
5 6.023 80.48% 43.78% 64.22% 65.56% 59.14%
6 5.4556 84.29% 49.78% 73.00% 73.56% 65.89%
7 5.0253 85.62% 51.33% 75.67% 73.78% 67.01%
8 4.639 85.62% 50.67% 74.67% 74.89% 67.15%
P 4.3999 87.24% 44.67% 69.33% 70.00% 63.80%
10 4.1858 87.52% 46.00% 69.33% 72.00% 64.07%
11 4.1164 87.81% 45.11% 70.89% 72.00% 64.20%
12 4.084 87.43% 45.11% 68.56% 71.78% 64.49%
13 4.0613 87.14% 46.89% 69.56% 72.67% 65.37%
14 4.0345 88.10% 48.00% 72.33% 72.89% 66.61%
15 4.0129 87.14% 49.78% 73.33% 74.89% 67.68%
16 3.9997 87.52% 49.56% 74.44% 74.89% 68.36%
17 3.9846 87.05% 49.78% 75.67% 76.89% 69.19%
18 39721 87.90% 50.22% 77.00% 77.33% 70.15%
19 3.9644 88.10% 52.22% 76.67% 79.11% 70.56%
20 3.9611 87.24% 52.44% 78.11% 79.33% 70.93%
Average 81.12% 45.48% 68.13% 68.77% 63.66%
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4.1.2 wan1svaaastayanmaeyadl 1 anaa1daenssu ResNet50
mﬂmimama%ﬁqﬁ’;uwﬂﬁﬁwLLuﬂizﬁummﬂmUﬂamaaLﬁaﬁaqﬂ’mﬂmsﬁaga

ameyedl 1 laeldaandnenssy ResNet50 ldnanismnasuansdamsneil 4.2 uasd

n31MLEnIAN Accuracy, Validation Accuracy, Loss, Validation Loss, AUC Wag Confusion

Matrix faguil 4.5 - 4.8
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Dataset No. 1 Architecture ResNet50
Validation Training Validation Validation Validation | Validation
e Loss Accuracy Accuracy Specificity Sensitivity AUC
1 140.9204 46.67% 33.33% 31.44% 33.33% 50.00%
2 25.0838 58.00% 42.67% 65.11% 62.22% 61.57%
3 10.7894 61.81% 53.56% 78.33% 67.56% 66.28%
4 6.5048 62.57% 45.33% 69.00% 64.89% 63.38%
5 6.4528 64.57% 45.11% 67.67% 56.67% 61.85%
6 3.1545 71.33% 54.44% 78.44% 70.00% 69.03%
7 2.3415 80.48% 61.11% 84.33% 81.11% 74.30%
8 2.1692 84.29% 62.44% 85.78% 83.33% 76.77%
9 1.9637 88.00% 56.89% 83.67% 87.78% 74.85%
10 1.8866 90.67% 55.78% 83.00% 84.00% 74.69%
11 1.7083 90.38% 57.56% 84.44% 83.78% 74.80%
12 1.7057 92.29% 56.00% 82.33% 82.22% 74.29%
13 1.677 93.90% 57.78% 84.44% 84.89% 75.68%
14 1.6758 94.29% 58.67% 85.00% 86.89% 76.19%
15 1.6797 93.43% 58.67% 86.78% 88.44% 76.66%
16 1.6861 93.71% 60.00% 87.00% 88.22% 76.86%
17 1.6932 94.38% 60.67% 87.33% 88.89% 76.90%
18 1.699 94.29% 60.22% 87.00% 88.67% 77.02%
19 1.7041 93.05% 60.67% 87.00% 88.44% 77.10%
20 1.7071 94.19% 60.89% 87.11% 88.22% 77.13%
Average 82.12% 55.09% 79.26% 77.98% T1.77%
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4.1.3 wan1svaaesdeyanmeneyail 1 9naadnenssu VGG16
mﬂmimama%ﬁqﬁ’;uwﬂﬁﬁwLLuﬂizﬁummﬂmUﬂamaaLﬁaﬁaqﬂ’mﬂmsﬁaga

amidneyail 1 ngldantinenssu VGG16 lekansmaaesnanssiansedl 4.3 uasding sl

WamIAN Accuracy, Validation Accuracy, Loss, Validation Loss, AUC tag Confusion

Matrix flagufl 4.9 - 4.12
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Dataset No. 1 Architecture VGG16
Validation Training Validation Validation Validation | Validation
s Loss Accuracy Accuracy Specificity Sensitivity AUC
1 165.8281 35.33% 33.33% 33.33% 33.33% 50.00%
2 120.2615 33.33% 33.33% 34.78% 33.33% 51.99%
3 93.6851 37.24% 56.00% 77.78% 56.89% 67.70%
a4 75.1129 55.05% 56.00% 78.56% 77.11% 71.10%
5 60.9841 55.62% 56.89% 80.56% 83.33% 72.89%
6 49.862 58.10% 56.22% 80.33% 79.78% 72.69%
i 41.0429 54.57% 58.00% 83.33% 86.89% 76.15%
8 33.864 55.33% 60.44% 80.78% 86.44% 74.55%
4 28.0662 54.86% 60.44% 81.11% 89.78% 76.87%
10 23.3572 57.90% 60.44% 82.00% 88.00% 76.96%
11 22.2575 59.90% 60.22% 82.44% 88.89% 77.50%
12 21.7866 59.62% 58.44% 82.78% 89.11% 77.49%
13 21.6702 59.33% 59.33% 82.56% 90.22% 77.72%
14 21.6114 58.19% 59.78% 82.56% 90.00% 77.93%
15 21.5992 59.52% 59.78% 82.56% 90.00% 77.94%
16 21.5932 58.86% 59.78% 82.56% 90.00% 77.93%
17 21.592 59.14% 59.78% 82.56% 90.00% 77.93%
18 21.5914 58.76% 59.78% 82.56% 90.00% 77.93%
19 21.5912 58.86% 59.78% 82.56% 90.00% 77.93%
20 21.5912 59.52% 59.78% 82.56% 90.00% 77.93%
Average 54.45% 56.38% 76.91% 80.66% 73.46%
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4.1.4 mseRumenansaassiauuuiildandayaninaeyail 1

foganmaneyan 1 Inslimedansifisinunmaelaeldineaiaisnisnan
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421 wan1svaaesdeyanina1eyndl 2 anan1daenssu MobileNetv2
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Dataset
No. 2 Architecture  MobileNetV2
Epoch Validation Training Validation Validation Validation | Validation
Loss Accuracy Accuracy Specificity Sensitivity AUC

1 93.802 39.71% 37.718% 50.56% 54.89% 56.73%
2 28.0934 56.76% 34.22% 57.67% 57.78% 56.31%
3 11.2561 68.10% 35.56% 58.33% 58.22% 57.99%
a4 8.599 70.10% 36.00% 59.44% 60.67% 59.89%
5 7.7576 72.10% 38.67% 62.44% 63.78% 61.35%
6 7.0678 71.71% 37.78% 63.33% 64.00% 61.74%
| 6.4527 72.29% 37.56% 65.33% 67.33% 62.72%
8 6.2699 71.24% 40.67% 67.00% 69.33% 63.33%
g 6.2197 71.43% 41.78% 66.78% 71.78% 63.08%
10 6.172 72.95% 42.617% 68.67% 71.11% 63.43%
11 6.1262 71.71% 43.56% 68.78% 71.56% 63.71%
12 6.0729 71.24% 44.89% 70.11% 71.11% 63.97%
13 6.0187 71.24% 44.00% 71.00% 72.00% 64.31%
14 5.9682 72.19% 44.00% 70.89% 72.00% 64.31%
15 5.9544 70.48% 46.22% 71.11% 72.22% 64.51%
16 5.9521 70.86% 45.56% 71.56% 74.00% 64.69%
17 5.9527 72.29% 45.56% 71.56% 73.78% 64.73%
18 5.9555 71.33% 45.33% 71.78% 73.56% 64.85%
19 5.9575 71.24% 45.78% 71.67% 74.00% 64.87%
20 5.9593 71.05% 44.44% 71.89% 74.89% 64.98%

Average 69.00% 41.60% 66.50% 68.40% 62.58%
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4.2.2 wan1svaaastayanma1eYndl 2 anan1laenssy ResNet50
mﬂmsmmama%ﬁﬂé’mwmﬁwLLumwfﬁ’Uﬂ’gmﬁmUﬂasumlf:al,?jaqﬁ’mﬂﬁqmsﬁa%a
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Dataset
No. 2 Architecture ResNet50
Epoch Validation Training Validation Validation Validation | Validation
Loss Accuracy Accuracy Specificity Sensitivity AUC
1 93.4268 44.29% 35.78% 50.22% 50.22% 52.05%
2 26.8742 54.19% 37.56% 54.33% 53.78% 56.37%
3 11.2199 58.76% 48.67% 73.67% 74.22% 65.89%
4 6.093 59.81% 52.22% 76.00% 76.44% 69.26%
5 6.2784 61.81% 42.67% 66.67% 62.89% 59.44%
6 4.63 62.48% 41.56% 67.44% 64.44% 60.71%
[ 1.9266 66.76% 45.33% 69.56% 75.33% 67.62%
8 1.8325 71.81% 45.78% 66.89% 71.56% 66.50%
9 1.6477 74.67% 46.22% 66.89% 72.44% 66.87%
10 1.6338 74.00% 46.89% 69.78% 73.33% 67.12%
11 1.6134 72.86% 47.56% 71.22% 73.56% 67.51%
12 1.6129 74.67% 47.78% 71.11% 74.89% 67.82%
13 1.6115 73.24% 48.44% 70.89% 74.89% 67.86%
14 1.6119 74.00% 48.44% 71.56% 74.22% 67.95%
15 1.6111 74.29% 48.44% 71.78% 73.78% 68.03%
16 1.6124 73.81% 48.67% 71.56% 74.44% 68.09%
17 1.6129 73.62% 48.89% 71.67% 74.22% 68.19%
18 1.6134 73.43% 48.89% 71.89% 74.44% 68.22%
19 1.6129 73.24% 48.89% 71.89% 74.44% 68.26%
20 1.6123 73.81% 48.67% 71.78% 74.67% 68.28%
Average 68.28% 46.37% 68.84% 70.91% 65.60%
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423 wan1svaaasdeyanmeneyail 2 anaa1dnenssu VGG16
mﬂmsmmama%ﬁﬂé’mwmﬁwLLumwfﬁ’Uﬂ’gmﬁmUﬂasumlf:al,?jaqﬁ’mﬂﬁqmsﬁa%a

amidneyail 2 agldantinenssn VGG16 lekan1smaaeitanssiansedl 4.6 uazding

WamIAN Accuracy, Validation Accuracy, Loss, Validation Loss, AUC tag Confusion

Matrix flaguil 4.21 - .24
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Dataset
No. 2 Architecture VGG16
Epoch Validation Training Validation Validation Validation | Validation
Loss Accuracy Accuracy Specificity Sensitivity AUC

1 157.5506 33.90% 37.11% 34.11% 40.89% 52.33%

2 106.2349 37.81% 49.56% 44.22% 44.00% 66.63%

3 75.9922 50.29% 46.89% 67.33% 68.89% 66.53%
a4 55.9237 52.00% 50.89% 66.22% 83.78% 73.41%

5 41.7606 54.86% 56.89% 82.22% 87.78% 76.01%

6 31.5892 54.29% 60.22% 83.00% 91.11% 78.55%

7 24.1675 56.48% 59.11% 83.67% 86.67% 76.56%

8 187274 56.67% 59.33% 82.33% 86.89% 76.56%

g 17.516 59.14% 58.89% 83.00% 88.00% 77.62%
10 16.9942 59.52% 58.89% 81.89% 88.00% 77.64%
11 16.8679 58.10% 58.00% 81.89% 87.56% 77.59%
12 16.8126 58.57% 58.00% 82.33% 87.78% 77.53%
13 16.7983 58.48% 58.00% 82.22% 87.78% 77.58%
14 16.792 58.95% 58.00% 82.11% 88.00% 77.57%
15 16.7906 58.86% 58.00% 82.11% 88.00% 77.57%
16 16.7898 59.33% 58.00% 82.11% 88.00% 77.57%
17 16.7897 59.33% 58.00% 82.11% 88.00% 77.57%
18 16.7896 58.48% 58.00% 82.11% 88.00% 77.57%
19 16.7895 59.71% 58.00% 82.11% 88.00% 77.57%
20 16.7895 58.57% 58.00% 82.11% 88.00% 77.57%
Average 55.17% 55.89% 76.46% 82.26% 74.88%
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Accuracy, Validation Sensitivity, Validation Specificity wag Validation Area Under Curve (AUC)
Falseavdendoinde 4.3.1 - 4.3.3
4.3.1 Nanﬂswﬂaaa%’agamwdwﬁﬂﬁ 3 aqnaa1lnenssu MobileNetV2
mﬂmsmaaqa%’méf@qumﬁzﬁ’ﬁLLuﬂizﬁ’ummﬁmUﬂﬁ%@«%@@gﬁ@%ﬂﬁﬂ%@gﬁ
amaneyad 3 Tngldantlnenssu MobileNetv2 Tdnanisnaassuansfanissd 4.7 uayd
NIINLLARIAT Accuracy, Validation Accuracy, Loss, Validation Loss, AUC g Confusion

Matrix flagufl 4.25 - .28



M13199 4.7 Awan1snaaasdayanmaieyan 3 3naa1dnenssu MobileNetv2

Model for Classification of Cervical Cancer Screening from Colposcopy Image
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Dataset
No. 3 Architecture  MobileNetV2
Validation Training Validation Validation Validation | Validation
sasl Loss Accuracy Accuracy Specificity Sensitivity AUC
1 91.3061 40.19% 36.44% 47.11% 30.44% 60.86%
2 26.1977 47.71% 34.00% 39.00% 31.56% 54.34%
3 10.5221 51.71% 33.78% 41.44% 32.44% 51.95%
a4 7.9809 55.52% 33.56% 34.89% 32.67% 51.29%
5 7.2239 58.10% 31.33% 36.67% 44.00% 51.41%
6 7.0175 60.10% 32.89% 37.78% 30.89% 51.76%
| 6.9434 60.67% 33.11% 42.67% 31.11% 53.01%
8 6.9185 60.57% 32.67% 45.44% 31.33% 53.84%
g 6.9067 60.76% 34.89% 47.11% 31.33% 54.47%
10 6.8999 60.67% 35.33% 49.11% 32.89% 55.75%
11 6.8938 61.24% 36.44% 50.67% 57.78% 56.77%
12 6.8883 61.33% 37.11% 51.78% 57.56% 57.89%
13 6.883 60.76% 37.78% 52.56% 56.67% 58.42%
14 6.8786 60.86% 38.22% 54.11% 57.11% 59.44%
15 6.8744 61.05% 39.56% 55.67% 62.22% 60.24%
16 6.8704 60.29% 41.11% 56.56% 62.00% 60.93%
17 6.8672 60.76% 40.44% 57.00% 62.44% 61.34%
18 6.8648 60.29% 41.78% 57.78% 62.00% 61.63%
19 6.8624 60.86% 43.56% 58.00% 64.89% 61.99%
20 6.8601 60.38% 43.56% 58.89% 66.22% 62.31%
Average 58.19% 36.88% 48.71% 46.88% 56.98%
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43.2 wan1svaaastayanma1eyadl 3 ananidaenssy ResNet50
mﬂmsmmama%ﬁﬂé’mwmﬁwLLumwfﬁ’Uﬂ’gmﬁmUﬂasumlf:al,?jaqﬁ’mﬂﬁqmsﬁa%a

amneyedl 3 Taoldaandnonssy ResNet50 lenanisnnasuansdansneil 4.8 uasd
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Matrix faguil 4.29 - 4.32
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Dataset
No. 3 Architecture ResNet50
Epoch Validation Training Validation Validation Validation | Validation
Loss Accuracy Accuracy Specificity Sensitivity AUC
1 91.9537 39.14% 33.56% 60.44% 64.67% 59.58%
2 26.7965 46.19% 42.22% 62.67% 68.00% 63.76%
3 11.2678 53.81% 47.78% 70.56% 63.56% 60.44%
4 8.2359 61.24% 52.00% 16.67% 70.44% 64.44%
5 5.0001 62.86% 45.56% 65.22% 62.44% 58.37%
6 3.7106 65.14% 49.78% 73.89% 67.33% 63.99%
| 1.9656 69.14% 47.56% 69.44% 65.11% 62.53%
8 1.768 72.76% 44.44% 66.33% 56.67% 61.32%
g 1.5667 76.67% 46.67% 69.44% 57.56% 62.76%
10 1.552 77.14% 46.89% 68.89% 64.00% 63.33%
11 1.5296 77.71% 47.11% 71.00% 65.56% 63.93%
12 1.527 76.76% 47.11% 71.33% 66.22% 64.29%
13 1.5238 78.00% 46.89% 71.00% 68.00% 64.44%
14 1.5233 77.43% 47.56% 71.67% 67.56% 64.50%
15 1.5227 76.19% 48.44% 72.56% 67.33% 64.47%
16 1.5226 77.33% 49.11% 72.89% 67.33% 64.53%
17 1.5221 77.33% 49.33% 73.33% 66.67% 64.62%
18 1.5219 76.29% 49.56% 73.33% 66.44% 64.65%
19 1.5218 77.05% 49.56% 73.56% 67.56% 64.64%
20 1.5217 76.67% 49.33% 73.56% 67.33% 64.67%
Average 69.74% 47.02% 70.39% 65.49% 63.26%




85

Model accuracy

0.8
0.7 1
- 0.6 1
o
°
=5
L)
2
0.5 4
0.4 1 /
/ —— Train
—— Validation
T T T T T T T T
0.0 2.5 5.0 7.5 10.0 12,5 15.0 L/
Epoch

g‘dﬁ 4.29 n3 LA Accuracy wag Validation Accuracy mnmwaaaa%’agamwdw

%@ 3 3naanilaenssy ResNet50

9

Model Loss

175 A

150 A

125

100 ~

loss

75 A

—— Train
E Validation

T T
10.0 12.5

Epoch

15.0 17.5

U 4.30 n3MUEASA Accuracy Wag Validation Loss ann1smaaasdayaningeyai 3

naa1Unenssy ResNet50



86

Model AUC

0.90 A

0.85 A

0.80 A

AUC

0.75 4

0.70 4

0.65 A

0.60 —— Train
. —— \Validation

T T T T T T T T
0.0 2.5 5.0 7.5 10.0 12.5 15.0 175
Epoch

UM 4.31 n31uludngAn AUC uag Validation AUC a1nnisnaaasdayanmaieynil 3 an

an1Unenssy ResNet50

Confusion Matrix

HGL

14

LGL

22

-

Actual

Normal

HGL
LGL
Normal

Predicted

5U#1 4.32 Confusion Matrix 31nN1snAaadayanIwa1eyail 3 21N

an1Unenssy ResNet50



87

433 wan1svaaasdeyanmeneynil 3 naa1dnenssu VGG16
mﬂmsmmama%ﬁﬂé’mwmﬁwLLumwfﬁ’Uﬂ’gmﬁmUﬂasumlf:al,?jaqﬁ’mﬂﬁqmsﬁa%a

amidneyail 3 Tagldantinenssu VGG16 lekansmaaesnanssiansedl 4.9 uazding
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Model for Classification of Cervical Cancer Screening from Colposcopy Image
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Dataset
No. 3 Architecture VGG16
Epoch Validation Training Validation Validation Validation | Validation
Loss Accuracy Accuracy Specificity Sensitivity AUC

1 145.2997 32.76% 33.33% 33.33% 33.33% 50.00%

2 88.3859 32.76% 43.11% 36.89% 44.89% 57.30%

3 59.0418 40.67% 43.56% 44.22% 46.22% 60.23%

4 41.3093 44.00% 47.56% 52.22% 73.56% 65.46%

5 29.6556 45.24% 45.11% 56.11% 65.11% 63.82%

6 21.6941 46.76% 46.44% 51.56% 72.44% 65.94%

7 20.2524 47.33% 46.00% 52.44% 73.11% 64.38%

8 19.5289 47.52% 45.78% 52.00% 73.11% 65.47%

g 19.3857 47.62% 46.00% 52.11% 73.33% 65.49%
10 19.3078 48.10% 46.00% 52.11% 73.33% 65.45%
11 19.2927 47.71% 46.00% 52.11% 73.56% 65.46%
12 19.2842 47.52% 46.00% 52.11% 73.33% 65.43%
13 19.2826 47.24% 46.00% 52.11% 73.33% 65.43%
14 19.2817 47.33% 46.00% 52.11% 73.33% 65.43%
15 19.2816 48.19% 46.00% 52.11% 73.33% 65.43%
16 19.2815 47.52% 46.00% 52.11% 73.33% 65.43%
17 19.2814 47.62% 46.00% 52.11% 73.33% 65.43%
18 19.2813 47.81% 46.00% 52.11% 73.33% 65.43%
19 19.2812 48.57% 46.00% 52.11% 73.33% 65.43%
20 19.281 a7.71% 46.00% 52.11% 73.33% 65.43%
Average 45.50% 45.14% 50.20% 68.10% 63.89%
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4.4 nmanasastayanimeeyadl 4 9naandnenssusia 3 wuy
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Model for Classification of Cervical Cancer Screening from Colposcopy Image
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Dataset
No. 4 Architecture  MobileNetV2
Epoch Validation Training Validation Validation Validation | Validation
Loss Accuracy Accuracy Specificity Sensitivity AUC
1 84.8665 42.00% 33.33% 48.56% 38.22% 53.86%
2 21.8641 60.57% 32.89% 47.33% 48.44% 51.73%
3 8.5397 65.62% 36.67% 55.44% 53.56% 54.68%
a4 4.751 69.62% 35.56% 49.89% 49.56% 53.25%
5 3.4503 65.81% 32.22% 48.78% 48.22% 50.09%
6 2.2912 68.10% 30.22% 49.00% 48.00% 47.88%
7 211707 68.00% 29.11% 46.11% 48.67% 47.06%
8 1.9361 66.95% 25.78% 42.00% 42.22% 46.21%
g 1.9043 68.00% 26.44% 43.89% 42.67% 46.93%
10 1.8797 70.48% 30.44% 48.11% 48.22% 48.50%
11 1.8779 67.90% 34.22% 51.78% 52.67% 50.38%
12 1.9001 68.19% 37.78% 50.33% 50.22% 50.18%
13 1.9231 67.81% 38.22% 50.33% 50.89% 49.79%
14 1.9343 66.19% 39.11% 51.44% 52.00% 49.76%
15 1.9369 68.76% 39.11% 51.00% 52.00% 51.23%
16 1.9351 68.67% 40.44% 52.44% 52.44% 52.11%
17 1.9302 67.05% 40.22% 53.33% 54.00% 53.14%
18 1.9249 67.24% 42.00% 54.22% 55.78% 54.22%
19 1.9186 67.62% 43.33% 55.78% 55.56% 55.25%
20 19114 69.33% 44.22% 57.33% 57.11% 56.08%
Average 66.20% 35.57% 50.35% 50.02% 51.12%
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4.4.2 wan1svaaastayanma1eyndl 4 anan1daenssu ResNet50
mﬂmsmmama%ﬁﬂé’mwmﬁwLLumwfﬁ’Uﬂ’gmﬁmUﬂasumlf:al,?jaqﬁ’mﬂﬁqmsﬁa%a

ameyedl 3 Tagldantinenssy ResNet50 ldnanisvinassuansdsnsnedl 4.1 wawdl

n31MLEnIAN Accuracy, Validation Accuracy, Loss, Validation Loss, AUC Wag Confusion

Matrix faguil 4.41 - 4.44



M13199 4.11 Aman1maaesdayaninaieyai 4 3naa1dnenssu ResNet50

Model for Classification of Cervical Cancer Screening from Colposcopy Image
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Dataset
No. 4 Architecture ResNet50
Epoch Validation Training Validation Validation Validation | Validation
Loss Accuracy Accuracy Specificity Sensitivity AUC
1 467.9693 40.95% 33.33% 0.00% 33.33% 50.00%
2 24.9125 50.00% 39.78% 62.11% 63.56% 59.63%
3 10.5379 52.10% 41.33% 64.00% 60.67% 60.21%
a4 5.9866 55.71% 42.22% 57.56% 62.00% 60.53%
5 6.6356 53.62% 39.56% 53.44% 55.78% 56.01%
6 3.4668 55.24% 44.67% 71.78% 67.56% 67.42%
7 34114 54.00% 34.22% 57.56% 57.33% 53.89%
8 3.1071 54.95% 45.56% 73.78% 70.22% 68.85%
g 3.0645 56.00% 49.33% 75.89% 77.56% 71.20%
10 2398 ) 59.43% 53.33% 79.33% 74.89% 72.21%
11 3.2341 60.19% 33.56% 50.89% 51.33% 50.26%
12 2.9888 60.57% 50.44% 76.67% 79.78% 71.97%
13 1.3187 64.29% 50.00% 77.33% 80.89% 12.72%
14 1.2418 64.48% 49.11% 77.11% 80.67% 72.81%
15 1.0577 66.95% 50.22% 78.56% 80.89% 73.18%
16 1.0485 66.67% 50.67% 78.11% 81.56% 73.31%
17 1.0252 68.29% 50.44% 77.56% 81.56% 73.44%
18 1.0205 66.38% 49.78% 76.78% 81.11% 73.49%
19 1.0161 66.48% 50.00% 76.56% 81.33% 73.56%
20 1.0146 68.10% 50.44% 76.00% 81.56% 73.61%
Average 59.22% 45.40% 67.05% 70.18% 66.42%
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4.4.3 wan1svaaasdeyanmeneyail 4 anaa1dnenssu VGG16
mﬂmsmmama%ﬁﬂé’mwmﬁwLLumwfﬁ’Uﬂ’gmﬁmUﬂasumlf:al,?jaqﬁ’mﬂﬁqmsﬁa%a

amidneyail 3 Ingldaninenssu VGG16 Tdnansvaasuansdansned 4.12 uasfing

WamIAN Accuracy, Validation Accuracy, Loss, Validation Loss, AUC tag Confusion

Matrix flaguil 4.45 - d.48



M13199 4.12 Aman1maaesdayaningeyain 4 :naadnenssy VGG16

Model for Classification of Cervical Cancer Screening from Colposcopy Image
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Dataset
No. 4 Architecture VGG16
Epoch Validation Training Validation Validation Validation | Validation
Loss Accuracy Accuracy Specificity Sensitivity AUC
1 140.9333 34.86% 33.33% 33.33% 33.33% 50.00%
2 82.3639 32.95% 33.33% 33.33% 33.33% 50.00%
3 52.4555 33.33% 33.33% 33.33% 33.33% 50.00%
4 48.9729 33.33% 33.33% 33.33% 33.33% 50.00%
5 46.5578 33.33% 33.33% 33.33% 33.33% 50.00%
6 46.2433 33.33% 33.33% 33.33% 33.33% 50.00%
y 45.9821 33.33% 33.33% 33.33% 33.33% 50.00%
8 45.9485 33.33% 33.33% 33.33% 33.33% 50.00%
9 45.9198 33.33% 33.33% 33.33% 33.33% 50.00%
10 45.9162 33.33% 33.33% 2% 350 33.33% 50.00%
14 45.9131 33.33% 33.33% 33.33% 33.33% 50.00%
12 459127 33.33% 33.33% 33.33% 33.33% 50.00%
13 459124 33.33% 33.33% 33.33% 33.33% 50.00%
14 45912 IA\BP 33.33% 33.33% 33.33% 50.00%
15 459117 33.33% 33.33% 33.33% 33.33% 50.00%
16 459113 33.33% 33:33% 33.33% 33.33% 50.00%
17 45911 33.33% 33.33% 33.33% 33.33% 50.00%
18 45.9106 33.33% 33.33% 33.33% 33.33% 50.00%
19 45.9102 33.33% 33.33% 33.33% 33.33% 50.00%
20 45.9098 33.33% 33.33% 33.33% 33.33% 50.00%
Average 33.39% 33.33% 33.33% 33.33% 50.00%
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4.4.4 mseRumenanisaaasiuuuldndayaniwaneyail 4

foganmaneyed 4 fmsldmadanmafinUianmaeiunnssandeya
amaneyedl 1 AeTsnswanguam, wadiamsvenenmuuuszezlnail 10%, 30%, 40%,
50% uay 70% waznisliinadansuusunmwaidusunmainadimiievhmsdadnielu
AwaNgeen Lﬁamaauﬂafﬁ’aﬁm%zﬁqwadaﬂisﬁw%mwmaaﬁaLLUU

‘W‘U’J’]GYJLL‘UU ?j@‘ﬂ’]ﬂ"ﬂ@llﬁﬂ?Wﬂ’]EJ"U@Vl 4 loelvaninenssu ResNet50 agdiAn

Validation Accuracy Wiy 53.33%  Gsfianganiaatinenssudu lasaandnenssu
MobileNetV2 §i@1 Validation Accuracy WinAu 44.22% g Unenssy VGG16 laiiianns
Bouinudnvuziddyainnimaiedafian Validation Accuracy Winfu 33.33% adien
WinfuANELd Fswud1 Confusion Matrix Yaeantinenssy VGG16 ayduunanuiaund
seiu HGL  Wlesssduiden  dafulymainnisldannsaeudnadnuasdidyan
awisngld wagan Confusion Matrix wesaniilmenssu MobileNetv2 fuansnsadiuun
AUAnUNATEAY LGL Uag Normal lad uadslaanunsaesuganilnanssy ResNet50 i
afandeyanmmeadl 4 16 1lesananinenssn ResNet50  amnsasiuunal
AnUNAsEAU LGL kag HGL gndadlsannnd

oUSeuiiisuaniinenssy ResNets0 9ndauvuiiaindeyanmareail 1 fu
andlnenssu ResNet50 MnsaLuuRnIndeyanwaieyad 4 wuinan Confusion Matrix
yosiuvuinnteyan ey 4 Ussauiymilumsduunssdu Normal
antnenssu ResNet50 Infiuvuiimndeyanmdneyad 1 ansnsaviléfnitludiuids
LA Validation Accuracy wqamﬁ (62.44% uaz 53.339% AIUAGU)

fAdeaninduuuanaadnenssy ResNets0 mafatuuinndeyaniwaeyni
a4 emaznwuivlymanudueuvesuuuiiguiudndy lesnseaziBesvesieya
amaneyedl 4 andusunmanafinn  esnnmuuuldudnunrddyiidmanie
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Tnenadnuurddytuenaliduiudodilasaesihuuuiidudousnin
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4.5 N139AUIIYNANIINAFDY
wamimaaa&’mwmiﬁwLLuﬂizﬁummﬁmﬂﬂamaqmfaL@iauﬂ'gmﬂm%’agamwma@mﬁ 1
- 4 Yoglaatnenssy  MobileNetv2, ResNet50 way VGG16 tagld Validation Accuracy W
naTlunsTaUsEAnsnmuassuuy wn Validation Accuracy Siawiniu asdenldsuuudisan
Testing AUC a9n318ndiaue Fapn57971 4.13 LLasﬂﬂV\ILLamwamiwmaaqé‘hquﬁﬁﬁqmmm"muﬂ

SEAUANURAUNATDUUBIEBURIIINYATRYANNENEYAT 1 — 4 UARIGIgUT 4.49

M19197 4.13 FFUNANTITNARBINTTIMUNTEAUANUAAUNAYBN LB URIINYATYANNEY

Dataset Training Val. Val. Val. Val.
Architecture | Epoch Rank
No. Accuracy | Accuracy | Specificity | Sensitivity AUC

1 MobileNetv2 | = 20 87.24% | 52.44% 78.11% 79.33% | 70.93% 3

1 ResNet50 8 84.29% | 62.44% 85.78% 83.33% | 16.77% 1

1 VGG16 10 57.90% | 60.44% 82.00% 88.00% | 76.96% 2

2 MobileNetV2 | 15 70.48% | 46.22% 71.11% 72.22% | 64.51% 2

2 ResNet50 a4 59.81% | 52.22% 76.00% 76.44% | 69.26% 1

2 VGG16 6 54.29% | **60.22% 83.00% 91.11% | 78.55% 3

3 MobileNetVv2 | 20 60.38% | 43.56% 58.89% 66.22% | 62.31% 3

3 ResNet50 4 61.24% | 52.00% 76.61% 70.44% | 64.44% 1

3 VGG16 4 44.00% | 47.56% 52.22% 73.56% | 65.46% 2

a4 MobileNetV2 | 20 69.33% | 44.22% 57.33% 57.11% | 56.08% 2

4 ResNet50 10 59.43% | 53.33% 79.33% 74.89% | 72.21% 1

a4 VGG16 20 33.33% | 33.33% 33.33% 33.33% | 50.00% 3

* fUUT Validation Accuracy dAnviniu azdenlifuuuinilen Testing AUC gendnantiaue

* wudgymlunisduunauiaund Jelihudufunuvessuuuniings
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4.6 Ygymimulunisasrsdauuunisduunseauaarnunfvesilawayia

4.6.1 U9 nuanuruvaInInene

[ {

JoyanmaeidayianigluusnaiinuagniidlusguutuiiannIngiafanses
WedumseslsaveiUle . FsluvnasunmdgSnwiaunsofiatsanseauauinUndv
Juusalameni wu ludnwaganuiaunlungu High Grade Lesion ey Cancer Huunng

a111507 09 a N AN TS nwML AN URAUNARADUT 9T ALIWTUUN9S e YA

AMwenedTuIntesniingd Nomal uag Low Grade Lesion

4.6.2  UgymidinumaliALaTyNNBIVBININGY
nstenmidoyinneluuinauinuagn  fmadanswieuuinadeyianely
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(lodine Solution) wagnsaneruTlAWEsATeY (Green Filter) Fausazinatinazaiely

wnnganursalisunuauRadndladie  vilvamaieluszuuiinisanennlegldmeaile
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agunansanliuauuasdaiauaiue

Tuunilagnantanisasunanisandunuuasdoiausiuzilaainnisfinuluasall
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=

dialinsihluussgndldanansaiaudssavsanlaniu

5.1 #5UNaN1SANLLLIY
nsfnwtuasiilaasisiuuulunisdiunssivauiaUnfvesliaigoyds 910
amgeaealualauiilunmaeliaeyinngluuinalinungn NNIANY
LsMeuIauInsal lwaviand nsunmnariues Inefinisudsssauvesnmeanesendu 3
nau fie Low Grade Lesion (LGL), High Grade Lesion (HGL) wag Cancer lngnnaneus
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1% 4
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Y
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v A 14 ! d' = ¥ o v a ad a v
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Y098, NMINANFUAMLELNIIVEIBA™ Fakuuanannenssu ResNet50 Wusuuund
a0

g 1A Validation Accuracy Wiy 52.22% laganansadkunanuiaunfseau LGL 1o

anfes 122 3UN 150 JU FuunAnuRaunfseiu HGL Iﬁgﬂéfaa 89 U3 150 3U Uay
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DICOM VIEWER SOFTWARE

version.3.13.3.0
UserID |

5U# n.1 nihalusunsa EV Insite: DICOM Viewer Software version 3.13.3.0

) Seorch window £V Inihe [CRA) - Crlabhor Hispital Copytight PSP Corparation 8 x
Fe Sech Operstion Vew Hep | . %) S ) A (2 (X4 Y AL y
Palient 1D T”"""L Patient comments ~ | Opx.Den Cer OMR OM6 CRF XA Dus ONw OPT EEs CloT
Patient name. - 0 L) o | B
SudyDate - [07001. 2022|1007 L2022 -] Colemim | Toduy | For2 days | Fonldays | Presct| Clear
—— @ & AR
Saarch server Web Server/A006ed
Interpreled  Patient ID Pallent sex  Study date and time.  Palientage  Patient birthdate Modallty  Accession No. Proc Desciption = Number of images AEtfe  Instituion  Copy CDf...
1 610133272 F 07 Jul. 2022 07:32:00...031Y 31 Oct. 1990 €5 GY65070338-GY005 Colpo 4 ThaiColpase
2 650311002 F 07 Jul. 2022 02:32:00...065Y 08'Apr. 1957 E GY65070316 G005 Colpo SThaiColpoAe

3‘1]17; n.2 %’agamﬂﬂﬂmﬂiu EV Insite: DICOM Viewer Software version 3.13.3.0
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LGL Colposcopy notesSelf HPV project CH 50elf sampling -
LGL  colpo [23/2/65): adequate, TZ3, faint AWE at 12 o clock, no abnar
Normal  colpo [22/2/65): adequate, TZ1, no AWE, no abnormal vessel
LGL  Colposcopy notesSelf HPV project CH 495elf sampling -—> LBC/HP'|
HGL : DR Nuttavut Kantatahvorn, MDmdk
6L colposat TZ type 2thiw AWE at 4-8 o clock
L6L Indication: Persistent HPV Infection (HR non 16 18) x 3 yr mm«
Normal  Colposcope; Preacetic; no lesion, transformation zone type 2Post |
Normal  Colposcopy notes {S/P hysterectomy) Performant: DR Nuttavut Kas
6L colposat TZ type 2thin AWE at 2-4 o clock, no atypical vesselsiMP ||
LGL __ Colposcopy ntesSell HPV project CH 47Sell sampling > LC/HP'
HGL TZtype 1- pre-acetic id
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LGl Colposcopy namsclv HPY WO{KK CH a5Self sampling > LBC/HP'
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[ Colpo pre acetic: small nodule at 120 clock, 0.5 cmpost acetic thin|
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LGL  adequate, T21
LGL  Colposcapy natesSelf HPV project CH 415elf sampling -—> Lac/Hp]
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robocopy D:\MS_Kmitl\IS\ColpoDataset\ D:\MS_Kmit/\IS\ColpoDataset\HGL\ GY64031092-GY005-0003.bmp
robocopy D:\MS_Kmitl\IS\ColpoDataset\ D:\MS_Kmit/\IS\ColpoDataset\HGL\ GY64040231-GY005-0001.bmp
robocopy D:\MS_Kmitl\IS\ColpoDataset\ D:\MS_Kmit/\IS\ColpoDataset\HGL\ GY64050336-GY005-0003.bmp
robocopy D:\MS_Kmitl\IS\ColpoDataset\ D:\MS_Kmit/\IS\ColpoDataset\HGL\ GY64070155-GY005-0001.bmp
robocopy D:\MS_Kmitl\IS\ColpoDataset\ D:\MS_KmitI\IS\ColpoDataset\HGL\ GY64070540-GY005-0001.bmp
robocopy D:\MS_Kmitl\IS\ColpoDataset\ D:\MS_Kmit/\IS\ColpoDataset\HGL\ GY64080101-GY005-0002.bmp
robocopy D:\MS_Kmitl\IS\ColpoDataset\ D:\MS_Kmit/\IS\ColpoDataset\HGL\ GY640808390-GY005-0002.bmp
robocopy D:\MS_Kmitl\IS\ColpoDataset\ D:\MS_KmitI\IS\ColpoDataset\HGL\ GY64090214-GY005-0001.bmp
robocopy D:\MS_Kmitl\IS\ColpoDataset\ D:\MS_Kmit/\IS\ColpoDataset\HGL\ GY64090473-GY005-0004.bmp
robocopy D:\MS_Kmitl\IS\ColpoDataset\ D:\MS_Kmit/\IS\ColpoDataset\HGL\ GY64090921-GY005-0001.bmp
robocopy D:\MS_Kmitl\IS\ColpoDataset\ D:\MS_Kmit/\IS\ColpoDataset\HGL\ GY64100087-GY005-0004.bmp
robocopy D:\MS_Kmitl\IS\ColpoDataset\ D:\MS_Kmit/\IS\ColpoDataset\HGL\ GY64110617-GY005-0002.bmp
robocopy D:\MS_Kmitl\IS\ColpoDataset\ D:\MS_Kmitl\IS\ColpoDataset\HGL\ GY64110904-GY005-0002.bmp
robocopy D:\MS_Kmitl\IS\ColpoDataset\ D:\MS_Kmitl\IS\ColpoDataset\HGL\ GY64120241-GY005-0001.bmp
robocopy D:\MS_Kmitl\IS\ColpoDataset\ D:\MS_Kmit/\IS\ColpoDataset\HGL\ GY64120246-GY005-0002.bmp
robocopy D:\MS_KmitI\IS\ColpoDataset\ D:\MS_Kmit/\IS\ColpoDataset\HGL\ GY641202390-GY005-0002.bmp
robocopy D:\MS_Kmitl\IS\ColpoDataset\ D:\MS_Kmitl\IS\ColpoDataset\HGL\ GY64120502-GY005-0002.bmp
robocopy D:\MS_Kmitl\IS\ColpoDataset\ D:\MS_KmitI\IS\ColpoDataset\HGL\ GY64121259-GY005-0001.bmp
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input_dir = IMG_PATH
output_dir "/content/

C t t di Ry i

if not os.path.exists(output_dir):
os.makedirs(output_dir)

seq = iaa.Sequentia
iaa.Fliplr(1),

1)

Loop ove he_input ‘imag

for file_name in os.listdir(input_dir):

img = cv2.imread(os.path.j

images_aug =

for i, image_aug in enumerate(images_aug):
output_file _name = os.path.splitext(file_name)[B8] + f"_HGL_Zoom6®_Flip_Satu{i}.bmp"
output_file path = os.path.join(output dir, output_file_name)
cv2.imwrite(output_file_path, image_aug)

5UN 2.1 fedreAdenldlundanudayanindle
print('Total Class_Normal images:', len(os.listdir(folder_path + 'Normal')))

print('Total Class_LGL images:', len(os.listdir(folder_path + 'LGL')))
print('Total C _HGL im ', len(os.listdir(folder_path + 'HGL')))

Total Class_Normal images: 500
Total Class_LGL images: 500
Total Class_HGL images: 500

UM 2.2 uansdnuiudayannateaaalualaunaenisudaiudaya
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b o from keras.applications i
tf.random. S
model RN5@ = tf.keras.models.Sequential(
ResNet50@(input_shape=(224,224,3), include top=

layer in model RN50.layers:
layer.trainable =

model RN5@.add(Conv2D(64, , activation=" kernel regularizer=regularizers.11(0.01)))
model_RN5@.add (Dropout(@.4))

model_RN50.add(Dense(128, activation='relu', kernel regularizer=regularizers.11(©.01)))

model RN50.add (Dropout(.4))

model_RN50.add(Dense (256, activation='relu’, kernel regularizer=regularizers.11(@.01)))

model RN50.add (MaxPooling2D(2,2))

model RN50.add(Flatten())

model_RN50.add(Dense(512, activation='relu', kernel regularizer=regularizers.11(0.01
model_RN50.add(Dropout(©.4))

model_RN50.add(Dens » activation

model_RN50. summary ()
Downloading data from htt

94765736/94765736 ] - 4s @us/step
Model: "sequential

Layer (type) Output Shape Param #

resnet50 (Functional) (None, 23587712
conv2d (Conv2D) (None, 1179712
dropout (Dropout) (None, 5 (2]

dense (Dense) (None, 5,

dropout_1 (Dropout) (None, 5,

dense 1 (Dense) (None, 5, 5, 256)

max_pooling2d (MaxPooling2D (None, 2, 2, 256)

)

flatten (Flatten) (None, 1024) (2]
dense_2 (Dense) (None, 512) 524800
dropout_2 (Dropout) (None, 512) (]
dense 3 (Dense) (None, 3) 1539
Total p ms: 25,335,107

Trainable params: 25,281,987
Non-trainable params: 53,120

JUN 9.3 Medlusunsunldlunsadieiuuy

learning_rate reduction VGG16 = ReducelROnPlateau(monitor="val accuracy', patience = 2, verbose=1,factor=0.1, min_lr=0.00000001)

callbacks_list VGG16 = [checkpoint VGG16, learning rate_reduction VGG16]

g‘lJ‘I'?'i 2.4 Tsunsu ReduceLROnPlateau ﬁiﬁﬁuﬂ%’uﬂgﬂﬁﬂ Learning Rate
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Epoch 19/20
- recall 1: 0.4048 - specificity at_sensitivity 1: 0.9062 - se

1.8671 - accuracy: ©.6762 - auc: 0.8901 - precision_1: .84

val_accuracy improved from 6.42000 to O.. , saving model to model_MobileNetV2.hS
] - 78s 2s/step - loss: 1.8671 - accuracy: ©.6762 - auc: ©.8901 - precision 1: 8.8483 - recall 1: ©.4848 - specificity at sensitivity 1: ©.9062

1 - ETA: @s - loss: 1.0637 - accuracy: 0.8993 - precision_1: 0.8605 - recall 1: 0.4171 - specificity at _sensitivity 1: 0.9067 - se

0 0.44222, saving mo:
1 - 79s 2s/step - loss: 1.8637 - accu

sUM A.1 wan1snadaudszansanussdauwuuluusas Epoch

v

- precision_1: ©.8605 - recall 1: 0.4171 - specificity_at_sensitivity 1: 0.9067

Model accuracy
0.7
0.6
>
§ 0.5
=
(5]
s A
v
0.4 X b
% o “‘\\ I’ 4
\\\ /
03 - ’/ =—="Train
— —— Validation
0.0 25 5.0 7.5 10.0 125 150 175
Epoch

JUN A.2 WHUNNLEAIAT Accuracy vasaanuululdag Epoch
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Model Loss
175

150

125

100

loss

j——

75
50

25 \
N, —— Train
0 — ——— Validation

0.0 25 5.0 15 10.0 12.5 15.0 17.5
Epoch

UM A.3 uUAIWLEASAT Loss vasdnuuuluusag Epoch

Model AUC
0.9
0.8
o 0.7
)
T
0.6
~ y A ‘\ — B
/ X
g5 N 2 " —— Train
s — —— Validation
0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
Epoch

JUT A.4 ULHUATNKEAYAT Loss YasiauuuTuusas Epoch
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- 95 459ms/step

recall fl-score support

0.57 - 150
LGL -5 0 E 158
Normal E -0 150

accuracy . 450
macro ave 25 450
weighted avg .5 450

Confusion Matrix

HGL

7

3 oL :
g

Normal 7

©

E

]

=

Predicted

3U#1 A.5 Confusion Matrix ¥asfauvuiiEunsnaaesldanyadeyanaseu

\n"
y:', max(histol
:', min(history R

y:', max(history_MNV2.histor
:', min(history MNV2.history

/_\VGG16.history
6. history[ "

Model ResNet5e
validate Accuracy: ©.5933333039283752
Validate Loss: 1.1929327249526978

Model MobileNetv2
validate Accuracy: ©.4422222077846527
validate Loss: 1.8779363632202148

Model VGG16
Validate Accuracy: ©.3333333432674408
Validate Loss: 45.909847259521484

5U7 A.6 NMsuansAIUsERNSAWYRIRLULLsazaaUnenT T
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Files

h GG B @

(+ |
B drive
@ sample_data

B history_MNV2

B history_RN50

B history_VGG16

D model_MobileNetV2.h5
B model_ResNet50.h5
a model_VGG16.h5

5UN A.7 Waduuuiianga uaglwadeyadinlelunisiaussdnsandaundusaz Epoch
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