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Abstract

Lesion location is a critical information that must be reported by
gastroenterologists when interpreting capsule endoscopy images. There are few
studies on how deep learning models can be applied to classify the locations of
gastrointestinal tract. Therefore, we aim to create a deep learning model for
classifying the locations of gastrointestinal tract (i.e., esophagus, stomach, small
bowel, and colon) based on capsule endoscopy images. Dataset of capsule
endoscopy images (n = 723,681 images from 174 patients) was divided into training
(n = 40,000) and testing (n = 683,674). The images were labeled into 4 organ
locations (esophagus, stomach, small bowel, and colon). We applied the deep
learning architecture (InceptionResnet V2) to the training dataset. Then, the
performance of the trained model was externally validated using the testing dataset.
The confusion matrix of the deep learning model, visualizing the performance of our
algorithm. The model classified capsule endoscopy images into 4 classes with
accuracy of 97.38%, precision of 89.25%, recall (sensitivity) of 94.07%, and fl-
score of 94.91%. The average prediction time was 20 milliseconds per image. In
addition, we have used ensemble for comparison and the results were slightly better
with accuracy of 94.21%, precision of 97.41%, recall (sensitivity) of 94.22%, and
fl-score of 95.39%. The deep learning model demonstrated an excellent
classification performance, which can be used as a building block for the ultimate
goal of creating a fully automated model for interpreting capsule endoscopy images.
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Tutaguil walulagmensunmdildlunisnsinidadelsalussuunaiuemnsniiigafe ndesualgaliane
(Wireless Capsule  Endoscopy)[1] @adutanuuinmdnuaziur  FedidnvazUaeuulaadunanadinla  Idliuas
alnuagduiinnw nsldndeswavgal fanglunisnsinazyiliamnsaiunna e uesss uumaiuems

(FANNN 1) ALARUIUIVIINAIT ONEATNTURLUAN I ANNganL1saINane tnegauiugn wag JUseansSaw

napsuavgalsaneiliausadiuauAauninielussuumaiues W deulleNeonansianuniendain
Wungise nens vseoanvaneidensenlumafiue1mis wse Gastrointestinal Bleeding (Gl Bleeding)[2] Wuannagi
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menguiidesianuaulansihanildanndewalgaliae (i 2)  Wwnssuums  Deep
convolutional neural networks (CNNs) Tunisaniunniw (Classification) AeluszuuNILAUDIMTNABINITILUN
F1uu 4 087y fiaula laun vaene1ms (Esophagus) nsein1ze1ws (Stomach) énldian (Small Bowel) way dnldlua)
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(Fann?l 3) FaazyhlidenuazainiazausIasndulumsiasest enstutudesly wedluswau 4 odeay

= ! S o 1 <) = A = & a‘ 1 ! [ VY
inanuntuianuinandy Nganansasengeiiviaula (Landmark) Fadugaiiegsenineedezlane



apan

e

r

enee

roge 03

o

A9 1 ATWBIBILNYINUNILAUDINNS

Digestive Tract

-

Mouth—— =—Pharynx (throat)

A /
: \__,;.- first Esophagus

Large i

27l 2 : degramuiildanndesuauealianeg

(ﬁu’] : Brown University ua2 Rhode Island Hospital Tnaaa1usaufiafiu Amporn Atsawarungruangkit, MD)



. | ’

image-09905 image-09906 image-00011 image-00012

image-09907 image-00013

Image_ow34 lmage-00035 ‘ lmage-00935 lmage-00936

image-00036 image-00037 v image-00937 image-00938

i Mee

= o ' A o ° &
AN 3 : A29819NLBUNNUNUIUY 4 Aand

(17i3.l'1 : Brown University uwag Rhode Island Hospital lngaausauiiaiu Amporn Atsawarungruangkit, MD)
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2.1 asAAuiTiEatas

2.1.1 Capsule Endoscopy [3]

& ad 9 v v v < ] a v v 1

Jusnmsiildndedfaevmnaidniunisdenmanglumadues  Ingindesareganglunauga
PNAWINIUNETUNIRTRIEndutill  vasiuelgaindeudilusumafiuemisiesienn Faniwnd
= v % v g A = ! D ¢ < oy @ A
viunm  Aldanndesazgnimnulueiestuiin - Fugdigliunmdanansoseaiuneludldbdnuseniely

¥

NunNnsdsanasawuuun@llanunsatndale

1inch
25 mm

Battery

AN 4 ; Capsule Endoscopy

(‘ﬁm : https://www.mayoclinic.org/tests-procedures/capsule-endoscopy/about/pac-20393366, 2019)



2.1.2 Classification [4]

Wunszurunsaiislumavesmsutangudeyalviogluguuuuiidmueal  ewandiifiuany
unsnsszienana dsaneafldsuundoyaastuegifumsinseidnues training data Mdaeuliissuy
Bouii teyalamsoglunanaideaiuthe Feadnsildanmsisouiie classifier model

Yoyadndivaoan training data wluteyadmiunaaey testing data azgriaieuliiou
funguitmanlsanlumaiiiensivaeunmgndes Tasisazdfudsdumasunitegldm accuracy Tuszdv
fingla vdsniudledtoyalmidiun sazideyarinlung
Tnelnmaaanunsnvnuenduuesdoyails

n13 Classification i 2 funoufie

1. Learning Lﬂu%umauﬁ%%m‘iwﬁ training data lmg algorithm we9 classification Wway
learning model QﬂLLVIﬂUgU‘U@Q classification rules
2. Classification  \utumeuiiileld  classification  rules %ﬁmam’sﬁlaaui?ﬂgmﬁ

ansaviwneliegsgndewield Taen1st test data Msmauieglungulaluieu

a [ .
WeunNU learning model



2.1.3 Convolutional Neural Network (CNN) [5]

Convolutional Neural Network (ConvNet/CNN) fodane3fiumisiseu  $iBsdnfianansaldlu
AnBunNAfuAANEALY (wthuazauneuides ﬁL%‘EJuiléf Tudadam)  Fngenelunmuazannsousn
Anuusnaanndndumidld mavszananadmihiiduiuly ConvNet dushndnunnidle Weutusanesdi
msuunUszana q uihdnseduiimanuiuarld Suniseenuuudieile fens training feyadiifiswe
ConvNets Fsazannsaidouiinsesuaudiimaild animonssuves Convet tundendafusuiuuns
\Fousovoavaduszamiluaiemyuduarliiuuse Tumaloinesdnsues Visual Cortex LwaduUszamusas
wadnouauesieduiagluveuluniidiinvosunesiuoaiiubonin  Receptive field lasnssamngy
nangadesntoyafnaiudeusuiielinsounquituiinimiomn Tas NN U neural network i
vanglalesfaziinsey input Mdusunm warUfdRen 1wy nseadiam msuungunw wey nns
detection
CNN agUsznaudieiaasuanevila fo

- Convolutional layer : (Hunsad1e feature map Wiovhueananianluvesnana
dmduusiay feature laomsld fitter lumsfiorsutenmluuiasfinisagnUszasdues
\esi Aonsdum anautAditedlugunindegns iy veukuaks / uuausumslassiud

18 Welniinsnsivaeunnauth naeeg1e way Asldanges (filters) Munndnaiuvanes

diothwngfansauiuizasadunadnsues Neurons wanegiineluiiuiidue dudivh

L g

nmsdunadlundmnawesiidunuaudinfesnunandunnvesiuilugunn  dielild
HAENSLI192AEUNS dot-product $¥1319 Conv-Layer uastuduns
- Pooling layer (downsampling) : {Huisesunffiagunsn Pooling Layer 1usyazs s81ing

Conv-Layers #isiatilosniuluanrlnonssy CNN wiivesdu Aon1anUuInYeINSLARIHA

Wnsnd) Lileanduiunsiwes  (waduszamusazdinelaindunisiwed) wavnns



FunluwsiavieSetevesiy Taslunisdumaunsalddriian (Min Pooling) fgean
(Max Pooling) Xa323 (Sum Pooling) wazALade (Average Pooling) Tuniseuias Feature
Map azgn uuseeniduuden wuasneg Fannld38 Max Pooling lunisduaa eiilst
fiflornasgn (Max Value) wausiazudon Conv-Layer way Pooling Layer e manee
adadiofanantirianadlulugunmaniuiunsuundunnnesnedifasdonsetuial

goidusgauysal (Fully connected layer)

- Fully connected layer : \Ju Hidden Layer wag Output Layer vaslasstnguszaviiieu
A9 Fully-Connected Layer 3avihwihiilun1sisens (Training) wagn13dnuun Ussinnves

TglaenadnsnlanAodnuaures Class Aifeanis $1uun

andmenssy CNN ALy

- ResNet50 [6] : ResNet50 ¢8u1391n Deep Residual Network fifsuuaiwesly

2 ' & ) o aAa 5 & Aa & I
‘Uaaff[,my 48 ¥uU + ‘Uuﬂauhgﬂmwmﬂu%u input + YU Dense NAATW output LUUNNT

witlyw Vanishing gradient Tnenslanneda (Shortcut) Tulasstng deluniwdi 5

ResNet-50 Model Architecture
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(ﬁm : https://www.aimspress.com/aimspress-data/mbe/2020/5/PIC/mbe-17-05-328-g007.jpg)
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GooglLeNet/Inception [7] : @a1tnenssuiid 22 wawes Jeinidelaasrisnisindisenin
Inception Module Junsiasuulasanaatnenssuidudsuiu  lunisawesasil

feature extractors Wa1eFUALVA  network UfURNslaRvulunden  Fanelu

andnenssu aziiviany Inception Module Adouiu Aslunnwi 6

@ convolution [ Average Pooling [} FullyConnected [} Dropout
) maxpooling [} Concatenate . Softmax

a i 6 : darllnenssy InceptionV3

InceptionResnet [8] : @35137ulaun13593 ResNet waz Inception lae#ilu batch-normalization
agldianziuiawes safuituunuiias duinuuuresnisagUlneenzegibsugaiinie
gnihanldiiielianunsaiiiudauuien Inception wasvilirudnveueseteiiudu fildnar
P v & P IV~ PN Y o ERE a3 L. =

LineunthillgymninudaaenifeifesiueievieidnuinAetuneuns training sl
Iolaegldnsdonsien  drudulunuuves ResNet ieSetngazanvundIufivioas Wuuwims
afiuszansnmiteunlallgvinis training Awudle nslddinsesdiuauinn @wnnda 1,000
dinseq)  fgnliluaiedne  Adunmi 7 laeAuuandeves  InceptionResnetVl  way

InceptionResnetV2 fifie #109 InceptionResnetV1 duiinsAuiuilndifsaiu InceptionV3 dau

InceptionResnetV2 Huiln1sAuiunlndlfesiv InceptionVa
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2l 7 : danUnenssy InceptionResnetV2

(°7ian : https://www.researchgate.net/profile/Masoud-

Mahdianpari/publication/326421398/figure/fig9/AS:649354851385344@1531829669740/Schem

atic-diagram-of-InceptionResNetV2-model-compressed-view.png)

2.1.4 Ensemble [9]

Juwadeiifinsihanldinnlunisiam leaming model 1y machine learning Tnsawizithmuneg
nsiiuUsEavBnmnig aueslunalaemadiaves Ensemble axdieg 3 wuumdneg
- Bagging (Decision Trees, Random Forest wag Extra Trees)
- Boosting (AdaBoost wag Stochastic Gradient Boosting)

- Voting (Decision Tree, SVM , K-Nearest Neighbors)

2.1.5 Evaluation Metric[10]

Wisudueguuudmsuusdanugnieweseilumarhuemnaasuuuasiaziaveninlunaiud

Usg@ndnmuin  #ieg1ewes Evaluation Metric wu  Confusion Matrix  Juduwmeailalunisasuna

Usgandnnwaa Classification Algorithm


https://www.researchgate.net/profile/Masoud-Mahdianpari/publication/326421398/figure/fig9/AS:649354851385344@1531829669740/Schematic-diagram-of-InceptionResNetV2-model-compressed-view.png
https://www.researchgate.net/profile/Masoud-Mahdianpari/publication/326421398/figure/fig9/AS:649354851385344@1531829669740/Schematic-diagram-of-InceptionResNetV2-model-compressed-view.png
https://www.researchgate.net/profile/Masoud-Mahdianpari/publication/326421398/figure/fig9/AS:649354851385344@1531829669740/Schematic-diagram-of-InceptionResNetV2-model-compressed-view.png
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2.1.6 gaslunisauiualdlunsusslinussdnsamuaslunal11]

Precision: \Juanutanluvesinnuassiilueatzyiuie gndewinnisieviomn Taelgnsiu

ANSYNUNYHININT 8

TP
TP+ FP

Precision =

= ' ..
NINN 8 : gnINI1TNIA Precision

(finn: https://developers.google.com/machine-learning/crash-course/classification/precision-

and-recall)

& A i ° 1 -:4' i < Wy a I i
Accuracy:  Wuafivsveniilunareuswihrnggnisueiilefidud  asasdidegsendn 0-1

Farmannladilng 1 w0 nunefaanuwsiugun Tgestunisvimngdsning 9

TP+TN
TP+TN+ FP+ FN

Accuracy =

A7 9 : gATNIIMIAN Accuracy

(iwn: https://developers.google.com/machine-learning/crash-course/classification/accuracy)

Specificity: 1Junsuszdiuan True Negative fildainnisvinnevediuea nefgaslunisviune

HININA 10

True Negative

Specificity = - —
pectficity True Negative + False Positive

A 10 : gnIN15MAN Specificity


https://developers.google.com/machine-learning/crash-course/classification/precision-and-recall
https://developers.google.com/machine-learning/crash-course/classification/precision-and-recall
https://developers.google.com/machine-learning/crash-course/classification/accuracy
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(‘ﬁm: https://medium.com/fintechexplained/sensitivity-vs-specificity-in-data-science-

2f673039dbd1)

Sensitivity: Sensitivity %58 Recall tHJudndiuvesdn True Positive Aildainnisviunevedaing

lnedgnslunsvinngdsning 11

True Positive

Sensitivity = — .
- True Positive + False Negative

A 11 gnslunnsmean Sensitivity
(17ian: https://medium.com/fintechexplained/sensitivity-vs-specificity-in-data-science-

2f673039dbd1)

F1-Score: wWuAMRAULUU Harmonic mean $e%319 Precision Way Recall l¥imaduaiunse

vosluna Inedanslunsviinedanini 12

precision *recall
F1=2 *

precision + recall

nwit 12 : gaslunswnen F1 - Score
o & TP, a =
un: https://medium.com/@é15162020027/metrics—wug’ma’mw’mﬂizﬁwﬁmwuaﬂuLﬂa—machine—

learning-c00fcc32fa30)


https://medium.com/fintechexplained/sensitivity-vs-specificity-in-data-science-2f673039dbd1
https://medium.com/fintechexplained/sensitivity-vs-specificity-in-data-science-2f673039dbd1
https://medium.com/fintechexplained/sensitivity-vs-specificity-in-data-science-2f673039dbd1
https://medium.com/fintechexplained/sensitivity-vs-specificity-in-data-science-2f673039dbd1
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2.2 MAReiifiadas
2.2.1 Automatic Classification of Digestive Organs in Wireless Capsule Endoscopy Videos [12]

unanuiidunisihiflennndeaalgaliaemuundunn  wasyinism  feature  fid1Agyiign
= & = = P = & o Yo @ = v o g v o
Falu pattern vasdvlufinsindeulmizdudnvaglndifesiuneluedvisidesiu ilviauisodwun

2382rN8lUTEUUNLAUBIMNT A

2.2.2 Deep Convolutional Neural Network for Ulcer Recognition in Wireless Capsule Endoscopy:

Experimental Feasibility and Optimization [13]

v
=

uneuiidunisdrsnenundululiveanstenl @dndmiunsandunalunsznigesuay
Yfuupmsandiunalunseimnzemslagld CNN-based dwsunmainnaeswalgaliane lnonmsliasignau
MsTUNLHALaraNYETIM TS BUEnLUUeanadn  sldiaueanUnenssy HAnet 7l¥ ResNet-34

JueSevreiiugrunazuquantilaosnnaessuumenuaniinanaddiluawesfidanniniieldlunis

2.2.3 An Automatic Gastrointestinal Polyp Detection System in Video Endoscopy Using Fusion

of Color Wavelet and Convolutional Neural Network Features [14]

uneuiRgfussuuiludffieaduayunsesedy Audolumaduens ssuuifudeyaifle
91n3Aledoands (Endoscopic video) waglunadnsazuansd (polyp) farszy lngldldfliaes Color wavelet
(CW) uaz Convolutional neural network (CNN) weunsi3dlegnueniassaudinigiu Faldlunsmsu
support vector machine (SVM) msUszifiugudeyaniasgiuvesanssauzuandiifiuiissuuiiaue

AUsEaNSNWtanIN IS NS IviuadNe
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2.2.4 Classifying digestive organs in wireless capsule endoscopy images based on deep

convolutional neural network [15]

Yuexian Zou uagmny Lolauensld deep convolutional neural network (DCNN) framework
WeTivzyhnmssuuneloivdesomslunn - Wireless Capsule  Endoscopy  (WCE)  iiensansn
AnaLTRTsAIINETes  Tigdiudie  Weliussadmnefinanidinsadssruumsduuntssam
WCE Tngld CNN-based Toilaagnaiiusz@nsnin (DCNN-WCE-CS) saunw WCE 93991nUszanad 1 aunm
nMsnnassegRdlafiarsdunsifioseiiulsyavanmlnensaeimsilmesiiuanaiy  nadnsuansls
Whidwssavsamimienindlowssudisuiainssuunuuusaiulnefenuusiuglunssuunyssanan
svanad 95% anansavilalnenisiads Belundniiu DONN-WCE-CS suilrumunusionisiUasuulasesnm
WCE é’mﬁmﬁwqﬂﬂaLLazamumizﬁizuumqLﬁummiﬁ%’u%umuﬁqﬂ’131/13,4umnﬂ%uuﬂamamadw

YININ WCE

2.2.5 A deep convolutional neural network for bleeding detection in Wireless Capsule Endoscopy

images [16]

Xiao Jia waz Max Q-H. Meng ldnauenagnsnisnsisdunizidensendaludflm laeldlasane
Usganmiileandadin (CNN) wagldigvesmanian Tun1suseidiu 10,000 nw nndesualealiane (WCE)  wansnaaes
S a & Y & 1 ad a a a - | aa a o @ @
MmisAuUszann 2% Tuezuuy Fuaadliiudisnisveusilusedniamvilendnisnsiviuady lunismsiaduns

ANLden WCE Azuuy F 7ivinlade 0.9955

2.2.6 Breast cancer histopathological image classification using convolutional neural networks

with small SE-ResNet module [17]

Yun Jiang wazamy leoenuwuulassineussamifisuwuulut@elseneudie tawes convolutional

luga SE-ResNet mmninuaviatesileusongvauysal wnwildtausluga SE-ResNet vunmdntadunis
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UFuUans5iuiures Module e uag Squeeze-and-Excitation block Uarussquseansamiiaaieiu

Tngdnnsdwestesad

vennilsiauafidamnsdannmadeudlmitannsaiuussdnsnmivondelaglifossusas
maFoufedndudoumsendliuuuiassdmiumssuunamidodensdadulasdalui®  (yadoya
BreakHis) eonilu 8 ¥fingos  WANITITENUIIUUTIADIWOUIITAINUYNABITZNING 98.87% Uay 99.34%
FWSUNIIUUNAVFIUAD WAL UTIAANULIUEITENIN 90.66% Uag 93.81% dmIun1sdiunyseian

HANYYU

2.2.7 Hookworm Detection in Wireless Capsule Endoscopy Images With Deep Learning [18]

[

wedUnveduamnddyduiuiuguesmaduthevesnsauaziin - dadusuanausiegunn
s A & & | 1% v % ° Yo a o wa
vouywiliasig  Unnsdesndedliansualga  (WCE) lignihlldiunisesiavmensuinue Tnednlulii

[ Ao o <) v a
Undenendudsnadunu Avhmeiiuly

TutsldAdanuneseeUssamiiens@edn (CNN) Tewanslidiuialssansamdiuiuseriulalu
NUAMTIATIINN  wagddleluanddedidusnsaunsnsiamnensuinvesgsananiiwlantuddmsunin

WCE %ﬂﬁ’]ﬁ@ﬁgﬁLLUUﬂ’ﬁiJ’eNLﬁULLagzﬂLLUUViE]“U@ﬂW g15UINvONTOUNU

nsnaaesiniiunsiunidduyedoys  WCE  #ilvgflaandsunmdszanas 440,000  WCE
Fauandiiuiaszansamessnseunisasiavmesuinveiiaweiiufivssdnsanganindsnsiiviuadivary

Twazgauududiagmesdinig - MbhaueunsasrammneSuinvenandiiudisdnanmlunislinieedin
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2.2.8 A hybrid convolutional neural networks with extreme learning machine for WCE image

classification [19]

Jia-sheng  Yu  wagangladnulgmnisduunameeiildanndewalgaliane  denountil
MeAnzEIAEleNigatinseuunsdwun Convolutional Neural Networks (CNN)-based WCE fiaugneies
95% lneads Feanideiazuansbiiuidaenismdululdlunisuiudssmnudssansamlunisdiuun Towa

A153UN feature YVBINWIANINTU waznISERILUIRang (Classifier) NUSEANSAINUINTU

Tunsideilaniziidelmaueniseaniuy WCE classification Ing hybrid CNN 38 Extreme Learning
Machine (ELM) &algia$1a CNN 1usiaduun features Iduindousnedeyauazli ELM 1lu classifier wnu full-

connection classifier MlUAUUNALUTELUUNTILUNAGIEUDI deep CNN

¥
[ = A

szuuunawendaaUyalfaneiinief3idulimunutioin HONN-NELM Fwadnsuansliiiu
Pienugndesegn 97.25% lasady FallusgdnSamAindinisduunaanawuumly uagdS CNN-base

LUUUNG

2.2.9 Convolutional Neural Network Technology in Endoscopic Imaging: Artificial Intelligence for

Endoscopy [20]

o

WiadaqifinisusulgsnddglutyanussAvglassieuszamiisugninunldlul 1950 egrslsinng
Wesnnunantuidslunisussiananm  uasyadayanliismeniotngUssamiflenilasuauisionsou

nndgymnislaszavanunnuluuaznismelivessmslasyavddniunsilineusuirievioidisdn (deep

network)



18

wAniliiwwalduinnduiiesnnanuaunsatunisuseaianatoyavuna g iiiudun1susuusemeg
IMsUsEIaNanenigUsTEInaNaLuUTL A danesoulmid s uLAIeR1eiisadn (deep neural network)
= o & & = = ' ad g ¢ 1 a
Felsrauanudnsunndukasimannuaulaluaielamunis@nwagalumaluladiluuseleviogads

dwsunsldnumanisunmduazmguaauninlagianizegnaddunisaienmnisdedndes

2.2.10 Uncertainty-Aware Organ Classification for SurgicalData Science Applications in

Laparoscopy [21]

v

Inermansteyansindnlasumsiauniuadeyamsumeiit inguszasdiitedanaynasdiin
Funelunarsounssuiunistidaiitelimnutsmdelaglidoyadumduniouanumsal  Tuuiunvesns
Ainneiifledeandesmsdinuneoziuiuglugpmewes  ndesdenmingliAnaimemanadely
fitnsnazreiaueiinslml Tumsuunlasseaomameimeuaznsiaufinnmdsding ineusiulanelu

WeUsviliuUsedvsnmuesiuesmeanuiileiiegauavasnsatluldiuiiadeya RGB wag multispectral

(MI)

®s 0 mIddnelvwazaiiunsieglinisdnvananduuy  Superpixel mudeyavesguiuuuay
msazfioundu nMsduunaudedugnUsadiulay nslinmzinisnszaedvesnnuinsdulusyiuaaa

nsUssdiunavesmalulagntiausavaniunsiiunglusinievemyna 7 63

wadns : Wethluldiumsuiinamenuudugilunismeaswenguane WNTUaIN 65% (RGB) way

80% (M) 11 90% (RGB) waz 96% (M) $1un15Tn e
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3.1.1 BuuuazLNulAsINg
3.1.1.1 [@envvelAsans
3.1.1.2 MYpUARNWILUIAALAE NG
3.1.1.3 Benwesedle
3.1.1.4 Mnuas1UazdunuedlasInig

3.1.2 MIIATIERIZUU
3.1.2.1 Anwmann15vas CNN
3.1.2.2 Anwian1Unenssy ResNet 50 uay GoogleNet/Inception  Ua¥ InceptionResnetV2
3.1.2.3 Anwmdnn13983 Ensemble

3.1.3 N598NLUUTLUU
3.1.3.1 neaould Algorithm 7ilddenls
3.1.3.2 wisudayanmatnndsualgaldane
3.1.3.3 @519lunanuudnasswas CNN
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3.2 gunsnluaziAsasiionldy

3.2.1 813aW15 (Hardware):

3.3.1.1 ABUNLNDS

3.2.2 gasluasuarlaus3ild (Software and Library):
3.2.2.1 Jupyter
3.2.2.2 Pandas

3.2.2.3 Keras

3.2.3 il (Language):

3.2.3.1 Python

3.3 yadiaya (Data set) Mldau

Tdnmannndeualealianeain Brown University uaz Rhode Island Hospital Ingadusiuileiu Amporn
Atsawarungruangkit, MD uaz Dr.Kawee Numpacharoen 3sldgn label TH3aufosuds ludnnuiviun 174 au
wuUsliiilu training set Ivisvun 123 aufidrwauniwvisiun 40,000 1w agld Esophagus 3,000 §U Stomach 12,250

35U Small Bowel 15,000 5U uag Colon 9,750 5U uae testing set viavun 51 AUHTIUIUNNIMUA 683,681 NN

Ingl¥ Esophagus 918 §U Stomach 71,912 5U Small Bowel 558,791 31 wag Colon 52,060 U



3.4 N19RDNLLUUIEUY

UAUASINISANLEUEUY

1.1 Data Acquisition

1.2 Data Preparation

1.3 Data Modeling

1.4 Data Evaluation

= o o A
AINA 13 : BRUNINITALUUIIY

v o

Tngsreazidenvasnisantiunuazaiunsnaduneegrsasdenlined
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Data Acquisition

& ° Yy A& o v qu .
‘Uu@lalm']iﬁ]"lLLUﬂﬂ']Wﬂ'JEJﬁJaﬁ']WiUI‘U train model

1. AsulsumsILunAwynsvanlian wwaz g Excel @ MTUNITIILUANINAIN Dropbox

Frzuwvnlulvamesvesdeyanausdl 20152019 Fumelulvawmesvessiazlavdszneuie  nameseos

Town
= < . v PR ' ) a
1.1 Images TIVELAU zip VOUANINVDINUIBUARZ AL NN 14
1.2 Label fiulwd mapping Fadudeyafiazuenin eanandesivizla Buduuazduaaiviaile
AININN15

13 Time Faagsunulddmsuusveninawuninainlnanes Images
vosrthewsazaunseiuala AN 16

LabeledData

2015 2016 2017 2018 2019

A 14 : Tlawas Images aelu Drop Box

v Label

Sorted by name

mapping_Deidentified 2...
15.xlsx

i 15 : Tawma$ Label 91 Dropbox
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> Time

Sorted by name

a.

1701001_time.xlsx 1701002 _time.xlsx 1701003 time.xlsx 1701004 time.xlsx 1701005 time.xlsx

Al 16 : awe$ Time 910 Dropbox

P

\Unalwd mapping Meglulnaines Label uagy row 71l column Folder Name asafiulvlawmesiisiaants
EMINITINUNNIN b3 1801005

Ualwanes Time uag WonldvasgUiefiagyinnisduunnn WU 1801005 A9NIWA 17

Insert  Page Layout

- — n L e .
% cut calibri A& =@ - Hwaplex General - B l_‘,l uj €= Tx [l | T Autosum Ay ,O
25 T - |l o (ST (5
ste e B e A - = . o o 3  Conditional Formatas Cel nsert Delete Forma ort & Fing
B I U 3 € 3 5 Merge & Cent % |
- Format Painter - A = B | [ Merge & Center ¥ " Fommatting- Table - Styles~ - - #Clears Filter - Select -
Clipboard ] Font = Algnment ] Number [ Styles calls Editing Sensitvity ~
1187 - f -
A ] c D E F 6 | H | ] K L M N -
1 toDropbox ziped time Folder Name _Folder Name (Deidentify)  n_Images _isEndoscocpyDeployment  FirstEsophageal _ DistalEsophagus GEjunction _ Zline FirstStomach _ FirstPylorus _ LastPylorus
167 7/18/2020 1 1 1201007 7biKfg3300_P 9828 0 00:00:04A 00:01:558 00:45:37F
168 7/18/2020 1 11801006 iV610w3300_F 13880 0/00:00:168 00:00:20 00:00:228  00:1%:218  00:19:23E
169 7/18/2020 1 11201005 QF00aA3300_P 10332 20 00:00:26A 00:274  00:32:35 00:32:368

tion Failed)

oo X Cut x| = T [0 P Tx =" X Autosum - A
i, o calir n | K& ==E ®-  Bweplet General - | | W Ty | em B iy T O
PaJPCc"w' | : | | c\:ﬂwi‘ e = ILT\ F e si&r»da
ste S| G- A == 5 . Lo s <t | Conditionl Formatas Ce msert Delete Format & Fi
B I U = = = & 52 FMerge s Cent % &
7 Fomt Painter u-= 4 EE [Etegeacensr - | $-% 2[5 | oo e oyt | o e o | #Cears s ot
Gipboard o Fort 5 Algnment = Number = Sty e Editng Sensiity ~
120 i =
A B c D E F G H i J K L M N o P Q R s T u v w -
1 |hh mm s
2 0 0 19
3 0 0 20
4 0 0 20
5 0 0 20
6 [} [} 20

Al 17 : fegelnd mapping wazlug Time

au row wsnvadndlulnawmes Time fflvauaidu hh, mm, ss wislmavrveanarlunnnsatudisuranIn

U

Tulwawnes Images @vagasanauduaulun1svinenu
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5. WalndmesdeyanimvefUiefideanis 1w 1801005 Wein3euyn1sduunan dsn1wmi 18

ource > 2018 > Images > 1801005 v () A Search 1801005

image-00001 image-00002 image-00003 image-00004 image-00005

A&

image-00009 image-00010

image-00006 image-00007

image-00011 image-00012 image-00014

1uil 18 : dayanmvasiae 1 Ay

6. ailawesivadmsussudlddoyanazinmsduunaim Faneluszuundu

a8 UAAIATILISIABINITINUIUY 10 AANE AINTNT 19

ata > Labeled > 2018 > 1801005 v | D O Search 1801005
~
Name Date Type Size Tags
Colon 11/22/2020 7:50 PM File folder
Distal Esophagus 11/22/2020 7:50 PM File folder
Esophagus 11/22/2020 7:49 PM File folder
GE Junction 11/22/2020 7:50 PM File folder
IC-Valve 1172272020 7:51 PM File folder
Other 11/22/2020 7:50 PM File folder
Pylorus 11/22/2020 7:51 PM File folder
Small Bowel 11/22/2020 7:50 PM File folder
Stomach 11/22/2020 7:50 PM File folder
Z-line 11/22/2020 7:50 PM File folder

A 19 : amasiudsmuduiunanais 10 Aand
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v '
a a‘

7. lulWd mapping 9gil Sheet 91 2 dmsuvenveulniraalnazisufuLasduaaLrUslafInINA 20

q

1ifthe capsule is depldved using upper endoscopy, 0 if the capsule is swallowed (typical method)
f Lastimage = "colon”

isEndoscotpyDeployment

Variable Description

main orgain / landmark description Range of images

11 FirstEsophageal main Esocphagus [11-15)

12 DistalEsophagus landmark Distal esophagus  [12-15)

13 GEjunction landmark GE junction [13-15)

14 Zline . landmark Z-line [14-15)

15 FirstStomach main Stomach [15-18)

16 FirstPylorus landmark Pylorus [16-17]

17 LastPylorus main small bowel [18-110)

18 FirstDuocdenum landmark IC valve [19-110)

19 First_IC_valve main colon [110-Lastimage]
110 FirstCecum

Lastimage last image of organ
f Lastimage = "small bowel"

main orgain / landmark description

Range of images

main Esophagus [11-15)
landmark Distal esophagus [12-15)
landmark GE junction [13-15)
landmark Z-line [14-15)
main Stomach [15-18)
landmark Pylorus [16-17]
main small bowel (18 - Lastimage]
landmark IC valve Not applicable
main colon Not applicable

f Lastimage = "stomach"

main orgain / landmark description

Range of images

main Esophagus [11-15)
landmark Distal esophagus  [12-15)
landmark GE junction [13-15)
landmark Z-line [14-15)
main Stomach [I5 - Lastimage]
landmark Pylorus Not applicable
main small bowel Not applicable
landmark IC valve Not applicable
main colon Not applicable

AN 20 : MFIIUIUBNVBULUAYDILARZ ARG

8. Swihnswlanm  Teeluiluld wawgi Ansany

mapping column  FirstEsophagus row
v a v ° = a < v a

VOINUIBNLTIADINITIILUN FININANA 21 LU suazﬂaiu cell Ap 00:00:22D

H169 - S 00:00:22D

A B C D E F G H
e

1 |toDropbox ziped time Folder Name Folder Name (Deidentify) n_Images isEndoscocpyDeployment FirstEsophageal
167| 7/18/2020 1 11801007 7bIKfg3300_p 9828 0
168| 7/18/2020 1 1’1801006 ivelow3300_P 13880 0 00:00:16B
159' 7/18/2020 1 1’1801005 QF0QaA3300_P 10332 0|00:00:22D
170| 7/18/2020 1 1’1801004 za7jew3300_P 10427 0 00:00:28D
171| 7/18/2020 1 1’1801003 YKn3Gw3300_P 10599 0
172| 7/18/2020 1 1’1801002 RPIS8A3300_P 8304 0
173

o < . o o o
279 21 : ANIWE mapping dmsunsIuunnn

9. Tluiilwdoninawmes Time 19u 1801005 time udiguaisiléannlud mapping e 00:00:220

nduhliieuiu column wsniidu 0 column Azl 0 wag column faufidu 22D (228uid)

uuImsIAU row 71 11 Faweds nwisusdiuves Esophagus Wunnd 11 lulnawmesamvesithe Fuaty

Dista



26

amil 0-10 AzegluliamesiPedn Other Juawiiunmaausiisundundeuaugaliaeauianeu Esophagus

HININT 22 way 23

A B C D E | F G H J | K L ™ N
1 1] 0 19 In Folder
2 0 o 20 Other
3] 0 0 20 Esophagus
4 0 0 20 Stomach
5 | 0 0 20 Small Bowel
6 | 0 0 21 Colon
7| 0 0 21
8 | 0 o] 22 Distal Esophagus
9 | 0 o 22 GE Junction
10 0 0 22 Z-Line
11 0 0 22- Pylorus
12 | 0 0 22 1 IC Valve
13 | 0 0 22
14 | 0 0 23
15 0 0 23
n:i o ' a
AINN 22 : GI"JE]EJ’Nﬂ"IiLﬁaﬂﬂ'IWIUﬂa"Iﬁ Other
wrce > 2018 > Images > 1801005 v O A Search 1801005

image-00011 image-00012 image-00013 image-00014 image-00015

27 23 : AMTNUsNYae Esophagus

10. ¥1gunwdt 1-10 annnit 23 Tdlulnlawmes Other fannil 24

ibeled > 2018 > 1801005 > Other v O O Search Other

image-00001 image-00002 image-00003 image-00004 image-00005

image-00006 image-00007 image-00008 image-00009 image-00010

Al 24 : dinwldlulnawmes Other
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11. f\;m%m;fusum Stornach 9213471 column FirstStomach Tulwd mapping %Q‘ﬁjayjalu cell Ao 00:00:27A

Wioglulg 1801005 time 92as4AiU row 1 34 feliuveuinved Esophagus Awogseninnini 11-33

ntusFahnmg 11-33 1ilvawmestie Esophagus AN 24 Lag 25

[
o
0
0
0
0
1
0
0
0
o
1
0
0
0
0
0
0
0
0
0
[
0
0
0
0
0
1
0

Sheet1

cccoccccccccccocoOccCcooOO0coReRe e

g % C X o . F f I-A
b oo BRI e 2 [onen - b, P e : . 27 o)

Paste . o e A - N s w3 s Conditional Formatas Cell 8 S sona Find &

we LB a1y i =xaan e | % | e ke Saes | i Fomate | @ - Farars Soiert-

cipboard font n signment w Number 1 sy cells cdtng sensibty |
L169 . £ | oo0027a -

F G H J K L M N o O
1 |n_Images i Deployment | i GEjunction  Zline FirstStomach _ FirstPylorus  LastPylorus  FirstDuodsns
167 9828 o 00:00:044 00:01:558 00:45:37F 00:45:384
168 13880 0 00:00:168 00:00:20 00:00:228 00:19:218 00:19:23F 00:19: 244
\65' 10332 0 00:00:220 00:00:26A |00:00:27A IM‘HSE 00:32:368 00:32:36C
170 10427 0 00:00:280 00:00:298
m 10599 0 00:01:03 00:26:27A 00:26:33A 00:26:338
172 8304 o 00:00:46 02:07:10 02:07:148 02:07:148
173
174
175,
176
7
178
179
180
8
182 <
. DeidentifiedData ~ Definition @ 4 v
Featy o = T - 1 + 0%
= ° 1 <
and 25 : inwldlulnamas Esophagus
ibeled > 2018 > 1801005 > Esophagus v O £ Search Esophagus
image-00011 image-00012 image-00013 image-00014 image-00015

. e

image-00016 image-00017 image-00018 image-00019 image-00020

image-00021 image-00022 image-00023 image-00024 image-00025
. d \é‘
image-00026 image-00027 image-00028 image-00029 image-00030

image-00031 image-00032 image-00033

amdl 26 : thawldlulnawmes Esophagus
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12. isuituneun 8-11 Wauasunnededr lnugueuiunvetusaraieny danini 20
13. awiildlulsawesAdu Landmark léun Distal Esophagus, GE Junction, Z-Line, Pylorus, IC-Valve

ﬁlzLﬂumwﬁﬁagﬂu 4 panavan len Esophagus, Stomach, Small Bowel, Colon Lturiu

Data Preparation

1. hamdleannisawuninudlalvawesiwendulsazaunuiy  Inefieforzvaiwsasaudinseniiu

Tihunsudulnamesudnlnawmasinen sanini 27

1701002
, 1701004
1701006
1701008
1701010
, 1701012
1702006
, 1702008
, 1702010

awdl 27 : Ilawmesvssusazauiivhunsuiy
Tnennelulvlainesdandl 10 Aanded nunmd 19

2. vhmswdanguvasnmitasinld Ao g asdulndnmdmiu train @ asdulwdnmdmiu valid
Ml 28 sadiseeniuiieiesemsdonnm war fldinminsududulrlawmesifsaiunsziienin

Wawesaziivwalvgun Snnuieliiesdenismityaralatineilddmsu train ¥3e valid
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. 1701002
1701004
. 1701006
. 1701008
. 1701010
. 1701012
1702006

; Ewven

| Odd 1701001
| 1701003

1701005

1701007

1701009

| 1701015

1702001

A7 28 : aMunsduvasamasnvinsuUInNgs

3. Jevhnsuddwawesuds  livins  resize  wuiavesgunm  lneflezuddnawendu 2 dwde
Tawesnmasiu uaz Wawmesdmsufiunmiiiins resize uds Ingluns resize Winluadssnuesasininihuu

platform  vuiuseg  (Wu  google  colab) sl GdesnsindeudnevselUdsusunslng

LLFYLIAININYUULATDIVDIAULDS

v
o

anewn : Juseuil 3 Gy optional s dusiparila

4. oy sessunIniseuseslal vinsidenianiy 4 class Ao Esophagus , Stomach , Small Bowel wag
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N 4 Nan1sAtRUlATIeIU

Data Modeling

Tunuildvihnshmedalunsiessigunmdolflumsimem  anudululdvesnwinniousvetes
dndlaluneluszuumaduewns  Tagalindnnisvedassneussamifioadunien Gepdeyaldunain Brown
University 48z Rhode Island Hospital Inaa31usauiieriu Amporn Atsawarungruangkit, MD 13398 l@niiunis
punsrUILNTRartunowineg  auildiaueluluunil 3 wesifletnUssAvBawanugndes vesteya Fdldfims
ydoyanwludiumes train , valid uay test Lioguannuusiugiindy finildauomaduiy  lassu

1

nelanaansaanaluil

TodaanUnenssy CNN - InceptionRensetV2 , Resnet50 , InceptionV3 AENIS¥1 Ensemble

[

Inedeyaildidudoyayaieaiugisl
train set  97UU 30,000 Images
valid set 972U 10,000 Images

test set 97U 683,674 Images

a

Imagﬂmwﬁ’tﬁﬁﬁu%ﬁmmm 256x256 pixel Wag dvsmun 4 Classes Usznoulusie Colon , Esophagus , Small

Bowel , Stomach

Tneusay Class dufagiiunnnelussuumaiuensiaduludiug du uazduunmiiaaaildie 3 luea

LALA1591N Ensemble H1UIUAWANAU
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U 2017 Colon Esophagus Small Bowel Stomach Sum
1701002 100 9 300 150 559
1701004 250 - 450 100 800
1701006 - 2 400 100 502
1701008 150 100 400 100 750
1701010 150 - 300 100 550
1701012 150 - 400 100 650
1702006 250 5 400 - 655
1702008 150 8 350 100 608
1702010 - 1 100 250 351
1702012 250 1 300 200 751
1702016 250 11 300 200 761
1703002 100 18 200 - 318
1703004 150 1 300 100 551
1703006 50 - 300 - 350
1703008 100 - 300 - 400
1703010 100 34 - 150 284
1703012 150 20 400 150 720
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1703014 - - - 200 200
1704002 350 100 150 50 650
1704004 - - 150 150
1704006 - 30 - 200 230
1704008 200 - 100 - 300
1704010 150 20 = - 170
1704012 100 = - = 100
1704014 - 16 - : 16
1704018 150 - 150 150 450
1704020 150 - 200 150 500
1705002 - 100 = - 100
1705004 - 1 - 100 101
1705008 250 9 200 459
1705010 - 20 100 20 140
1705012 100 - 100 100 300
1705014 - 17 100 - 117
1705016 - 10 50 - 60
1705018 100 - - 100 200
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1705020 - 15 100 115
1705022 11 100 111
1706004 100 - 150 250
1706006 100 - - 100
1706010 18 200 218
1706012 100 18 150 268
1706014 - 3 100 103
1706016 - 11 : 11

1706018 100 127 150 377
1706020 100 - 80 180
1706022 100 5 - 100
1706024 - 1 E 1

1707002 - = 150 150
1707004 100 31 - 131
1707006 100 - 100 200
1707008 - - 200 200
1707010 100 62 100 262
1707012 100 3 100 203
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1707014 100 - - - 100
1708006 - 24 - 100 124
1708012 - 10 - 100 110
1709002 - 23 - 150 173
1709008 - 10 - - 10
1709010 - - = 100 100
Total Image 7500 2500 10000 10000 30000

M13197 1 : frag19duIUgUNdEmIU train set

PAeTNA 1 Aeduauniwludiuves Colon , Esophagus , Small Bowel Wag Stomach muaIAu

lpgnNIvUAYed train set AAN1TEURBNANUVINA 91 A dViavida 30,000 AW

U 2017 Colon Esophagus Small Bowel Stomach Sum
1701001 100 1 200 50 351
1701003 100 10 200 150 460
1701005 100 10 200 100 410
1701007 - 1 150 50 201
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1701009 - 3 - - 3

1701015 100 - - - 100
1702001 2 - 100 102
1702003 - - 200 50 250
1702005 50 20 200 - 270
1702009 50 19 100 50 219
1702011 - - 50 = 50
1703001 - = 100 100 200
1703003 100 13 100 50 263
1703005 100 il 100 50 257
1703007 100 14 200 50 364
1703009 50 150 50 250
1703011 100 15 100 - 215
1703013 - 5 - - 5

1704001 50 13 100 20 183
1704003 50 - 100 100 250
1704005 100 71 50 50 271
1704009 50 16 100 100 266
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1704011

100

100

100

300

Total image

2250

500

5000

2250

10000

= o ' o o v o o .
715197 2 : AeegeuIun Nl USU valid set

NA1TIN 2 Aeduaunmludiuwes Colon , Esophagus , Small Bowel uay Stomach auaIau

lngnmyiaviaved valid set Aziin1sduidonnmunyian 32 Ay dvisvua 10,000 A1

Trganlums19a9 1 way M15199 2 283innssady training set wagaglanwianua 40,000 A @Sy

training set
U 2019 Colon Esophagus Small Bowel Stomach Sum
1901001 682 21 24706 34 25443
1901002 1141 16 7770 1250 10177
1901004 2123 9 4821 559 7512
1901005 1006 6 6011 16 7039
Total image 52060 925 558784 71912 683681

o o o devo o
A1571991 3 : APY1TUIUN NN TTENSU test set
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PNATNA 3 AsAeIwIunnludIuues Colon, Esophagus, Small Bowel uag Stomach muaIRu

v
o

AUINMYINUAYDYE 51 AU UITNIUNAADY AV 683,681 AN

Tuuilaneassld Architecture 989 Resnet50 (AMW#A 5), InceptionV3 (NNA 6) LAy InceptionResnetV2
(i 7) Iegldnvue layer aavieliisifiufe AveragePooling2D wsnglutugnvineveans 3 lumatiu vu1nves

aaledslaidulunwiuuves vector

Wsdmainivuai1eluyng model fio

- MuuAdwIl n_class (31U class fgTuteya)
- MnunA1 learning rate WazA1 momentum 989 SGD optimizer Tun1svinassil 11 learning rate =
0.01 uag momentum = 0.9

- Avueduseulunis train (epochs)

P

ValuNT train wiazATIUsEa 1 - 4 Falus Lanlunis train 98TueEiU input VBN INALNLTY



Data Evaluation

model accuracy

100 1

098 1

096 1

094 1

accuracy

092 1

0.90 1

0.88 1

— ftrain
st

nnnd 31 Tudiuvesen accuracy 7lalusgrnineansvinluna @S train model Wisuriu valid vesluna

epoch

A7 31 : f accuracy U84 InceptionRensetV2

InceptionResnetV2 l¢a accuracy 94.41% fofgsdn

model accuracy

100

098 4

096 4

094 4

grCuracy

092 4

DA

088 4

= frain
valid

T T T T
25 5.0 75 woe 125 150 175
epoch

29 32 : A1 accuracy 984 InceptionV3

40
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1 32 Tudiuwesan accuracy Alaluseninensvinluma @1usU train model WeuAv valid vesluna

InceptionV3 lina accuracy 93.92% fafngsan

model accuracy

090 1

085

080 -

aocuracy

p=]
i
]

b=
ol
b=

2 33 : A1 accuracy Y89 Resnet50

nnnd 33 Tudiueesan accuracy Alaluseningnsilung @S train model Wiguiu valid vesluing

Resnet50 lina accuracy 85.02% fefngdan
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Confusion matrix

500000

E 49163 345 1701 851

Colon

400000

300000

Esophagus

Tue label

T - 17881 460 12960 - 200000
Z
==}
5
E
i
- 100000
5 1524 599 5891 63898
E
o
i
] ] ] ]
Colon Esophagus Small Bowel Stemach

Predicted label

A 34 : Confusion matrix 983 model InceptionResnetV2

Confusion matrix 3nna i 34 Tdesuredei lunudadu Actual label 1i3e label ﬁL‘TJwﬁaaﬂamaqmwﬁgﬂé’m
dwlunwiuewdu  Predicted  label ﬁm%’umwﬁﬁumsaﬁmadwﬁmsﬁmam‘wgﬂﬁmmnLLﬁlwuLﬁamaau
sunnludiuvesdldlug  (Colon) Hmsviune 52,060 A vimneldgndes 49,163 am uazdl 2,897
amdivhuneRianaiady class seqeunmd 36 ludiwwemiaenemns (Esophagus) dnsviuie 925 am
vimneleignsias 863 aw Tudiuvesdldian (Small Bowel) finsvinung 558,784 aw vimneldgndes 527,483 am

Tudinveanseimize1ms (Stomach) Mg 71,912 s viunelagndes 63,898 A



Ensemble Confusion matrix

5" 49555 324 1549
8
W - 5 858 20
=
=]
m
=
g
E w
w
=
T - 19152 359
=
o
o
=
E
w
£ - 2085 609 5489
s
£
=]
[l
] ] ]
Colon Esophagus Small Bowel

Predicted label

632

32

12314

63729

Stunl'lach

mwﬁ 35 : Confusion matrix 9849 Ensemble
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Confusion matrix 91004 35 leieunefiedn Tuwwinulu Actual label #3e label Miludayavewiuiigndes

dlunuiueudu Predicted label dwmsunmilifumseduieifinisinenmgnisunnualvy  Weveaeuzunmn

Tuduvesdldlug) (Colon) finsviune 52,060 aw vimnelsgnsias 49,555 nw uawdl 2,505 nmitvinuneianaiadu

class seeunindl 35 ludiuresvaenamns (Esophagus) imsvineg 925 aw vimngldgneies 868 A

Tuduvesdldian (Small Bowel) nnsviune 558,784 aw vinmneligndes 526,959 am ludiuvesnszimnizems

(Stomach) fnsviung 71,912 awvihunelagndes 63,729 a1
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v 1 [~ = d‘ C% 2 v o
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& oY & P | & A PRy ¥ P °
Aannvesdlddn  (Small  Bowel) miwanuiasidufeussuna 077 Awidduannetnelawanisvinune

Aonwvesanldlng (Colon) meauthagilufoUszanm 0.95

NN 37, 38, 39 uay 40 AMSNNANIeEeLdunmues InceptionV3(V5), InceptionV3(V6), Resnet50
way  InceptionResnetv2  mud1du  Tumsi  Ensemble  Wu  Junisguanisinnediusaslunaivhuie
I3 1Y) v =~ o A @ .. ° . ~ v v
wnluedezlatng wavdsdma My majority 11911015 voting wielvildkaanvineeanin
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F9.9u wiaenem1s (Esophagus)
9NN A 38 U radildainluna Inceptionva(vs) laidu naene1ms (Esophagus) 8n 3 luwmaiimdsldnailu

NSENNLB1MN5 (Stomach) flatiura vote U89 Ensemble 301 nsein1ze1ms (Stomach)
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InceptionResnetV2 waz Resnet50 lonatdu dlddn (Small Bowel) Tunselillnena vote w09 Ensemble tiu

5%
SN

Idudnnuassilsdmiulnaanldiduaeg Jslunidfe 4 luea 1aun InceptionV3(V5s) , InceptionV3(V6) , Resnet50
uay InceptionResnetV2 Aeuazyinnsdananlaannnsiiuneves InceptionResnetv2 Fadulunandndmsunisy
Ensemble fiflosanlananmsiudiffian datuna vote 183 Ensemble Fau anldidn (Small Bowel)

AN 40 Tu wafllaaindis 4 Avhunelareanldlvg) (Colon) fsura vote 183 Ensemble Fadu dldlng
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ponuuun Tnsenuildauionun ¢ Tuea THuA InceptionVa(Vs) |, InceptionVa(Vé) , InceptionResnetv2 uag
Rensets0  Iag Ensemble wuazinisld majoirty Vote Lﬁa@"iﬂuuﬁiaduLmaﬁ?uﬁmw‘humﬂua’i&aﬂmﬁw
waznetoslaweraniaginisuanmasenaiduetonziug  wasdwn  Majority  Vote  fldwidu 2
aliimsidensansvhuneiildanluea InceptionResnetv2 wmseldvihnisdenlumaidulinandndmsunisiin

v
[

Ensemble lunsatluaslunaillvinananandewieuiulumadu

Hanvnaelaainnisly Ensemble fae majority vote netiieuiiu InceptionRensetv2 aguladanni 41

LATASI9N 4 LaEmI5197 5

InceptionResnetv2 Confusion matrix Ensemble Confusion matrix

_ so0000 - 500000

49163 345 1701 851 48555 324 1548 632

Colon
Colon

400000 - 400000

- 300000
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Esophagus

Tue label
True label

17881 460 12960 - 200000 19152 359
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- 300000

12314 - 200000

- 100000 -100000

1524 599 5891 63898 2085 609 5489 63729
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Colon Esophagus Small Bawel Stomach Colan Esophagus Small Bowel Stomach
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Al 41 : MSHIBUNAaTENINN InceptionRensetV2 ffu Ensemble
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Precision Recall F1-Score Support
Colon 0.6592 0.8707 0.7192 52060
Esophagus 0.5358 0.9043 0.6100 925
Small Bowel 0.9666 0.9312 0.9474 558784
Stomach 0.6862 0.7454 0.6892 71912
Macro Avg 0.6988 0.8493 0.7293 683681
Weight Avg 0.9712 0.9453 0.9549 683681
Specificity 0.9744
Accuracy 0.9417

A15197 4 InceptionResnetV2 classification report
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Precision Recall F1-Score Support
Colon 0.6322 0.8781 0.7300 52060
Esophagus 0.5682 0.9100 0.6370 925
Small Bowel 0.9678 0.9279 0.9463 558784
Stomach 0.6624 0.7425 0.6704 71912
Macro Avg 0.7609 0.8650 0.7380 683681
Weight Avg 0.9741 0.9422 0.9539 683681
Specificity 0.9748
Accuracy 0.9421

15197 5 : Ensemble classification report
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unil 5 d3UNa aAUTIEHE LazUalauaLuE

5.1 agunan1sAnedund

Pnmssfiulasinskansfuninandldnuasedt 4 war 5 Wumsmasiewes  liea
InceptionResnetV2 wag My Ensemble Audiy Inefaadslunisvinunesuaimeyil 20 milliseconds sio 1 5Unm
é?jamwﬁﬁmﬂ%‘lﬁgﬂLLﬂﬂL‘fJumwﬁm%U training 40,000 AN Way testing 683,674 nw laeflswazidundined 4
fiwandlifiugs Classification report U84 InceptionResnetV2 Loy a5t 5 Tuandlidiuie Classification report
Y94N15%1 Ensemble

nnsasUradladisuiung 2 g151909dull wafildann  Ensemble  aefinsdndiuazugndt  a1nluea

InceptionResnetV2 Aninfinena a1l (Colon) uar waene1ws (Esophagus) @ énldian (Small Bowel) uay

v
=

N5ZNNL81115 (Stomach) lenaifdnniiedntios WANMTIN N15YI Ensemble 3z lviNansvinAau

5.2 anusamna

PNMIANTUlATINg Tudnvaaguningu sUamEUsnasnnyilvignnsenisiengnm

'
a

wagliansaldidsgusunnliemniamiliannsaldlivsvuey Wy ameTesniidenviediuuanyae
uarludruvesnislluwatiu  Tadnslalumaves InceptionResnetv2  lanasanuidninluwasunldlunisveassi
o v = | & v o < v ~ v ° '
msusuilaause  parameter @19 WWuldldauinanides  wszifissnldnatlunsiaulusezseuuu
Jsdemalrnuinnuatle wazludiuvesnisiinusednsnmiuladinisyin Ensemble Fuan neiiisuain majority
vote apdlumadieladinisvaassn  loun  loun  InceptionV3(V5) , InceptionV3(V6) , Renset50 uag
InceptionResnetV2 wafildanduwungunmainndeaualgalians 1 4 aata vedlunaiingafie InceptionResnetV2

wazlaan Accuracy 94.17%, Precision 97.12%, Recall (Sensitivity) 94.53% uway Fl-score 95.49%
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fiAadglunisvinneguninegi 20 milliseconds sie 1 U wenanil nanguIdeldnaasain Ensemble lagldva
4 Tuwa leAn Accuracy  94.21%, Precision 97.41%, Recall (Sensitivity) 94.22% Way Fl-score 95.39%
= % v & o aX o v

FeazuiulanlunmsIntunsvi Ensemble ATuLaniios

Classification report 910915797 4 uag 5 ansaasUnaatlunsm ladanng 42
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MlsaiuAuiokennmRaUnfsananamunalneflisndusowinswensmeiiows, Tudiuwes Ensemble

g19aeiinmslilunaumegeuiiisiiis, vi1 Ensemble wianiislagldr1ain probability vesgunmitvinunela
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