nsAnwINsTIIWeTlsanamgandanunsalaglinisSeusidednmemaiianisiuun

WAYNITATIIIUING

WNATITIATY UAITBAATEY

WeninusidudrumnilwainsfinwaumangnsUSyaienssumansuiUngs
#19W1TTVUNEA MG oNU A UMBIATaU [BUBS NATYIAINTIULASDINA
ANEIAINTTUANENT THIAINTUUNTINETY

UnsAnw 2566



The Study of Tuberculosis Detection from Acid-Fast Stain Images Using Deep Learning

Classification and Object Detection

Miss Terisara Micaraseth

A Thesis Submitted in Partial Fulfillment of the Requirements
for the Degree of Master of Engineering in Cyber-Physical System
Department of Mechanical Engineering
Faculty of Engineering
Chulalongkorn University

Academic Year 2023



PVDINYITNUS NNSANYINITATIIN D IULSAINANEIDUENUNTALAE

l¥n135eu3RadnmemalianTduUNLAEN1INTIATY

09
oy u.8.53A91 dMseiAseg
a1vI sruumeniidessranusnenietngluues
91sEU Ny Inednududn JOIFNEANTINTE NT.NE¥YT WUN

ANZIMNTIUAENS PrIasnsaiuinInends sudAliiuinednusatuiiludiumil

YBINTANINUINGATUTYYIAINTTUAER T UM

AMUAAMLIFINTSUAIANS

(FNan313158 A3.ana WwYIsauana)

AMLATIUNTADUINGTNUS
U5e51UnI5UNS

21FINUS NN UNUSUAN

A33UNT

NITUNTABUDNUNINYIAE

(n5.AnANa 1nINN9N3)



536131 TM1selATeg : N1sAnwINIasamweinlsranamdendnunsalagly
nsBguIldnmemaliansILuNLayn15n5333Uing. ( The Study of
Tuberculosis Detection from Acid-Fast Stain Images Using Deep Learning

Classification and Object Detection) 0. fUSnwvan : 3a. A5.N5AT NULLTS

AsAnuTuNTIAIIER Deep Learming dmsunsianidoalsndiedsnis
Modified Classification waz Object Detection lagl® Pre-Trained Model Ao Enhanced
ResNet50 waz AlexNet Tun1531A51994 #9335 Modified Classification fin1511 Image
Processing mﬂwqm‘lﬁﬁ'umwmam e Training ﬁa%a WU31 ResNet50 1u Model 7
fiuszavisnimgeanleiin Accuracy WU 92.719% wag Precision winfu 92.7% 1ilednngy
T nsun1931AsI89% LU Suspected Positive Low Confidence ag Suspected
Positive High Confidence HaN19MAABINUT1 ResNet50 §3nsiiusyansawitanian dan
Accuracy Wi1AU 98.06% A1 Precision AU 98.59% d@1u Suspected Positive High
Confidence A1 Accuracy AU 94.38% WayA1 Precision 11U 91.41% wazlunns
AAT1¥94 Deep Learning 38 Object Detection 91 Precision AU 82.81% Wag Mean
AP WU 36.79% 91nn15U3EUEIEUNITIATIEI 2 Models wud1 353A15ikuy
Modified Classification lanadunsanan 3aunlunsiasaniuisn1snsiaveaunme (Doctor
Screening with Suspected Positive High Confidence) dawSeuifiausiu n1snsadae
Light Microscopy wui19ayalungu Positive i@ 35 Doctor Screening with Suspected

Positive High Confidence ﬁmmgﬂﬁaﬂmnﬂ’h Light Microscopy

AN STUUNMEANARDNUTEANY  BVULDVOUER oovoeeoeeeeoeeeeeeeeeeeees
v = 1 6
sewesangluuas

Ynsfine 2566 AN9319%0 8. NUSAWIANN eoveeeeeeeeeeers



# # 6472038321 : MAJOR CYBER-PHYSICAL SYSTEM
KEYWORD: Deep learning, convolutional neural network (CNN), Tuberculosis,
Classification, Object Detection, Modified Classification
Terisara Micaraseth : The Study of Tuberculosis Detection from Acid-Fast
Stain Images Using Deep Learning Classification and Object Detection.

Advisor: Assoc. Prof. Gridsada Phanomchoeng, Ph.D.

This study is a Deep Learning analysis for detecting tuberculosis using the
Modified Classification and Object Detection methods using pre-trained models
such as Enhanced ResNet50 and AlexNet. The Modified Classification method has
Image Processing applied to the process and when training the data, it was found
that ResNet50 is the most efficient model with an accuracy 92.71% and a precision
92.7%. When reclassified for analysis, using Suspected Positive Low Confidence and
Suspected Positive High confidence, ResNet50 continues to exhibit the highest
performance. It achieves an accuracy 98.06% and a precision 98.59%. For
Suspected Positive High Confidence, an accuracy is 94.38% and a precision is
91.41%. In Deep Learning using Object Detection method, a precision 82.81% and
mean AP 36.79%. After comparing the analysis of the two models, it was
determined that the Modified Classification analysis method is superior.
Consequently, this model was employed alongside the Doctor Screening with
Suspected Positive High Confidence method. When compared with Light
Microscopy, it was found that in the positive case group, Doctor Screening with
Suspected Positive High Confidence proved to be more accurate than Light

Microscopy.

Field of Study:  Cyber-Physical System Student's Signature ..o

Academic Year: 2023 Advisor's Signature .........ccoeceeeienne.



AnANssuUsZAIA

enfinusatuiasaauysalimefiieannlasurnunganbisuinyikasdiouusii
LAl TOUNNIBIA199DE1ATIAIN T99AIEATIANTE AT.NHBHT NUNLTI 8197158TUTN8

WINUS VOVDUNTEAM FNANTIA1TE W AUN YI9LUR 919158 Wey.alvw A5Tauleenid uaz

a s (% L3

509M1EA519158 Un.Yeyrdng Junsgdand 7l neEInet augwingmans 9ainTal

<9 9

Y VA v

WINeNdy AAUsnedeyanienunsknmg deyaniamunisniavweiadse viligide

Y

losunuinialunisfinyl Jeyadmsuauide n1sAuaiviaug wazdszaunisalodny
11199971 1UN15 AN UNUS VaVRUNTEANAMENTTUNITABUINGTINUS NI UTTIeTUwUL

WAlTaUNNTBI WaEaTDUAN WILVEST ANESANA NALULEY MSWIsunINYntaya

va v

v A o ! = & s ' a 1 a o o &
ﬂ']ﬂflﬂﬁi@ﬁll@ i%‘U‘UI‘lJiLLﬂiiJWN“] Faluuszlovilogdewan15I98ASl KI898V UNTEA

Y 9

ag19geun  lenail

53651 TAITBATEY



GUETY

N
............................................................................................................................................................ A
UTIAREDA NI TG oo eeees e e e sese e e s s e s e e eeees s e eeesseeseesesseeeeeesessenens A
............................................................................................................................................................. X
UNARGDATYIDINN oeeeeerireeeeessssee e N
ARPNTIHUTENNF <ottt eee e e e 3
3 81 V1 TR oot R = === 2
R3]0 i N OO OO Y
BVTUBN MM, eeeeeeeesssssssssss b ssss s h
T A/ A W . - < AN 1
UNUT ceoeeeeeeeseemeeeeeenreseesseees B o et ereemaserss s e sseemsesmsesmssrserse s 1

IR VAT o AT oo 1
1.2 TAQUTZBIF oot msssiss s smee e 4
13 DU T . e e e e 4
1.8 U IUTNINDZEIETU oo 4
L5 AT T UM T oo e e e s e eee s e s 4
UTIT 2 oo es et 6
mwal,l,azmu'if{j’aﬁlﬁ'm%’aq ............................................................................................................. 6
2.1 ACI=FAST STAIN oottt eaeaeanas 6
2.1.1 T3 15EOURDD ACII-FAST STAIN .o 7

2.1.2 n&oTHAMTUNTIIEOTTIA 7

2.2 SEUUE COLOT MOTEU oo 10



2.3 MFUIEUIANANTIN (IMAGE PrOCESSING) ..o 10
2.3.1 wAllA Basic Enhancement and ReStOration..............oocv.evvverveoerevseresssnnnens 11
2.3.1.1 UNSharp Masking .....c.ccueuieiiieiieiieincieeeeieeessieee e 11
2.3.1.2 NOISE SUPPIESSION. ...ttt 11
2.3.1.3 Distortion SUPPIESSION .......ccvuvveiririeirieereeeeeeeeeee e 12

2.3.2 SEGMENTATION ..ot 12
2.3.2.1 Pixel-Based Segmentation ... 13
2.3.2.2 Edge-Based Seementation ..o, 13

-Bias by Uneven Illumination..........cccoereereeeeseeeeeeeeeeee 13

- BEAGE TraCKing ..o 14
-Region-Based Segmentation ..., 14

2.3.2.3 Model-Based Segmentation ... 14
-Parameter Space; Hough Transform ..., 14

2.4 Convolutional Neural Network (CNN) ..o 15
2.4.1 JURUUNITUATIEN DEEP LEAMING ....vvvrsecvcvrrrrnierrresenesensssnesssssssnssssnesn 16
2.0.1.7 ClasSIfICATION ... 16
2.4.1.2 Object DELECHION ..o 17
2.4.1.3 Sematic SEgMENtAtION ... 18

2.0.2 Pretrain@d MOEL.......o.iuiiiiieiieee e 20
2.8.2.1 ENNANCEA ..ottt 20
2.4.2.2 ResNet50 %38 Residual Neural NetwWorks ... 20
2.0.2.3 ALEXNEL ...t 20

2.8.3 FATTAUSERVIBANNUOT MOTEL e 20

2.5 PYOGIAIMN 1ttt sttt ettt e s b sttt et s eenn 21



2.5.1 Halcon via the MVTEeC SOftWare.......cccciieeiriieeeeeeeee e 21

2.5.2 MVTec Deep Learning TOOL......ccoiirrriirieieeiee e 22

2.6 MUITETURLITON 1o 22
T S 30
ABNITAMTUINU oo 30
3.1 MITUATUYAVDUR orrveerrerereerrersssmeereeesssseseesssssessesessssseessesssssesssssseesssseesee e 30

3.2 NsWSENYATaYanE Image Processing §1M3UN1TIATI8Y Deep Learning field

Modified ClassSICAtION ......ceiiiie et 30
3.3 NTIATI¥YAY MVTec Deep Learning Tool #1838 Modify Classification............. 32
3.4 NMTUATIEINY Deep Learning A875 Object DEteCtion ...........weeoeoeeeeeveeeccesrene. 34

3.5 MslSeudiguanuaunsatunsudunalagly Model SAUAULNNELNDNTIINTD

Sallsatumsliunmdnsramdetalselaensasm Light MicroSCopy........... 35

T SO e 37
HANTTARDILATNTTOAUT VMR ..ot 37
4.1 NM153AT129 Deep Learning 16 Modify Classification ... 37

4.1.1 AAMUELNUGTEINN Loss AU 971U Epoch hagnsnuuaniaudunus

5$1I Top1-Error Training AU Top1-Error Validation ..........cccooovcceevvece.. 37
0.1.2 CONFUSION MAEIIX .ttt a0
4.1.3 a3Unan1sMnaeaN15IkA1eY Deep Leaming 35 Modified Classification...... 41
4.1.4 9angu Confusion Matrix 3x3 10U Confusion MatriX 2X2 ........cccocoeerreeees 43

4.1.4.1 Confusion Matrix 2x2 U84A153LATIZRLUY Suspected Positive Low

CON I ONCE ettt ettt a4

4.1.4.2 Confusion Matrix 2x2 U8INITIATIZILUY Suspected Positive High

CONTIAENCE ettt ettt ettt ee e a5

4.2 NN331AT12Y Deep Learning 38 Object DETECHON ... 47



4.2.1 AsANMUFLNUGTENIN Loss AU 971U Epoch hagnsnuaniaudunus

58138 Top1-Error Training U Top1-Error Validation ...........cccoovvovevvcereenenne. 47
4.2.2 Confusion Matrix 999n153LAS1Z9 35 Object Detection ... 48
4.2.3 Class Overview (Positive, Positive Low Confidence, Negative) .................... 48

4.3 \Wiuilgun153tAs 19t Deep Learning 76 Modified Classification wag 35 Object

DB IO e e et e et e e et e e eeeaane 49
4.3.1 natlun1suszananauad Pre-Trained 3 Models ... 49

4.3.2 MIUTIUIBUNTILATIZY Deep Learning 35 Modified Classification taz 35

OBJeCt DETECHION ...ttt 50

4.3.3 NaN51AT1 Deep Leaming wasmstuduanunnd@eSalsn. ... 50

8.0 MITDAUT VNG oot es s 55
TSI A/ A A -1 - SN 57
ATUBRANIIVINRDY oot 57
5L TEUTINTIINY oottt ees e e e 58
5.2 UDLAUBIUE ..o eeeeoess e eeseesstesess e essees e eeeseees e esesseessesseeeseoee 58
UTTOUTUNTH tooveveeeessereeee e sssssss bR 59



GUEVAT M ERN

ANTIT L URAOUNTIIIIY oo 5
15197 2 Aoty MNEONAAR T AMNIN o 8
M3197 3 MaSsuiisunuait@ Deep Learning Methods 3 wuu fe Classification
Object Detection Walg SEEMENTATION ...t 19
a3 4 miwaﬁq‘dmuﬁé’f&ﬁlﬁ'm%’m ......................................................................................... 27
5991 5 WAPITIUIUYATOUR (DALASEL) .ovteeerrrrseerenssenereesssernsssesesssseseesssseeessssesessseeees 30
5197 6 298 HSV axldANaRsndaedmem el o 31
aN5197 7 WAAITILIUYATBYA ABULAENAINTTYIN Image Processing & Label .......cco....... 31
AN5971 8 AN Parameter dmsuliaTzviveanie Deep Learning 33 Modified
CLASSIICATION ..ttt ettt s st a e s s 33
M3197 9 TwazBuansulsyateyadmIUAATIZYiNE Deep Learmning........ooo..coc.c... 34
A5 10 Msmardmsy i 1101 e v/ 34
BNFIT L1 AT THTTADIIIIT. e 35
mi'mﬁ" 12 Confusion Matrix 3x3 484 Pre-Trained Model Enhanced...........ccccccoevevevenne.. 40
miwﬁ 13 Confusion Matrix 3x3 989 Pre-Trained Model ResNet50..........ccccccvevevevraenn, 40
15197 14 Confusion Matrix 3x3 849 Pre-Trained Model AlexNet ... 40
A15197 15 Class Overview U84 Pre-Trained Enhanced..........ccooeiiveeeeciceeeeeeee, 41
151971 16 Class Overview 489 Pre-Trained RESNEt50......oooo oo 41
151971 17 Class Overview 989 Pre-Trained ALXNEt ..o a2
A5797 18 NMsiSeuiiey @ Taues Pre-Trained 3 Models: Enhanced, ResNet50,
ALEXINET ...ttt ettt ettt ettt et ettt ettt e ettt s et 42

A19197 19 AIDUANAINNNT TrAINING MOTELS ... 43



miwﬁ 20 Confusion Matrix 2x2 984 Pre-Trained ENhancCed........ooeeeeeeeeeeeeeeeeeeeeeeen. 44
miﬂﬂﬁ 21 Confusion Matrix 2x2 U84 Pre-Trained ResSNet50......coovoeeeeeeeeeeeeeeeeeeeeeeee 44
miwﬁl 22 Confusion Matrix 2x2 U89 Pre-Trained ALEXNET.....co.v oo, a4

AN5197 23 NswSeuniau Class Overview kg A237nva9 U84 Pre-Trained 3 Models:

Enhanced, RESNETEO, ALEXNET ........oo oottt 45
AN54971 24 Confusion Matrix 2x2 U89 Pre-Trained ENNANCET......oooeoooeroeroeroeroeeeeen a5
#5971 25 Confusion Matrix 2x2 U89 Pre-Trained RESNE50.......ooeroeroerorrsrs s a6
AN91971 26 Confusion Matrix 2x2 U89 Pre-Trained AEXNEt........vvrooeroeeoreorsereeeen a6

AN5197 27 NslSeuieu Class Overview hag fTinvad 989 Pre-Trained 3 Models:

Enhanced, RESNES0, ALEXNET ... .o e et 46
BN 28 CONFUSION MELHX..rrr oo 48
BN 29 CLASS OVEIVIEW 1o 49
AN5797 30 FaTTnveInns TrainiNg MOGEL ... 49
A5 31 MSUSBUTIBUN1TILATIZ9 Deep Learning 2 Models ... 50
P19 32 WARITOYANITATINTORAETIANY .o 51

A3 33 NsLUSeULTiBun13913 38 Doctor Screening with Suspected Positive High

Confidence AU LIght MICIOSCOPY ...v.ucrvereeieiieiies i ieeeesisseesiseeoseeseeeseee e 53

M50 34 MINYIENNAASITURDTULIAINNITANRIDEN oo 66



GUEVATH LY

AN 1 ANSIDUFTDAIEANT ACIA-FAST SERIN v, 6

and 2 dnvaszideialsn 4 uuu fe () Single Bacilli (b) V-Shape Forms (c) Clumps Of

Bacilli a1 (d ) BACilli FragQments ..ot 8
AT 3 WAAINTUTOUTIEUATE (@) RGB U8 (D) HSV oo 10
AT & CONVOLUIONAL NEUFAL NEEWOTK oo 16
Al 5 QT3] 1o 1[0] T e S ) T o T 17
il 6 ObjJECT DELECTION...euiiiisiie ettt 18
il 7 Segmentation (a) Polygons (b) Pixel Masks (c) Smart Labeling........c.cccceuvvunne. 18
INT 8 CONFUSION MBEFIX 11t eeesensees e eee e 21
AINT O TUTIATU HALCOM eeooses oot e sees s e 22
Al 10 Wawnsu Deep Learning TOOL MVTEC. ......o..vumieriereerieeeesieees e 22
AT 11 NMSHITIANE HSV 638 COLOT TIEShOLIET..corerrrreseeesee s 31
AN 12 WHUPWLARINNTUATOUYATOLALIN oo 32
AN 13 UHUATHUARINITIATIZRAIE DEEP LEAMING oot eessees e 36

AT 14 ASIEARIANENNUGTENINE Loss wag Epochs Ued Pre-Trained Enhanced ... 37
AT 15 ASILEARIAUENNUGTENIN Loss wag Epochs Uad Pre-Trained ResNet50 ... 37
AT 16 NTMLEAAIANEURUTTZNIN Loss Way Epochs 989 Pre-Trained AlexNet ...... 38

AT 17 ATIBERAIALEUNUSTE 1IN Topl-Error Training wag Topl-Error Validation

VDY Pre-TraiNed ENNANCEA. ...ttt et ere e eeae s 38

AN 18 NTMLEAIAINEURUSTZIN Topl-Error Training Wy Topl-Error Validation

VD Pre-TraiN@d RESNETDO ... .ottt ettt e et et ee e eae s 39



BN

AN 19 nTNLERIANUENWLSIZIN Topl-Error Training wag Topl-Error Validation

VDI Pre-TraiN@d ALEXNET ...ttt 39
AT 20 NTINLAAIANEURUTTZNIN LOSS AT EPOCNS ..o 47
AT 21 AFLERIANNFURUSTENING Mean AP Training ay Mean AP Validation....... 47

AT 22 NFMUAAIIAVBIAAE Models TUN1T Training VLR ..ovveceeevrerececrrreccicrns 49



a
unn 1
o
UNUI
1.1 NuazANNEIAYY
Faulsa #38 Tuberculosis (TB) Wuamansmedususuguedlan Ussana 1 lu 4
Yaeuszannstan [1, 2] Wnednlsarunuasasniul A.A.1882 e Robert Koch wnnguay
o a a U= a ! a Ay a ) a & .
1n9atiiven uwesiu Falulsaiadeniadumela N$1eusewilanis LAnanwe Bacillus
Mycobacterium  Tuberculosis 1@@inilsaagunsnsgagsumienia  nnsigtiedu
aa & = & o & "
wuaiseteanlulueinia nsua n1sle 31w uavazeenaune uveinlsaliazeylueinia
luunanedilus Yusdivanmuindeniilued ynegluiunla Wenaveglduu [1] e
losunmsanaudnluvilvifaels Inglsailazdawalaenswioven wiaunsofngediudus
| 14 [ < =) [ (Y = (Y a & o
vo33uMmele lddnelu 1o aues vie lvduvas eanunsaudsdnuasnsiadodalse
sonillu 2 nqu Ao Latent TB waz TB Disease lnnguusn Latent T8 aglifionslae uay

o

ldanunsaunswelviiugaulad dyaraivsveninfiwednlsauds Ao yinsnsaansimil

o '
A 1 ¥

viIeMaien Wity dunsinienduiiaes TB Disease Wawainlsnvinangszuuniinuiu
Y9339 lalan AzdmaliiAnnsgnainvesde wuATiSEazSuRINI W INLAzY eI laEe
Y9339 FAlAsuTeuIALIzRanteInstienanlasuteuaIniely 2 Yusn wailuung

Y v 1 1

AUILUARNIDINTT NENAIRINTSEUUNTANTUTIULEAY WU HUhelsAlUIVIY YT0KTRAYE
HV - damseadie  HIV  (Juledeidesiigaiivesnsinidelalsn  iesnniulsaduy

v a & < [ a & = Ao ! a &
AMEENINteuveIMsinie HIV e1aududugiauwsniainsinie Jaldnmdiunsiniie
Toulsa wazwe HIV Saudulunguauniongssving 15 - 49 U [3] lngensvestoinlsnisd
amseaunde Tl (@umgilasinde 38 awwadua) laisess dnfauve o1aflensidu
wihen visemeladiuingindiey Weems uminanas wazidnliauiedy mnldlasunis
o = =2 1aa 4 Y v v Vi a & 1 va [ [
Shwimwngay ondawn@iala [4] wndudaiuiUienanweeslnddauazidunaiuiu A
a A = 4 a & aa S Aa @ va & o a N1
gallanudsanniagine  nadinisidediaThlanvesiinideialsa  duwilduiiady
5113190 2019 fie U 2021 FedrwaugUaelul 2021 Tgdheunis 10.6 a1uau Wi 4.5%
90 10.1 auaw Tl 2020 dasnsiluialse dUeselviseusywing 100,000 aused

WL 3.6% SEWINeU 2020 64 2021 [1] @weilesunanAueInauiliady ldieainly

wngUseinanenay uisauluianguusemnsuevey (Marginalized Populations) ¥5e



nauUszansignuicResndliusssn  Wldvaviduiiug  desnananuumnsig
madudend  lulssmawisgaavnssy madulavesszans  dadniiAlugadlad
nssuiiiun fensnsiegdulssmeinudetaulseann Ssagtuavedlutisengiiny
faetailsanntu nsundssuinvedlsn HIV Fsddwuilsuufiheiulsadiui e
msvakeauninensisududmiunsasemndeiiensdnuiifiussaniam (5] Ussna
filiunliunutalsags  Aeussmedifiszdumsinwan Tl 2021 91nmsUszidiuana
aseungslumssnwiiingl 50% leun asrsasuensninans aues Suladide Lalsln
ladiy wedlnife dlowuns TWiBe FAUTWA wesdeauy azvuigtwdnlvaineglu
Useimauny tei@onzfusenidedld wevsn uazmsmzfunnveauddiin 1esnnlilésunis
Snunfinsouaqu [6-8] Sunudtaeiilutalsaomeluusiasd Yssann 90% dudlvgy Tog
fihesinasndulunduuesimiesnndigudgs Fdadu 565% vesfthemualull 2021

% a

Aviee 32.5% uazdn 11% uwasmnldldsunssnwidasinisidedinavaeda 50% [9] ms

WIDNAFININY  NISATIVRDILVILAANITHNINTEINYVDITD  LATILVILANDAITING

a aa dy v v dy
Fedinanieiulsalauiniu

v

d’lj [ = o I 1 =~ 1 Yaa o 12 1
nsadeundialsalianuddgidusgiann  esantiglitadelsalangi
¥ d" -] a a dy 1 yo:z 1 [ =
gndiee  wethluneaeudsedniamueser mshiesr uaz  Yiglviuladnssuunissnundl
Usgdnsnm [1] nsamadeunfeialsnilnainansds 1wy N1SRTIEUEaI85 Sputum
Smear Microscopy tunmsvdasienariiundeqanssetiiieq Stain Smears AU
& dao &, ] = v & aada v o Aa ° a o a
Wonildnwausduuriy v3e  wduuay  Frisuiideddyanainsiiinudiuigy  Bnnslianny
1:4' o A a z:l' Y v a &
Weanseen 1e139zinananinilosd) wagAuLUsUTINveUssdiu [10] Maweie
LAEMTI19MET8 Polymerase Chain Reaction (PCR) lAgHan1sinziiaazgninunsiaaeu
Annsas Smear Fuduwpsgrunisasian@elutagiu uwinswizelisiauniiassiodld
WMATALWIZNNUINAIINITATIALUY Smear Microscopy hazltharlunisinziiouiu 2-4
duai  elvilszliulausiugr  vilmAeauatlunsinwle  amansendisgnsien
w30 Chest X-Ray (OXR) wisldlunsnmanidetulsassezdusiulunn wasdlvgndanu
desgeriansindednlse [7] wiltldeserdeusenuaunivszaunisal wazaduguigly

AIUNSAHANTISIONDISE Wy unnd  Sedunnd  visedrawaila  MehunsHneusukay

Uszaumsalaunsenuna  [11] msnsranieluseduluiana Rapid Diagnostic  Test



Y &

(MWRDs Wu Xpert MTB/RIF ) Ti.lunsasilodwiuAnnsesdilenininudesgs dinagldly

1%
=

naufthefisnudlulsmenadiiade HV lufiuiififanevestalsegs  fesainnis
pmidednunriliinadansesiisntn  Awsniieias  werludegiuiinistmelulad
y3fu Machine Learning insnfiunuinlunislinmaaeumidiotalsa aunsadous uay
anunsausznanagadeyafitudould [12] vliaunsansiamideldesnaiiussandam [13]
§mSU Machine Learning 1t thisevansauld@nenians 14 Deep Learning amviims
AineignesnuutliBeuiziuuy uar AuandRlnesaluiRanyedeyarunslvgjiledeu
oyafitithofAudnaunaliiu Model vilWanansaeudamnuduiussening Input uas
Output Fomalamsiiulssavinmuuning) Wy nsldseaud  wuusiaesasuSu
mimesmeluiioandefiemainseritenisannziutaznadnsass Uszdvsnmvediina
whtudodoudandeyainniu  ilfaunsoagiduteyalmifuediiiild  aunsn
mansaluasdamnevysnemnuusiugigs  dedlldiudeyanmmienisuwnd i
enEsduardfiauny  JnalgaINIsagIsyAa NI NNIswmglunsaTiamlin eged

YSLANTAINUINTU

nmsanwiidunissiumalulagnisuszanananin (Image Processing) Wagn1sly
Deep Learning @1n15lY Deep Learning 9¢l¥35s1envayauuy Modified Classification
WAy WUU Object Detection wnuSsuileuiu Junswaunaunaluladfivielisyuy

% = a a

anansaUszaanan itewenuuzuaziInInglunmliegeliusedniam  @wmnsansam
dy v @ 1 aa (v} [ waf Yo yd‘ 4

Weldsindy  delunssuiumitadelaednlui@linud@esvignienisunmg  anainy
NANAIATLAAIINAY %30 Human Error atunsalinadnsiidunaisazaanmanaiuuiniy
whlvdgymmanisunmduasdeiinlseansnmlumsitadeuasmaauaguamgtelusyiu

Ngeuliegalinnn Az eie



1.2 InQUszasd
1.2.1 W UskNSUNBRSI9N D 0ulsA

1.2.2 wiesdszendlduuudnaadasangUssamiien etheunndasianeinlse

1.3 YaUANUITY
1.3.1 Anwinmeneiilaannaesganssa

1.3.2 Wiaunisn1sesanidelaely Deep learning Tun1siiaszs

1.4 UYszlewunaininazlasu

(%
IS [

1.4.1 Jswnsuaunsansavtadalsalaag1959157

1.4.2 TUSLNSUTI8YIUI8LAEITITENINITUNNE LA E195I9157

1.5 35AAUN15IY
1.5.1 AN NNeI VDY NURITNUIY
1.5.2 ANW1ISNNSHATIEININ NS IlUTHATY

1.5.3 @inw Deep Learning dwsuiunuimslunisiiuaugnsiewiug



QNMTLBALNEE

PERUIALELUBNKALEWIL 3BT [b]UT

SIMILBUERLERELNCE

DEBUIAELUEBNIRLEWIL

BRRGRMULIERLMRLT UOD)RH MEUTIEMULE MLLE 130T ELULLL

195 e1eQ bLER

dujulea deaqg zBH UODBH MEEUTIEN{R]PCEYA

MERLAUILRLLILILELINYRLNLAUY

D9 AW beR Sulues] dasg #uh UOD1eH MEUNEM{R]LLULAUY

JONS2Y ISNXY MR SWYHOose 21

YNGR PAUIRI|-D1d AT NNV NND suluieT daag RISLU LAUL

UdI0IAd

A1 UOUMAJ MEUTMENMRRIELY BUIsseD0Id S5ewl ILBMLALAUY

LFLBUASTMILRALERLALI

9952 Nk

FLLBLUASLUMCEMR

FLLBLUAELUMGWIL T UBLELY

PLBLALLUNGWNG 5G]




Uni 2
= a o d' d' } 24
VIQH{]LLEWQ’]‘IJ’JQEWILﬂEJ’HJEN
2.1 Acid-Fast Stain

o

Acid-Fast Stain Huisnsfeoudiderielilunsnsamideduiy Sudeiiazaiun
wneihes wasdonddeistnsdudelundy Tulasuuafide (Mycobacterium) Fadoto
TsAde Mycobacterium Tuberculosis tudnoglunguil (14] WouvniiFenusensainosd
Snuasdule Suagaduuy Impermeable Cell Wall Fadunsiawaddilallianssnansle
Usznaulumensaluladn nsalusu lo warluiuddeusiuiunn nfamaddnuasiazn
seansUsznavdnilvg suuadeddimaiiansdonduuuime adeumdnitldlumsdenuuy
Acid-Fast Stain #io A13lunaTy Gseanunsnazanelalulusiu fuealuesluneduaztaeliiad
FonudlUlunTavadidulvveuafiBelddety  wuniideiinusensnasindlimmaviins
Fouwnsuuuudni msiuarnudeudiludelothastienmetily wazvasterilvadouans
Tuwadudnguiavadidleddominguiagadalioonun anduarldl Acid-Alcohol aerindnd
sennnuiawadvesueiiSerilinusensaiufivaziiFuihuntieadveuniisedilsense
domnauautdd shlihedenisueadiulddaauiendosansamd dnmd 1 Geely
nMsnsRdeumieTiinanuuaiiGeitlsionse liiesdulsatadsn (Tuberculosis) wie
TsaGeu (Leprosy) [15] @wazavminlunmisinmumissnenimdudrdunssnevnindinanis
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5%;1 = '-‘{‘“
ST

Vel e T "3.‘
' > i‘:"' & ? ¥ “%
§ WA Tege g

2
ol § 53"’&1'*“ r\"
?’ ’,K‘%ﬁgy"& A & %‘
i LR Qo. '"“ 2 o

gl

AT 1 Msdeudidesneds Acid-Fast Stain



2.1.1 3n158aude Acid-Fast Stain

Fn1sdaudie Acid-Fast Stain vinlalae wisualaniil Smear 319U Stain Rack

v Y

s Smear tuduuy Tnenausavaladinsiuuszana 1 wuiiues ldasavaneaislua
yiu Tnglannveuduuuresdlad udmindulvinnufousasalad sunseituiaaty wnld
10 Wit mawnlSunutiuasily Stain #tu Tne Stain desliuis Srausazalaseetiian
Tdansazaneand (Decolorizing Solution) asuualas W13 3 unit drausiazaladdetian
Tawdzuuguualadidu M3 60 Junft Saustaraladdethiua faulisishamnuamuan
18RSI IUFUAIUNTEANY IANEYInAURaUesalannie Moist Paper seauninglan
szutie Wewadedunszuiumsarldalasiidend Smear 9E19QNAB3

N1581UAT Smear YUY Smear Togauuu vn15uen Immersion Oil asuy
Smear lnsfivanenliidudatu Smear dostunisuudou Wihdmsueeauding 10x lu

n15Wfa Smear ATILIN ATINNTBLABNBIIINYATITWD 11NT7 Smear w1 VAL 138

[ ]
=< A

fianeideywad (Epithelial Cells) lvivinsideuuad ienwde msseiansvyuaudlng

e

g
2.1.2 naeslddmiunsivgdeialse

v . . v a wa & & a ' o 1Y)
naod Light Microscopy TwiaufuiRnmalumadeniignnituindmsunssuiunis

a

Mudeuariialidrggelunmsasiamiveialse givhnisesianige dedlasunisiineusy
U URnnutunsunsuuiinuuasgiungnaes watlunsfinuilnmiweTaulsanlaanndes
Light Microscopy azlvunegiuszann 48 GB sontisnn Fululndvuialve) Jesaavih

3

nsaseudngun e lilwadvunadnasneuiluiese

nsmTednuaEfiunUeuAfiSe  Acdd-Fast Stain  ileueseiauditlathiiy
Acid-Fast Stain axduuns Tdnvamiduwiadersn vieddlidadnfusniagintuly Tae
Suaiteaulsnzidnvaruaniaiu 4 WUy Ae WU Single Bacilli WUy V-shape Forms
WUy Clumps of Bacilli uwag wuu Bacilli fragments Fanmit 2 maé’am?m'mﬂ%gammﬁm
Haymenaavilinmildesnunfnluaniy Tnednuagdgminulivesasuansiansnad 2

[16]



(d) Bacilli Fragments

At 2 Snwaizdetadsa 4 wuu fe () Single Bacilli (b) V-Shape Forms (c) Clumps Of

Bacilli wag (d ) Bacilli Fragments
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2.2 52UUd Color Model
szuudluszuuiiansaianmssuinisuesiivresuywd Junissiuduvesrine
Tugndvdn Tnemaunsasuiiunuanuaaeg liesdumudduriornuaine Jesguu

1 @ a LY a

= =N = 1 [} 1 = = a A = =
duslavsyuunagiansanauantRvosdunne1aiy Wy ssuUd RGB eiluld Ae duns 807
a8 a = Yo 1 A ' 1Y) A o Y a aa ) &
wagddy  unslddaduvesanudnuandaiy ievinliiAndnvainans  ngussasd
(v a & [ a & a 4 ) L9 4
79NV9958UUE RGB A N1SM5I93U WarnIswandn nlussuudannsaing Iawintnsvieu
PIDADUNMADS AINNA 3(a) ddluszuud HSV azUsznaulusie Hue Saturation way
Value Tng Hue Aa @unanuednIn Saturation Aa ANUANAIY99E way Value Ao USunad
ANEINTOINN  Beagldd sy Computer vision wazmsiaTiziamlunszuIunig

Segmentation Fannd 3(b) [17]

(b) HSV

Al 3 wansmsiUSeudieuena (a) RGB #ag (b) HSV

2.3 n15UszuIaNan N (Image Processing)
@ aa aa 4 [ a 6
N15UTTUIAHNANIN Lﬂuaﬁﬂmmaqmwhgﬂuw AINDA LUUNITIANIT NITILATIEN
a aa -] a [ a = 1 Y r.:l' [
LaZNITARUANAINDE LasdyallaLaydanosNLAIge mﬂﬁzqﬂsﬂmﬂumw WoUIUYUT

AMNINAN  tasistananidudsslovtainnin  Tmuunzaufuumnson1sIgauianIzann

9 Y

[
= =

Ty JunumdAgluaudigg wunsldnuniagsnanunseankuunsin Imnssy wae

a a s a = Ao o Ao =
ANYINTITIABUNILAI DT Lmﬂuﬂml{ﬂUﬂqiﬂigujaNaﬂ']‘W'V]a'] VRN @‘lﬂu
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2.3.1 wAilla Basic Enhancement and Restoration
NN NLITEUU  (Image  Acquisition) Iumm%gqa’mamﬂmmwsuaqmwimahﬂéf
il idesntlyvynavesgunsal enafimsivaeiosnneguenliita msiadeulw was
Ldwnzan  wasdyausuniu Juiibigunmanaindiinmeuatu  auszasRveIns
USuussnmeiemalln Enhancement e ANMNAIBNNUBININ (Beauty) 91nn1sUuTinnIw
c[m, n] iea1snmiigauiennanniian afm, n] duqauszasivesmaia Restoration Ao
MsuanInmate (Truth) annsdudinaw c[m,n] e svanuianaadidululs
a[m, n] anawauaty a[m,n]
N9InUszansnmaes Al Restoration agldA1 Error dAsening Awauaty
afmn] fu awilldannsussane a[m,nl: ef@[m, nl, alm,nl} Tnevldasldfleidu
Mean-Square Error Tunisin iflesaniuwinilsiie ansomeeyiud demmnenia

ansamaiitesiianld faaunis
A 1 Z —11 2
e{d, a} = - ¥4=0 Lnzolalm, n] — a[m,n]|? (1)

2.3.1.1 Unsharp Masking
Unsharp Masking \uwaiiamsiigvauesnimiiieusuugsnaninnisuesiiu lay
WENVBUNINDBNABU YINN15VE18aUNIN nUudniunaulUlunmiy leef k Aa @An

AuUEIY (Amplifying Term) wag k>0 A3auns (3)
da[m,n] = a[m,n] — (k - V2a[m,n]) (2)

2.3.1.2 Noise Suppression

Noise Suppression tJumaiinann1ssuniu we Temporal information fe a6y

A U

d‘dﬂ} U U U U
am {a,[mn]|p =12, .., P} dillnquiloudu  unnsneiuemensSudygyinsuniu

q

Welldyaasuniu asmanlaannaunis

. A _ QA op
Temporal Averaging d[m,n] = - 2p=1ap [m,1] (3)
HaaNSNle  AnRdevetsasfinwadslideuulas  Andeauuninsgiy  (Standard
Deviation) azanasan o (U %mﬂlzﬂmmmm Temporal Averaging 1@ @1m1salden

Spatial Averaging tioandeygiasunuls unaziinadanuaANtAvInIW
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2.3.1.3 Distortion Suppression
Distortion  Suppression Lﬂumﬂﬁﬂﬁﬂ%’uﬁqmwﬁgﬂ Soyanausuniuiivudeu
desnlumnuduatsusnanamiAndgasuniuud o19vzinanaudndes s3uuas
msndeulvesndes vie ng Jswuudraesilives Ao nw afm,n] ﬁgﬂ Distort L33

Shift-Invariant System h,[m,n] (Wi taud) waz dygrausunuiiudian K[M, N] 63

dunIg

c[m,n] = (a[m,n]®h,[m,n]) + K[m,n] (4)
Fetumeun1sUFulanmagld Linear Filter Mgy Mean-Square Error fitfoefign
\floa¥ s Wiener Filter

— H(; (U'V)Saa(uﬂ’)
Hy (U, ) = e 2 San )t Sonum) ®)

Hj(w,v)

£ 6)
2, Snn(wy) (
[Ho (u,)] +—5aa(uﬂ7)

189 Saq(u,v) A Power spectral density ¥0anMEN waz Sp,(w,v) Ao
Power Of Density vosdgaaisuniu wag H,(u,v) = F{h,[m,n]} @e aud

Saa(, ) » Sp,(u,v) Signal - Spectrum  2zLBNIWANINNIT  Spectrum Nl 0

Fadu Filter WUUNNRY  dumud

UMW Wag Wiener Filter fnunlagy
ho(u,v)
Sua(U V) K Spn(u, v) Spectrum Fifidayaasuninazdidvdnauinnit Signal Spectrum
waz Wiener Filter Anualag  h,(u,v) = 0 Fadu Filter finsey wavdloninud
h,(u,v) = 0 Wiener Filter h,, (u,v) = 0 dietlostuns Overflow n15l Wiener Filter
HuBuAtlmimaianis Restoration Taemsld Linear Filter uay Aviitfosfianues Mean-
Square Error (rms) [18]
2.3.2 Segmentation

Segmentation Lﬁufﬁmﬁmswﬁmwﬁm%’uLLU'Qu,smm'mLLmﬂsmsuaﬁmqﬁLiw
Fosmslunmdu  senaniagdulunw vdeudweniundtesnaindu  idevhnns
Segmentation agyligin Ainwalvuduvesinglalunm Tnganansoudseeniu 4 nay

Town
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2.3.2.1 Pixel-Based Segmentation
Pixel-Based Segmentation Humnafian1sld Whole Palette TneBuainnnsusu

AUEIN (Ilumination) Yasnvilvanzas a9 NlusEy Unevenness 189 AU

[

(Illumination) uilivaidere dwaliinn1s Bias VoIVUIATAIVINNTWUSEI

2.3.2.2 Edge-Based Segmentation
A o = Y A v 2 a | Y A
Wi inguaninisiuasuiuased Gray Values ngiduazsdniiuly dwingiiainey

Tngiiuly nsiasuudasiilunaunann Gray Values fiveuresing asiUdsuiundsluds

Tngiiavidey lliianns Bias MsiBeudevesuuin tesnlddindevesinguarAdmiy

q

' [
1 A o Y

ndadunuet  egralsimuuwuimstandululdndefioTnguauans  Gray Values

9

= o N gy ¢ ' o van X A " a A a .
LANBUNU 'Vﬁai%Lﬂm%@niJLLma%')@q ﬁqll'ﬁﬂs[fU'JﬁUL‘W@LLUQﬁ'ﬂuﬁ]']ﬂJGUE]U NaANLAYINITLNA Bias

o Y

ynavaringivinnswusdulnglidedldinaeiidudey  Edge-Based Segmentation 4y

[
[y

AuagiumuNaveIvay Mauns

[o] / 02 21.2
E = 27lew ,H =—41 kw (7)

lagvnANgegAves edge strength LagmANYBUNEIANTDIING

-Bias by Uneven Illumination

< = . . 1 PP (% 1 ° =
b Jun15fnNw1 Bias U9 Segmentation LUUANE %BQQWWWNWUWGQIN?{NWL&@J@ NEAY

AIANEIN (Brightness) ¥a33ngiiunns1eil N15UaaT0UYeIngaunsaasauuuTnaes

[

meilandu h(x) 398319 Models 1-Dcase AMNEINWBININYBUNYA Origin Weulansil

g(x) = Yo ffooh(x)dx with f_oooo h(x)dx =1 (8)
AUY (intensity) maﬂﬁuwé’ammsaﬁﬂaaﬂﬁaQ”lugilmiLLUiﬁumaqmaﬂum
b(x) = by + byx + byx? (9)

HaTIUR AANdLlunw inlaanaunns
gx) = go ffmh(x)dx + by + byx + byx? (10)
Fdge-based segmentation 9¢lsiuans Bias Tusunisweunsi fumds Aty
widu  Slope wazlifi  Bias  Anuduvesvey  ¢0) WU Intensity-Based
Segmentation Way Edge-based Segmentation 3¢ Bias LQW’]%ﬂ’J’]ﬂJIﬁQ?JEJQﬂ’M@JL%Mﬁu%ﬁﬁ
Jeazfendasiuauiléswasqn Point Spread Function Fsvsneanud1 1 Bias avgetuile

YBULUAD BNY1Y A Bias AzuUNnAuiUANNLYRYIng Jvinadadingi Weak Contrast
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- Edge Tracking
Juisn1s  Sequential Fanseufuns Pixel-Based uaz Most Region-Based
Segmentation liansadufunsuuveun  fuynfinea  daudumeuseluazduegiy
wadnsTle Tnsgunmgnaunuitazussviniievnangegamunislassaud (Gradient) seuing
wiagaidududneds anduasm Ageandaluveamsldssdud (Gradient) Adne Region-
Based segmentation ®1 Edgebased Segmentation %ﬂmsmﬁ'wqﬁdyﬂwmzLaW’lzﬁagj
Ay
-Region-Based Segmentation
wdunisdausnyszinnues finwa dafufineavesiagfiviann Gray Value i
Favanuau Isolated points W3 ﬁuﬁsumﬂLﬁﬂmmmﬁﬂLL&ﬂﬁﬂLﬁUaﬂaﬁmqléf lnglyl
A1ilade Connectivity ¥04insg)
saghildlinmduatuusiesld  audnungueanm  (Feature Image)  Lilevh
segmentation % Feature Image azhulaunuluy Anwalfeas Small Neighborhood g

[

Puegiu VUIATeY The Mask MF@en13uINITIATIN ogelsinuiveuveding fumis

!

figosnmanenin Anwaninguasiunds dunndnunedulianmsothuisieudeusuld
fupoufigniisfienissin wuinues The Mask fivourosingrie Wumds azdiuldinlsl
aunsanldmelundafien  udessheleeldtumou  Feature  Computation  was
Segmentation #ull  duusn  AumnuEntAlaglidilds  veuwavesing  (Object
Boundaries) anntuazuUsdudugu (Preliminary Segmentation) Wag AW Feature 8n
%1 Wnadnsuesns Segmentation 115770 The mask wes Neighborhood operations i
Youveingludting wie finigafiumd %uagjﬁu NNYANATINAS Lﬁamiﬁuﬂqqﬁﬁﬁu
dnsavgRIuin Feature Computation W8 Segmentation auN71 Fumouazsaniy
IREGHLE
2.3.2.3 Model-Based Segmentation

mnevIMsAtaNEngInusUnsIIvIndinueding (Geometrical Shape) 3¢

NAITUIIN LEUATY (Straight Lines)

-Parameter Space; Hough Transform
xRV Wi1e19zgndyayIusuNIUEe NeauieauvdIu InsauuRdn aniign
Segment fliduuszinvilog AT UAUATS @usaAMuAMITHmeS veadunsilned

a, way a; AeeeNdnlazANUTUTDIAUNTY Aell
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Vo = Qo + a1 Xy, (11)

P Y
1

ulumafoaudn  aunstreiulilldly desnanudureadunsionalififiauan
warliminzaufusuudiaesilisedes  mstmuannsfwesinnivendunsaadld 2
wsdwesiuansetu  arulullfedmildonsld Ancle of slope weudu waw
syoLIvRIdY 9NRRsnans vessEuLRiie axldaunis

fix =d or xcosf + ysinf = d (12)

=

dlo i WWunnwesund 0 Wuynvesnmesiluds unu x vesnwlussuuiind [19]

2

Fansfnell Annenwe Tulsnanaslaionis Segmentation eKEAWOOONAN
Tagilasaants Inevihnisudsendige fu Yen uasiumasesnaniu miels Erosion wid
nswendweriuiilevensie ¥aeA1d wuy HSV ivelidesenisaseudngunm e

Tadlsaesoenafen wainluiasigsiaay Deep Learning Tudusaly

2.4 Convolutional Neural Network (CNN)

TasstneUsvanmifionwuy Convolutional  wiulasstneuszanmifieusfinnileiil
vanelawes  lagazUsuananatoyafiiimsdnioauuunia  Wumsduunnnuaznsand
$ng Tngldustlovinmmdnnisnniiwadin@adu Tnoamznsqaiuying iessysuuuy
melunn Tngldmheussinanansiiin (GPU) wleflnlua (Training Model) wistunns
Simsresioonidu 3 du ldun
Convolutional Layer

Convolutional Layer sianndi 4 \JussAusznoundnaes CNN #osduan Dataset
leiun deyaudn dnsos wazdsnndnuass 1wy Inputidunmd Feuszneufeowvindfinealy
WU 3 SR einemnudn Input Asdanudid L ANEY ANUNTNY WAZAIINEN R
Aonndesiusruud RGB Bnidslifmmatunndnuny vie fiduniueesiuaniednges
(Kernel) @wzindouriudasudyaiamwesnin Lﬁam’a'«aaaudwﬁﬂmauﬂ’aﬁua&Jvﬁalaj 1ng
fodldasAUsznaunan A Two-Dimensional (2-D) Array Of Weights mﬂﬁ?uﬁ’mim%gﬂ
ilUlfufiufivessuam uag Dot Product awgnAtwInissvisfineadunmuazsianges
Dot Product ﬁazgnﬂauﬁng Array Output wasantusnnsesezdevlufiazdes vien
Fumouaunt Kernel luassnin Output gnvneaINYATad Dot Product 31NBUNALAZHY

N39438n71 Feature Map
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Input Image Convolutional Layer Pooling Layer Fully Connected Layer

AT 4 Convolutional Neural Network
Pooling layer
M35 Layer  9NA158ATWIR  andiuiuwasdeesiy Input  wuRenAy

Convolutional Layer mi@i"lLﬁumﬁamﬁjmzﬂ’gméhmmﬁaﬁu’q Input LAAULANFIIADEA?
nsesiilifitminuifendes wesualdilerdumsmudniumneluiladsuduagaunu Tne
LsvArray Output

Fully-connected Layer (FC)

Fully-connected Layer (FC) ﬁmﬂﬂﬁ%’mizLﬂwmmamamﬁ’a‘ﬁLL&Jﬂr;huLaL&Ja%fiawﬁﬁ
wazinsowine Turaedi Convolutional Layer way Pooling Layer sinagldfleddu ReLu
Fully-Connected Layer (FQ) shagldusslavdanileidunisilaldan SoftMax esiuu
Input DEIMUNNE AL a¥remnunazdusaus 0 f 1

2.4.1 ULUUNNTIATIZY Deep Learning

Deep Learning fnannsvinnune mswisuyadeya (wiingudeya, Label daya,
msfruaveUwanTH) wdwhms Training deya lasmahyndeyauiiingrq Usulgnis

AIAAZIUAINMTT Validation ¥adeya wavin1suseidiy (Evaluation) Fsluaaazgnnaaey

[y v

fu yatoya Test dataset Fsludaureens Evaluation agvilimsruinlunaiiniuusiug

[%
(3

w3alyl a11150AIANTANGUYDINNAYINNTIATIEINIMUALAEENLTAUUIUTEANNTS
as1esidu 3 35 Ae 1.) Modified Classification 2.) Object Detection ua¥ 3.) Semantic
Segmentation ¢19A151991 3 fudenveINsiuTuegiuauABINITNIzLaTUTEIANYDS

JoyaledninesnsAteanunaNyateya [20]

2.4.1.1 Classification

Juisnstieseiednedie Tnenstdnlnddeyanin udifmuanguvesdoya dis

amd 5 10Uz i mtuunfvieiaund ldnatlunismaageadeyaiies
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AUN50IATITALN DTN ARLEN A oE19TIAIE nsiwseudeyalnsuUlagnsuUntoya
< A o ) L. . v a ¢ . . a I
ponlugne Wedmsu training uag testing ToRvaIN1TIATIEwUU Classification Ao LU
nsTuunUsznnteyailidudeu Ingasdewdsntoyainnmung vse RaUnd a1unse
AANISAIlADE1997A157 d1udalde Aa N5 Classification Mia1u15aMIFILIY9AY

naundneluninla

mwﬁ 5 Classification

2.4.1.2 Object Detection
@ ad . [y [ a a a [ & [ PN P
Uuibnns Localized 0y wagvitmsinsevdmfeuseuingiu denmé 6 Fedu
S a ' ° o & A LY. Ay ° i
moutliondt M3 Label mvuaingigninseulvieglunduidents aansafdmuniiaeg
Label nMWuU Axis-Parallel %38 Wuu Oriented Rectangles #tingninisviudouriu
U Aggnueneananiy tsielunisAiuduiuing way mingiednssdiulnuves
AN T8AVBINITIATIERUUY Object Detection fD @11150ATIINIATLAUIVDIAURAUNG
Melunmle Taensesiaduingiegniely Bounding Box Coordinates lagaglasudaya
o = A 9 a aa & A ° & vo & ) a a
BeAnfgItunIsNsEeANURAUNRRLN  Luudiaesilanansaldldiunansaanuiauni

a o)
LIRS VRNYNTE
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Al 6 Object Detection

2.4.1.3 Sematic Segmentation
Juisnswdanguliusaziinealideyadiumianuiug veagunin seyvouwni

wiudlaen1sneveuaiiniga YesingnglunIn liekenAIUUANANTENINIERINGY AB

a

YOU Wag Wunas aeiilsn1s Label ag 3 35 Aa WUy Polygons WUU Pixel Masks wag WUy

4

Smart Labeling anwauzn1s Label #3nImél 7 40Av99n153lATIERLUL Segmentation Ae

¥
aaa A 1

lpsudeyaninnuazidungs manuEaUnAwaziuiile Jaidevedisil Ao nsuusdld

e Tmheanudiuin wagiesdtnuiisasiegy Tuwa danududou My

Training Way A1IANANTTALU Pixel [21]

(a) Polygons (b) Pixel Masks (c) Smart Labeling

AT 7 Segmentation (a) Polygons (b) Pixel Masks (c) Smart Labeling
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M15199 3 MsLUSeuLiguamau’’ Deep Learning Methods 3 wuu @e Classification

Object Detection ¢ Segmentation

M15UTBULTBU Deep Learning Method

EREEIGEL
Classification Object Detection Segmentation
(Description)
FWUNTNHIINAN | TUNIAGIUNIN UazTey wusdunn Wuusay
ANwMENIYNU AWNLIYBINQIN fNwa wanssIgazdyn
(Task) Bounding boxes YDIVDULVALLAZALAU
YaIng NN
Convolutional Faster R-CNN, YOLO, and Fully Convolutional
annlnenssu
Neural Networks SSD Networks (FCNs), U-Net,
(Architectures)
(CNNs) and Deep Lab
I~ ° 1 ° Y Yo v aa
Wunisdnuun whglummduing | lesudeyaniianinig
. Ussinntoyailly WAE @N3130ATIAAINTILY | a2lBunad MAURAUNA
QmLmu 4 U 1% o 1 ¥
" FUgaU @13150 voringnielunle wagdunle
(Advantages) v
AANsallaag
<
53057
liaunsammunds | msesgvtiesaindes | N1 Segmentation T4
. YDIAURAUNG WiN13iuun Bounding nauu Tunsiivun
plZkl . : v _ay
aelunmla Boxes lunsiuunuseinn | voulwnvesing 14
(Disadvantage) , . .
WAZNITANAAZLY MNYANUIN UALADS
Tamaandeviey
N33 MUNUTEANAR | N1395293UTNQamMTUTAEUA | N153TAdELIA 11aWNUNTT
szilpugnudeya W | onlwlii ndeesle uae | Snw uazdinany
mogamsldau | uenameenldany | usudiien1siinig ANUAINNTLsA
(Example) | angwug AvuaLdusay 9 07

ATIINULARLTUNS DU

InUszinndeya
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2.4.2 Pretrained Model
2.4.2.1 Enhanced
\Ju Pretrained Model p3lUsunsy Deep Learning MVTec Fa9u Neural
Network fieanuuuliiiniiennus waznisuszananafiduszavinm 7l Layer idudou
wnzdmsunuswunfidudeu summmwm”ﬁwLLazmmqwaagﬂmwﬁ%ﬁmﬁLm*]w“lzi
A3 47 Pixels §ﬂﬁgthﬁmiﬁi”]ﬁ’mmmaﬂWégﬂmw wivunalidsunmiilugjazidu
nsfiunsdmaenus weznatlunsysyinanariuiu
2.4.2.2 ResNet50 38 Residual Neural Networks
\Ju Pretrained Model Aifinalndwfiesiu Enhanced winzdmsuaudidudeuunn
Fu fanuadosuniy Wulaseheussamiienis 50 Layer Uszneuldsae 48
Convolutional Layer, Max Pooling Layer waz Average Pooling Layer 911aAMMNINMaY
mmqwaagﬂmwﬁ%ﬁmﬁmswsﬁlﬁmsﬁmdw 32 Pixels
2.4.2.3 AlexNet
fignuamanziedl Convolution Kernels Tuduusndsfivwalugniilu Network su
fio MasweUssaifiendidaniudn 8 Layers Usznausie 5 Convolutional Layers and
3 Fully-Connected Layers.
2.4.3 §aiSnUszansamuas Model
1) Accuracy Anamuuiugh fruaaildaingns viie Ailluaamegnitsue/msiamn men

lpanans
TP +TN
TP+TN + FP + FN

Accuracy =

2) Precision #38 Positive Predictive Value ApA1AUNEINTI %58 Adilumaniedunana

[

Pmdainsangn/mitlueaiunginduaaraimdmaisaiignuagin menldaingns
TP

p .. -
recision TP + FP

3) Sensitivity %38 Recall fio Auly vie Alumanedupananidainnsangn/mn

winnsalasadupanaiindainnsanviagnuazin ma1ldaingns
TP

Recall or Sensitivity = ————
ecall or Sensitivity = o
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4) F1-Score A ANMEHA1NN5L871A1 Precision wag Recall 1nAuwinisaunu (F1-Score @314

Tuu ey Single Metric fnauaansavediuma meanldangns [20]

F1

2 P*R)]_ TP

= =2
-1 -1
P~ +R P+RI 7p +%(FP+FN)

5) Topl-Error Ain 8Rs18UURININAVINIUIERA Class

6.) Confusion Matrix e [waseadledAglun1suseiliunaansuesnisyiiuie 91nnns

a ¢ v . ) a
WATENNIY Deep Learning MIN1WN 8

Ground Truth

Positive | Negative

Predict

W
2
=

(%]

@)
a

o

>
2

©

00

Q
P

m‘wﬁ 8 Confusion Matrix

A [

True Positives (TP) A mmusuaaéhaEJNﬁIuLmaﬁwmagﬂéfaafmﬁu Positive
True Negatives (TN) Ao S1uanvesfegniluwariuegnsasindu Negative
False Positives (FP) A9 311uUY896108197 lumavinueinIdu Positive

False Negatives (FN) fis s1uauvesiegsilunavinuneinindu Negative

2.5 Program
2.5.1 Halcon via the MVTec Software

Wulusunsudmsuvih Machine vision 2w 9 fianunsaldlanalu Linux wag
Window Tlatuntwmalusunsuldvanevatsniwnlaiinasdu Python, C, C++, #se .NET

FauluiS0990InTWAILUIMIAIU Image processing TngaunsaununldiionnUyminieniu
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N13IANISAMUY UagnIsaeuLiguLAsadla NMITEYMmAN N15TaLANSUSUEUTng

o ' =2 .. a Y a = .
LAZAILUUG FINDINTUIEUIANANINILUU 3D Vision LLazmiL’iaugLﬁmaﬂ Deep Learning

2.5.2 MVTec Deep Learning Tool

&, e v . a 4 [ ~ [ v v
Julusunsu 79 Deep Learning lumsiiasgvinsiaming 1ieiin1snsiaduing

NN159AUTELAN NS Segmentation FININA 10

HALCON

a product of MVTec

219 9 TUsHASU Halcon

mwﬁ 10 TUsunsa Deep Learning Tool MVTec
2.6 "uiteMineadas
Ahmed Igbal uwazamy lavinsiaumaluladreuiames Computer-Aided
Diagnosis (CAD) Tidninfiunuwilumstistiesginsamideinlse Tasvhmsdnw 2 o0
Toya  Uoyayausnlininiendisgnsiien 1win1s Segmentation 38 TB-Unet 1o
1A59a319 TB-UNet 2gUsenause Dilated Fusion Block (DB) dwisuinundnunie Usu

14 [

Toyasudyey s war Attention (AB) dwiSunisiludiuddny auundeitlddesns Tne
NAaWGAN Precision A1 Recall A1 Fl-score wagA1 Accuracy HANVNAU 95.74% 95.12%
89.88% uay 97.7% eudu dudeyavaiiaes azldmsiiasiziishe  CNN-based
networks Inefild Dataset 3 9819 i@ Chest X-ray (CXR), Segmented Images LagnIN

Auatu 14 Pre-Trained Model @ DenseNet-169 tiafnuenAnaudRLazranidsnIsio



23

Ugynn Overfitting Lﬁaqmﬂm%yjaﬁﬁuu'}mﬁﬂ Tneneaeulsnduqsiudie 3 Tsa laun e
Uaauiu COVID-19 wazinulsa lmenadwsan Precision A1 Recall A1 F1-Score wagen
Accuracy HAWAY 95.67% 95.10% 95.38% Waz 95.10% aua1au [22]

Muhammad Tahir Khan lé¥nisdnenisiunenadetalsaimude wiolinu
e e Artificial Neural Networks I@EJLﬁUi’JUi’JQJGﬁEJ;JUar}EﬁL“EJJ’IGUIWEJa@L%’EﬁmIiﬂ NYoYA
AU 12,636 518 58wl 2559 e U 2560 laeifivfeyaniu wa 01y Uszifinishin

We  HIV  Usgiimshaweiulsanounin  dygial  wazen1svedlsa  SRsIEIuTeIns

a

Training uay Yndeyailaznaaouvesdiidnineifnde Ao 70 way 30 muddy Fea
TnesmanMsinseiene Artificial Neural Networks vhunewdedadlsn flmannuuiug
1NN 94% [13]

Lingga Aji Andika 1138n153tAT 1MUY Convolutional Neural Network an31uwun
Usztnvuedlsaialsa dauun PTB lagldnimaiese@nsaeen a1n National Library of
Medicine Useineanigaiusn $aunu 1sme1uta Shenzhen No.3 People’s Hospital
Ussinadu Mnmitomn 663 nw uvadu 2 nqu Ao nwUnd uaz A TB nsfinund 14
Adaptive  Momentum LﬁaLﬁMix%%'ﬁﬂﬂWU%’UUﬁﬂﬁyLLJJusTwaqLLUUﬁi”lamﬁa%N%u WA
M5SUUNUSELATUBILUUS AeTiadsty  dmsunis Training #AWVIAU  99.19% 013

Validation 75 Epochs 9¢fl 80.60% Way Accuracy Yesgamadey vty 84% [20]

Alfonso Hernandez lsvinisinwmssauunnmiendisdsmluifmvesiiiiefionady
Jaulsa ¢18 Machine Learning  lagld Pre-Trained Model w89 Convolutional Neural
Networks @ensinwnilil 3 Sumoundn Tneduusnezld Image Processing USuanly
Training Set Wiy nisagviouluuuiueu (Horizontally Mirroring) @vawifiunisuiulse
Snvueihluresuudiens  lesaunsadiisdeyaiifdnvaslndifesmesnmvrseniiaes
11 1nthuagldinada Histogram Equalization Lag Contrast Limited Adaptive Histogram
Equalization (CLAHE) ffuynaw ifletslifiudnunsvssUenldftu 398 Histogram
Equalization 9gviliiuasfiudlasdlétonas uasds Contrast Limited Adaptive Histogram
Equalization 9978w AvUuANGng (Contrast) stmiidlasafuiunds wdvhnsusu
gunnw Wiilwnm 226x226 ntuiindaanasuniy Gaussian LUUANAUNW Beazaglek
Tupaannsasuunnmiiidyarasunmuldity dewmnammansunmdanaintuldan

iwseendlsd wavvinmsusuawafinea 1/255 Tiidumasgiu ldlilndlwegifiuly wazvi
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n3nseuda fioglugaesnisuets 99 fina Juneufiaosasld NN lunisidion wenfumada
Transfer Learning lagld Architectures ResNet50, InceptionV3 way VGG19 31n Keras
Library Wagmns1inesiiunnsaiu é’m%’usﬂ"’umauaj@ﬁwaiuﬂﬁﬁﬁma 911 CNN 3 Models
agldanislun1viiune Ae Voting by Majority (VM) GﬁamwLwiazmwa]z{f@agﬂuﬂfjmws
¥1BKUU Stand-Alone Model faust 2 Models $ulU wag Sum Of Probabilities (SP) 9
wamseanazduresiegnausazngy damsdauonsunin sgildlasnsianinag
HuvesusiaznguazthuniUSeudiouiiu Stand-Alone Model #ausaznmazgnanidnluds
naufisieasnazidugendn e vunyasietna 800 gn wieunmenulsdnsaten way
asegndayaiiazsihnisinseiliuntu Tasdiudyanusumu Gaussian wuvdy Losan
Tumsmsunmdenaiindayaasumuanieiesendisdld Tnsaiisyndoya o yausn

L{JUﬂW‘WLE]ﬂGZ?LiFj’mﬂ%ﬂﬁéjﬁu%ﬁﬂ‘ﬂaﬂﬂijﬂaﬂ U 138 AN LL‘UIQL“EJUﬂ’IWUﬂa 80 NN LAy

'
1 =

Ao X o <, s & % v @ a
ﬂ"lWVIﬂJLGUE’J'Jﬂﬂﬁﬂ 58 AN @UYANABUUUNINLBNYLIENTINBNATUNAUN IﬂﬂLL‘U\?LUUﬂ"IWUﬂG]

q

[

U 326 A Uavawndidedalsa 336 2w ¥iM1s Training Model CNN 3 gu

(ResNet50, VGG19 ag InceptionV3) Imammuﬁuz}’ﬂagjﬁ 85% [23]

1ala

Omar  Faruk aveswamdwadfifiussansamlunsnsamidetalsalagld
Transfer Learning lagiinisldyadeyaindsa ﬁgﬂ%’ﬂima Kaggle dmsufinwn wuudiasd
Deep Learning Convolution Neural Network (CNN) Qﬂﬁ%’lﬂLﬁaﬁlﬁgﬁﬁ’m%ﬂmi?ﬁlmﬁafﬂﬂﬁﬂ
N AendlseUen 19 CNNs 7iumnsnefi 4 Pre-Trained model #o Xception,
InceptionV3, InceptionResNetV2, and MobileNetV2 1lUvi1n1s Training Validation Wag
Evaluated tilewn Wealsa uay linuideYalse Snsléinaiia Image Processing Lile
Ufugsanuushuglunsiessst  Snidldlusunsy Python dwmivliemesitoya  uas
Lm'%‘ausqm‘ﬁjagaimw Anaconda Navigation lLa¥ Jupyter Notebook §ﬂ‘17?ﬂ1‘9tf Google Colab
dmsudansyndoyavunelvg) waz Training Model Tnsypdeyatszneusie 3,500 nw 7
Fotalsa way 3,500 amund Tnewlevhmsinseiuds Tuma InceptionResNetV2 195U
ANNLILENGaAR Fl-score BE7 99% A1 Accuracy voslumanwun@ ogfl 99% recall 98%
uay Fl-score 99% s aruutuswodlunanmiifilotolse Ao 98% 1 Recall og
99% uaz Fl-score ogfil 99% Feismstidulsslomidmiunansramidotalsalfess

590157 [6]
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Khairul Munadi 14wefia Deep Leaming Tunsinide wevhnsifiadelsaialse
§9lsiR W1y Pre-Trained Tuiaa ResNet uag EfficientNet Liiuaan mauainmondissnsag
aNMmILN159 Image Processing nelddanassy Image Enhancement USUUgInIm 3 wuy
A9 Unsharp Masking High-Frequency Emphasis Filter way Contrast Limited Adaptive
Histogram Equalization $iisld Gaussian Blur fiunnduatiu udwhnisauniniuae
genvnanguatuiielildveunndivuae TnenslddanedSu Unsharp Maskingudaiiun
Uselliuussansnmeeswuuinaedlagld Classification, Accuracy Wag AUC Score 168’61;@

U01a97n Shenzhen Hospital Usznausie nmiendisgnsitenaunil 662 amn duiu

' ¥ ¥
aa A v A a

aiifidetalsn 336 nn wazamitlifide Bn 326 A Fanmismuaasdl Resolution
Winfunum Ao 3000x3000 Pixels @4 Saneas HEF Image Enhancement lénziuufifign
Tundvesnsusulgs Aturalness enhancement waufianeddu CLAHE (Ju Unnatural
Enhancement Wag Accuracy 1 INNITIATIZRAIE Transfer Learning way Pre-Trained
Model Efficientket-84 figniiasesidiamuadosinduidouussnmeneT®ng HEF was
UM 3slamad §ifn Accuracy wihifu 89.92% way AUC Score witifu 94.8% dau ResNet
Model fiuszAvsnmfind1 Model Bus lugadoyavea@uiu uiluna EfficientNet-B4 fivh

AsATIzIinaulafnINlunIsnaasail [24]

a a [

Hsiao-Chuan Huang ¥n1sUseliuyssdnsninvedssuudnludi  -Scan 2.0
dmsuaTIam Acid-Fast Bacilli TB 1U3ausiguiuisn1sns1anionuy Manual Smear
. =3 Y 1 aa = Y
Microscopy lagtiusiaagnsann 43 lssweuia wazediianeniamidevesusemalaniu Tu
Wwau Jwian dunouliguiey U 2020 1neviin1sngiame Smear Microscopy Mngmiae1ay

¥

gﬂgauﬁmﬁ%‘ AFB %84 Ziehl-Neelsen (ZN) LLazLWWL‘%@ Mycobacteria Growth indicator
Tube (MGIT) fUsmsiaBade Lowenstein-Jensen (L)) @sanwaniside  axifiudn
UseAnSnmaasssuusnluiid -Scan 2.0 1Wisuiisuniu Manual Smear Microscopy A2
wiuglaesiuildwiiu 95.7% Prevalence 8.2%  wavmuinsvuusmusRtuiinanuly
inndgrameia lunsesaniide M. Tuberculosis Complex asmaliiuszavsamluns

asranieluiosufURNTTIAEITY [25]

Liron Pantanowitz, MD vn1sAinwiasiaiuingiaaeunugnaevesdanadsy

Deep Learning Wiednnses 91ndlad Acid-Fast Stain (AFS) uwileideiifl Mycobacteria
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Ingilyadaya nmalad Whole-slide images (WSI) vasiilalga AFS Navian 441 a1 &y
1UIATIERIY Deep Learning ag 8n 11 138 alaauuUsuuliisuiu Manual Light

Microscopy Hagitn1suseidu WSI fauszansnmassdanadsuvuiuilansin Ao 0.960

o w

N5l Al hangaelumssey AFBs 1nndnisidiasesiie Manual Microscopy dlfntludnAgy

o

P< 0.001 #1 Sensitivity A1 Negative predictive value wagfn Accuracy HAnuwsiuggagn

WIaYNSIASIEYAe Al [14]

Jeannette Chang laussyuunTitadeialsaonluiilagldniniseslasainndes
qanssauiletie lnefeuld Computer Vision Tunswaunszuu eenuuuiien1suuus
Usgdndnin vasnTItadeeialin MARLIRTIINITDNENNY  LaZAINIDNITINIZLTD

WAz 7 Polymerase Chain Reaction (PCR) ldyntayadmiunaass a1nam Cell Scope

MUUA 594 NN IgNMANATUUINMSNURIIUIU 296 N dunaiduau wselinu

[

o WU 298 A lAKaTIN Accuracy WINAU 80.2% FIUTTANSANUDITEUULY IHgULin

o
(Y Y o

fumserunavesuyed  BansleulminnsiSeudiudsednsnmuessyuy Auns
Iedelsaalsauuudug ufamamnsieussndomansimi vigoolsaeud LED nui
UsrAndnmuasszsuusalusftuadeafsiunsmnade Tésuauuiugiaesay 80.2% lu
YnUoyarasnn Cell Scope 594 o WllsumuIszaviamvesszuudnludmiieuls

fulATeI8 UYRINYEELayIaN TN TailsAdug [10]
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3.1 MImseuyadaya

ANALAUAITTRUANUNTA AFB (Acid-Fast Bacilli) aae35n158aud Ziehl-Neelsen
Stain (ZN) 9Mnngusegnaiaun 43 wa wiadu nudetulse (Positive) $1uan 7 1Ad uaz
lanudoswau 36 na uiedeedoyalul aa 2016 - 2018 @10 dhene FIne)
lsameg1uiaguiansal annalng lngnmnisdeudnunsa AFB Maaey x40 gnauny
TnglfinTosaunu Aperio €S2 wagdmifiuluguuuy SVS File usiilosnn svs File lalanmnsa
Jashelusunsusmunmidll uagldnmiaweive Svuneded 48 GB donn e
msuvadliidnwlvieglusuuuy TIFF way aseudalivdevuindidnasivunnadedl 4 GB
sionn Tagldlusunsa Panoramic Viewer Tunisutasinduasasousanin ndaanturiins
aseusnnilasnads weliiussasdunmelunmanniy wagyilsduuna 1,500x1,500
pixel wiriuynnm dmsuiluinsnes Deep Learning 67878 Object Detection wa
dmsuihlui Image Processing Liteim3oadoyansiiasizi Deep Learning #e5
Modified Classification laesuugndeyarmuauansdansail 5

M5 5 uansdnuiuyateya (Dataset)

No. Characteristic Positive Negative Total

1 ZN-Slide (Average 48 GB/Slide) | 7 Slides 36 Slides 43 Slides

2 ZN-Slide (Average 4 GB/Image) | 109 Images | 525 Images 634 Images

3 Image (1500x1500)/Image 71,666 314,079 385,745

Images Images Images

3.2 MansENYndaanie Image Processing #115UN1531A12Y Deep Learning #ie3s

Modified Classification

NSW3EUYATRLAME Image Processing szvhmsmidetalsalunmnnsdendnuy
nIn nnguiegsinude 7 wea  Liievhmameaedd HsV AilarulndiAsiuiveate
1niign ¢y Color Thresholder Tulusunsu MATLAB Taggunin d1uau 12 aw #ildann
N1SATEUAR UM 1,500%1,500 AALga 11YINISUIBI9R89AIE HSV 917 Color Thresholder
Tu MATLAB sfanmit 11 5leldAn Hue Saturation uay Intensity wasilngifssdidotalsa

WnAge fawnsen 6 w1 dlldlulusunsy MvTec Halcon vimisdunn auin
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15001500 pixels $1u3U 300 AW Positive war Negative #3197l 5 Yudnlusunsy
MVTec Halcon Tusunsuaginmsdasaiideans udaimuagafsnatsuesd uavairsveu
panIINgARNans Sl 255 pixels Ansausausiaidio Wiluuinaunina 51 pixels A1uem
51 pixels udnsoudinanzamiinuidio (Patch) Fnnil 12 Tngd1uau Patch flagiily
Classification uanfanN e 7 uazvinisuisnguam eenidu 3 ngu Ae ngu Positive
n&au Positive Low Confidence wagnga Negative \elUTasevisie Deep Learning lng

19735 Modified Classification

ANS5199 6 A HSV azlaradgaintiesd@nanisianalul

Color Hue Saturation Value
Range Low Hich Low High Low High
Average 145.826 187.935 42.5 194.497 185.402 243.032

e
o

AT 11 NM59Y29ANE HSV @ne Color Thresholder

MINN 7 WEAITILILYATRYA NEULAYNAIN1TYI Image Processing & Label

Image Processing Comparison | Type Of Image Amount

Sample (Random) Image 1500x1500 Pixels 300 Images

After Processing Classification Patch 15,000 Patch
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@ ZN-Slide (SVS file) @ ' ZN-Slide (.tiff)

01

-F:’ 03 @M“ﬁ?‘%m I
Ny 37 = REREEER

01 02 03 04 05 06 o7 08

14 15 16

ZN-Slides
(SVS file format)

A4

ZN-Slides Image
(.tiff)

l Crop Image

D _ O

Images
(1500%1500 Pixels)

Image (1500%1500 pixels)

}

Image Processing

i Label Image

° Patch
- )

ey

Patch
(51*51 Pixels)

—0 O

Center

End

T
v Positive Positive Low Confident Negative

=~ mup

AT 12 WHUANLAAINTLES BUYATBLANIN

3.3 N159LAI1EHA28 MVTec Deep Learning Tool #2835 Modify Classification
N13 AAT189AE Deep Learning $neis Modified Classification 281015 Training
8 Msi thin GF63 12ve-046 TH 12 th Gen Intel(R) Core(TM) i7-12650H 2.30GHz (cpu:0)
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TnewUSeuiieu Pretrained Model 19%1a 3 Models A Enhanced ResNet50 wag AlexNet

[

I35 @512 P9l

1.) 4angu Patch eanidu 3 ngu lnewuadu nqu Positive ngu Positive Low
Confidence kagngu Negative nguag 5,000 A1 ihisanungudnlusunsy Deep Learning
Tool ¥ suUTuusiann Ty Mode Image kAN MTINVBINMNIUNT Training T mode

review

2.) vhnswusdndrugadoyalunis training WUu 3 ¥n @e Training Image 10,500
A, Validation Image 2,250 AW Uag Test Image 2,250 7MW Y0431UIUTYaIavIA 1138

DPS1@IU 70:15:15

3.) \@an Pretrained Model 1n8agyinnnsAs1Eyianun 3 Models A Enhanced,

ResNet50 uaz AlexNet @419 3 Models 22#3A1 Parameter 6149 llauUnU fan15199 8

M13799 8 A1 Parameter dmSullAT1etayasnie Deep Learing 35 Modified

Classification

Parameter Value
image width x Height 51 x 51
Num Channels 3
Number of Epochs 100
Number of Iterations 32900
Batch Size 32
Learning Rate 0.001
Momentum 0.9
Percentage step 50
Rotate Step 90
mirror both
Brightness Variance 20
Brightness Variance 20

Rotate Range 9




3.4 N153LAT1HA2Y Deep Learning #1835 Object Detection

34

NNTIATIENAIY Deep Learning #1835 Object Detection 9g¥n1s Training #8 A3Y Msi

thin GF63 12ve-046 TH 12 th Gen Intel(R) Core(TM) i7-12650H 2.30GHz (cpu:0) Togla

Pretrained Model Aa Enhanced

1.) 2 YU 1,500x1,500 finwa 911931 300 AW %1n1S Label Aniawmazs

91U3U 10000 90 USuusann Tu Mode Image kaggAmMsIveInmMiIazian Training Ty

Mode Review

2.) vihmsuusdndruyadeyalunis Training Wu 3 ¥a Ao Training 7041 g9,

Validation 1,413 90 uag Test 1,506 90 ¥308A51d@1 70 : 15 : 15 Fap13747 9

M50 9 TgalBuAn1suUIYadeadmIuAT 1891938 Deep Leaming

DL Model Characteristic Training Validation Test Total
Object Image 210 (70%) 45(15%) 45(15%) 300
Detection Patch 7041 1,413 1,546 10000

3.) \@@n Pretrained Model 1y Enhanced fsAnd1msu Training fam1s1991 10 uag

USUAN Parameter #1499 AIR15199 11

M13°99 10 N15FIANEISU Training

31813 e 318013 e
Width 1,536 Number of Epochs 100
Hight 1,536 Number of Iterations 21,000
Number of channels 3 Batch Size 1

Min Level 2 Solver Type adam
Max Level 6 Learning Rate 0.0001
Anchor Num Subscales 3 Weight Prior 0
Anchor Aspect Ratios 05,1,2 Bbox Heads Weight 1
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Max Overlap 10% Class Heads Weight
Max Overlap Agnostic 27% Mask Head Weight
Min confidence 0.5 Freeze Backbone Level

AT 11 NITAIATNITITLIDIAI)

Parameter Value
Percentage step 50
Rotate Step 90
mirror both
Brightness Variation 20

Brightness Variation spot 20

Contrast Variation

20

Saturation Variation

20

3.5 n1silSeuisuaNaIusalunstudunalaslyd Model SAUNULNNGINOATIANLD

Tulsatunsliunndnsranodalsalaensewiu Light Microscopy

A% Deep Learning 35 Modified Classification wag 35 Object Detection

LAn9AaIN NG 13 1Weviin1s Training udd N1siden Model 1ANianann1snaaes lvinis

ATITWAVUNNY WTeuiiBUNaiun1s #593998 Light Microscopy tnennaaadfitiiun

Wisuidieu 1iegnsgadoyadiuin 43 wa fisnenuindu Positive 41U 7 whd wae

Negative 31U 36 LA
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NANIINAABILAZNITIAUIINE
4.1 15313129 Deep Learning 35 Modify Classification
NANITYIAADINITIATIZWMEY  Deep Learning WuUU  Modified  Classification
WIULEU Pre-Trained Model ‘1713& 3 models fAa Enhanced ResNet50 wag AlexNet 311

M98 3 N M. &Y Positive Ngu Positive Low Confidence wagnay Negative

4.1.1 nTMANUEUNUGTENIN Loss U 91147U Epoch kagnsiansnnudunus

5¢1IN Top1-Error Training AU Top1-Error Validation

AT 14 AT MLERIAINENRUSTZIIN Loss Way Epochs U8d Pre-Trained Enhanced

AN 15 ATINLERIALEUNUGTZNING Loss thag Epochs U84 Pre-Trained ResNet50
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AT 16 ASIMLERIANLELNNUGTENING Loss wag Epochs Ue9 Pre-Trained AlexNet

PMNNTINAMNFUNUSTZIING Loss ey 91U Epoch AN 14, 15 uag 16 Wuin
A1 Loss Function 989 Models %14 3 Models dm1anas natanie Pre-Trained ResNet50

~ v & X a A | YA ~ . )
anasuINian wanslmiiuil Modeldl danlosuuseninamadnsaiun Predict iU ground

truth Uae TnediAn Loss Function @agwiniu 0.2

B Top-1 error Training ® Top-1 error Validation

g
[
Y
&
[t

AT 17 ATINBERAIAUEUNUGTE 1IN Topl-Error Training wag Topl-Error Validation

2949 Pre-Trained Enhanced
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B Top-1 error Training ® Top-1 error Validation

AT 18 ATINUAAIAUANNUSTZIN Topl-Error Training wag Topl-Error Validation

U949 Pre-Trained ResNet50

B Top-1 error Training ® Top-1 error Validation

AT 19 ATINBAAIALANNUGTZ 1IN Topl-Error Training wag Topl-Error Validation

U949 Pre-Trained AlexNet

PNNTMLARIANUFURUS T2 Topl-Error Training Way Topl-Error Validation
FININA 17,18 waz 19 &9 Models 119 3 Models L&uns W Topl-Error Training dA161A77
dunsm Topl-Error Validation vllAan1s Overfitting 1anties wandliiiuil @wnse
o v .. Y 1 a A o ¥ 1 o v
Puundeyanieluyenis Training loilueged  widlefinsihdeyayalduvinedeoya

(Validation Set) UszAnSnmnisyinuisazanadaniioy
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4.1.2 Confusion Matrix
M5InUSEaNSN1NYee Pre-Trained Models 1agls Confusion Matrix 3x3 wa@ng
TUazIBEANITHUINGY Positive Nyl Positive Low Confidence uag Ngu Negative Lite

PUAMUIUFTTRLANIRINNSIN 12, 13 way 14

miw‘ﬁ 12 Confusion Matrix 3x3 w84 Pre-Trained Model Enhanced

Ground Truth

Enhanced Positive | Positive Low Confidence | Negative FP
+ | Positive 4,086 1,164 27| 1,191
E Positive Low Confidence 879 3,533 250 | 1,129
Negative 35 303 4,723 | 338
FN 914 1,467 277 | 2,658
#5471 13 Confusion Matrix 3x3 484 Pre-Trained Model ResNet50
Ground Truth
ResNet50 Positive | Positive Low Confidence | Negative FP
| Positive 4,588 404 27 431
E Positive Low Confidence 399 4,459 114 513
Negative 13 137 4,859 150
FN 412 541 141 | 1,094
A997 14 Confusion Matrix 3x3 489 Pre-Trained Model AlexNet
Ground Truth
AlexNet Positive | Positive Low Confidence | Negative FP
| Positive 4,183 1,027 17 | 1,044
? Positive Low Confidence 728 3,541 148 876
Negative 89 432 4,835 | 521
FN 817 1,459 165 | 2,441




a1

4.1.3 a@mamwmmmﬁmawﬁ Deep Learning 75 Modified Classification
N3InUszansn maes Pre-Trained Model Ingld Class Overview Lanss1uaziden
NSANMTIAveUAarnNgy (nqu Positive n@u Positive Low Confidence wag nay

Negative) #il§ian Confusion Matrix 3x3 #39157971 15, 16 uaz 17

mi%‘i‘ﬁ' 15 Class Overview U84 Pre-Trained Enhanced

Enhanced Positive | Positive Low Confidence | Negative | total

TP 4,086 3,533 4,723 | 12,342
N 8,809 8,871 9,662 | 27,342
FP 1,191 1,129 338 | 2,658
FN 914 1,467 277 | 2,658
Precision 77.43% 75.78% | 93.32% | 82.18%
Recall 81.72% 70.66% | 94.46% | 82.28%
F1-Score 79.52% 73.13% | 93.89% | 82.18%
Accuracy 82.28%

Top1l-Error 17.72%

miw‘ﬁ 16 Class Overview U84 Pre-Trained ResNet50

ResNet50 Positive | Positive Low Confidence | Negative | total

TP 4,588 4,459 4,859 | 13,906
TN 9,569 9,487 9,850 | 28,906
FP 431 513 150 | 1,094
FN 412 541 141 1,094
Precision 91.41% 89.68% | 97.01% | 92.70%
Recall 91.76% 89.18% | 97.18% | 92.71%
F1-Score 91.59% 89.43% | 97.09% | 92.70%
Accuracy 92.71%

Topl-Error 7.29%
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miwﬁ 17 Class Overview U84 Pre-Trained AlexNet

AlexNet Positive | Positive Low Confidence | Negative | total

TP 4,183 3,541 4,835 | 12,559
N 8,956 9,124 9,479 | 27,559
FP 1,044 876 521 | 2,441
FN 817 1,459 165 | 2,441
Precision 80.03% 80.17% | 90.27% | 83.49%
Recall 83.66% 70.82% | 96.70% | 83.73%
F1-Score 81.80% 75.20% | 93.38% | 83.46%
Accuracy 83.73%

Top1-Error 16.27%

M3197 18 MsSeuiieu Fdiaves Pre-Trained 3 Models: Enhanced, ResNet50,

AlexNet

Pre-Trained

Accuracy Topl-Error Precision Recall F1-Score

Models
Enhanced 82.28% 17.12% 82.18% 82.28% 82.18%
ResNet50 92.71% 7.29% 92.70% 92.71% 92.70%
AlexNet 83.73% 16.27% 83.49% 92.71% 83.73%

Mnmsveass WewSeudlou Training Model 1 3 Models : Enhanced,

ResNet50, AlexNet #im15197i 18 Wuin A1 Accuracy APrecision AiRecall wawdn F1-
Score 484 ResNet50 fiAngafign DAY 92.71% 92.7% 92.71% Wag 92.7% mudfy
a1 Model 7ifien Accuracy A1Precision A1Recall wazA1 F1-Score ﬁaaﬁqﬂ A Enhanced

TnesiAwiniu 82.28% 82.18% 82.28% way 82.18% AMLERU du Pre-Trained Model il
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&

A1 Topl-Error ieeiign e ResNet50 dAwWvU 7.29% wag Topl-Error Mniign Ao

Enhanced SAWMNAU 17.1% $798719010 LaAIfIN15199 19

A19197 19 AIDYNAINAINANT Training Models

Positive Positive Low Confidence Negative
Positive ‘
‘l p -
FP !
GT : Positive Low GT : Positive
GT : Positive
Confidence PD : Positive Low
PD : Negative
PD : Positive Confidence
7
| "
- -
FN - ' ‘ |
GT : Positive GT : Positive Low GT : Negaitive
PD : Positive Low Confidence PD : Positive Low
Confidence PD : Positive Confidence

4.1.4 ¥angu Confusion Matrix 3x3 1Uu Confusion Matrix 2x2
M33nngu Confusion Matrix 3x3 \Uu Confusion Matrix 2x2 lnsn1sdangulvsiiie
ﬁﬂmﬁmiwﬁ‘ﬁaga 2 LUV Ao Suspected Positive Low Confidence wag Suspected

Positive High Confidence Ing Suspected Positive Low Confidence Wunns Collapse



aq

nau Positive Low Confidence wagngu Positive Tiaglunguiieniufe nqu Positive
Wiguiiguiungu Negative wag Suspected Positive High Confidence LUSguLfigung
Positive LLazﬂzjaJ Negative lng ﬂzj:ll Negative 1¢ia1nn13 Collapse ﬂfjm Positive Low

Confidence Wag Ngx Negative WAy

4.1.4.1 Confusion Matrix 2x2 U94153LATIZRLUY Suspected Positive Low
Confidence

miw‘ﬁ 20 Confusion Matrix 2x2 284 Pre-Trained Enhanced

Ground Truth

Enhanced Positive Negative
]
g | Positive 9,662 277
a

Negative 338 4,723

miwﬁl 21 Confusion Matrix 2x2 984 Pre-Trained ResNet50

Ground Truth

» ResNet50 Positive Negative
é Positive 9,850 141
- Negative 150 4,859
#5197 22 Confusion Matrix 2x2 84 Pre-Trained AlexNet
Ground Truth
N AlexNet Positive Negative
'é Positive 9,479 165
- Negative 521 4,835




a5

1
v A

MN97197 23 NslSeuLieu Class Overview hag fTinvad 989 Pre-Trained 3 Models:

Enhanced, ResNet50, AlexNet

Pre-Trained Models | Enhanced | ResNet50 | AlexNet
TP 9,662 9,850 | 9,479
™ 4,723 4,859 | 4,835
FP 277 141 165
FN 338 150 521
Precision 97.21% | 98.59% | 98.29%
Recall 96.62% | 98.50% | 94.79%
F1-Score 96.92% | 98.54% | 96.51%
Accuracy 95.90% | 98.06% | 95.43%

INNINARDS A5 20, 21, 22 waE 23 NTILATIZMALUUSUSpected Positive Low
Confidence Lﬁ'aL‘U%EJULﬁSJ‘U Training Model ‘fl’jﬂ 3 Models : Enhanced, ResNet50, AlexNet
WU A1 Accuracy AIPrecision ATRecall azA1 F1-Score 989 ResNet50 ﬁmqﬁqm A1
Wity 98.06% 98.59% 98.50% LAY 98.54% nsd1sy @y Model 1A Accuracy Recall
uazAN F1-Score Houfign Ao AlexNet fawvindu 95.43% 94.79% wag 96.51% auadu

&1 Model NilAnPrecision Wee#ian fiw Enhanced dALYITU 97.21% Mua1siy

4.1.4.2 Confusion Matrix 2x2 U84A1TLATIZRLUY Suspected Positive High
Confidence

miwﬁ 24 Confusion Matrix 2x2 984 Pre-Trained Enhanced

Ground Truth

Enhanced Positive Negative

Positive 4,086 1,191

Predict

Negative 914 8,809




miwﬁ 25 Confusion Matrix 2x2 984 Pre-Trained ResNet50

Predict

Predict

Ground Truth

ResNet50 Positive Negative
Positive 4,588 431
Negative 412 9,569
#9971 26 Confusion Matrix 2x2 483 Pre-Trained AlexNet
Ground Truth
AlexNet Positive Negative
Positive 4,183 1,044
Negative 817 8,956

ANS19 27 NMsUSeULIgU Class Overview hag fTinvad Y89 Pre-Trained 3 Models:

Enhanced, ResNet50, AlexNet

Pre-Trained Models Enhanced | ResNet50 | AlexNet
TP 4,086 4,588 4,183
N 8,809 9,569 8,956
FP 1,191 431 1,044
FN 914 412 817
Precision 77.43% | 91.41% | 80.03%
Recall 81.72% 91.76% 83.66%
F1-Score 79.52% 91.59% 81.80%
Accuracy 85.97% 94.38% 87.59%
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NNTNARBY A131971 24, 25, 26 wa¥27 NTIAATIZMLUUSUSpected Positive High
Confidence LﬁaLiJ%EJULﬁEJU Training Model ‘17?& 3 Models : Enhanced, ResNet50, AlexNet
WU A1 Accuracy AIPrecision ATRecall kagA1 F1-Score 989 ResNet50 ﬁﬁ?@ﬂﬁﬁjﬂ k!
WU 94.38% 91.41% 91.76% waz 91.59% muasu @ Model #ififn Accuracy A1
Precision ARecall Wagp1 F1-Score ﬂaaﬁqm A9 Enhanced fAWINAY 85.97% 77.43%

81.72% Wwag 79.52% @1ua1nu

4.2 N99LA91EY Deep Learning 98 Object Detection
NANIIVIABDINITILATIZIAIY Deep Learning LUy Object Detection 14 Pre-Trained

Model A® Enhanced 9107115 Label 711 300 A1 979731 10,000 0

4.2.1 nTMALEUNUGTENIN Loss U 994U Epoch hagnsviansnnudunus

581313 Top1-Error Training AU Top1-Error Validation

AN 20 ATIMLERIALEUNUGTENIN Loss tag Epochs

B Mean-AP Training B Mean-AP Validation

AN 21 AFLERIANNEURUSTEINS Mean AP Training ey Mean AP Validation



a8

o N

PNATIMANUFUNUGTENINS Loss wag 91U Epoch A9nn#l 20 Wuin A1 Loss
Function woe Models ilranas wanslfifiudn Model § firnoanuuszinenadninui
Predict 13 U ground truth fesann Taeflan Loss Function Ladewiiu 0.06 waznsiw
LARIAUENNUSIEWIN Mean AP Training uaz Mean AP Validation n1wdl 21 wu31 n31w
Mean AP Training 1184031 N1 Mean AP Validation uan33finan1s Overfitting F9019
{AnRINA57NTg Training TeyayadimslndiAssiusnn

6

4.2.2 Confusion Matrix 999015AIZN 7

=

5 Object Detection
MFInUsEANS A INUee Model Tngld Confusion Matrix wanss18azden ety

ﬁﬂuamﬁr’?}uﬁ’mﬁhm Fap15197 28 Tag
Bg fio Detection?ilidfauiiu Ground Truth
Loc A@ Detection QNNGH e AU
Dup A9 Detection d1%3U Detection Exists
Mul #ie Detection fiflnadwsiiavansusznng (Msuviisia uazinngu)
FP A9 Wa39uve4 Bg, Loc, Dup, Mul
FN A8 4112294 Instances 7 Network Detect lainy 19/ lungw Positive

m’liwﬁ 28 Confusion Matrix

Class Positive Bg Loc Dup Mul FP
Positive 3,734 370 405 0 0 775
Unmatched 5,868 5,868
GT
FN 6,266 370 405 0 0 6,643

4.2.3 Class Overview (Positive, Positive Low Confidence, Negative)
AsInUsEaNSA mves Model lagly Class Overview Wands18aztdennISAIWIN

m%iﬂmaamiazﬂfju (nqu Positive gy Positive Low Confidence uay nNqal Negative) et

910 Confusion Matrix #9915797 29 wag 30
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M19197 29 Class Overview

Average

Class FP / Predicted | Precision% FN / Label Recall
Precision%

Positive | 775/ 4,509 82.81% | 6,266 / 10,000 37.34% 36.79%

P2
v Av

A1519% 30 AT TIAVDINTS Training Model

Precision Recall F1-Score Mean AP

82.81% 37.34% 51.47% 36.79%

PNAITNA 30 NTIATIEA Deep learning 35 Object Detection azaula A
Precision waz A1 Recall {Wundn Tagen Precision ¥83 Model # flawviniu 82.81% uag
A1 Recall fAwviniu 37.34% 39197 A1 Mean AP fllusniause@nSaimeues s Model &
ADY
4.3 Wisuilsun153tas1zii Deep Learning 35 Modified Classification wag 35 Object

Detection

4.3.1 na1lun1sUseananaued Pre-Trained 3 Models

r 3

11000

10000

9000

8000
Enhanced

ResNet50

Time (Min)

W

10010

w
o
o

AlexNet

300

100
112 294 133

v

Modify Classification Object Detection

Deep Learning

M9 22 ATNLERIIANYBdUAAE Models Tun1s Training Yeya
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Pnamdl 22 wansnsiUSeuiiey nanildlunsiiesgd Deep Leaming 33
Classifacation wagd Object Detection Uuqﬂﬂiﬂj waufieU msi thin GF63 12ve-046 TH
12 th Gen Intel(R) Core(TM) i7-12650H 2.30GHz (cpu:0) uandliliiuin Pre-Trained 3
Models 731A5129F Deep Learning 35 Modified Classification Uszananatoyalising?

g Ao Enhanced THhaniies 1 93lue 52 Wil @ Pre-Trained MUszananatayalath

=b

1gn e ResNet50 Tdiamuuis 4 Hilus 54 Wil wazillelUSeuliieun1sinsIey Deep
Learning Tdnanlunisussananadeya 166 4alue 50 w1l Fawansliiiuin 38 Modified

Classification @1u1saUszananalaisinin

4.3.2 MIUIBUBUNITIATIZY Deep Learning 35 Modified Classification wag 35
Object Detection

A5 31 MSUSEULEUNITIATIEY Deep Learning 2 Models

Pre-trained | Accuracy | Precision | Recall F1- Topl- | Mean AP
Models Models (%) (%) (%) Score(%) | error(%)
Enhanced 82.28 82.18 82.28 82.18 17.12
Modified
ResNet50 92.71 92.70 92.71 92.70 7.29
Classification
AlexNet 83.73 83.49 83.73 83.46 16.27
Object
Enhanced 82.81 37.34 51.47 36.79
Detection

PNITNA 31 WevhnisiSeuisy n1sIATIER Deep Learning 38 Modified

Classification Wway 35 Object Detection WU1I1 Pre-Trained ¥83n153LATI¥% Modified

al

Calssification 7ifi7ian fiw ResNet50 daun153ATIENAIL 35 Object Detection AMUEINIA

Tun1smsraves Model dAnuanunsa 36.79%

4.3.3 4an15As1¥% Deep Learning Wazn1s8uduanunnewoiadsa

devhmsiSeudiou  Models 9nmsHinszi Deep Learning 33 Modified
Classification Wag 35 Object Detection Wu21 35 Modified Classification fiauusiugnis
991U Accuracy 189 Models Usgnsanlunisiunalaunnnin Object Detection A
aunavad Model Auanunsalunsvineggs 3alatr Model 35 Modified Classification 1

NAFDUTINAULNNELNDINNTEUTUNARINNITIATIZH Model Modified Classification g
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WANEALYINNITNTIEDU 2 35 Ap 1) esamweinlsasiudunisld Model (Doctor

Screening with Suspected Positive High Confidence) 2.) msiagouaiadlsnain Light

Microscopy WaAIAINITNN 32

M5 32 Uanstayan1snTIanlioneiseneg

Case Original Suspected Suspected | Doctor Screening Light
Acid-Fast Stain Positive Low Positive with Suspected Microscopy
report Confidence High Positive High
Confidence Confidence
1 Negative 1,391 74 0 0
2 Negative 108 7 0 0
3 Negative 695 75 0 0
a4 Positive 314 61 0 0
5 Negative 80 0 2 0
6 Negative 31 11 0 0
7 Negative 329 18 0 0
8 Negative 160 7 0 0
9 Negative 1,206 46 1 0
10 Negative 2,339 83 0 0
11 Positive 281 57 4 4
12 Positive 475 103 7 a4
13 Positive 186 28 0 0
14 Positive 1,691 22 5 a4
15 Negative 938 11 0 0
16 Negative 1,111 114 1 0
17 Negative 4,470 139 0 0
18 Positive 42 0 0 0
19 Negative 324 57 0 0
20 Negative 1,498 64 0 0
21 Negative 563 99 0 0
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22 Negative 783 144 0 0
23 Negative 185 9 0 0
24 Negative 75 8 0 0
25 Negative 1,378 13 0 0
26 Negative 1,301 124 0 0
27 Negative 347 28 0 0
28 Negative 199 a2 1 1
29 Negative 1,245 353 5 0
30 Negative 8,266 26 0 0
31 Negative 135 10 1 1
32 Negative 139 v 0 0
33 Negative 965 109 7 0
34 Negative 571 73 1 0
35 Negative 2,435 293 6 2
36 Negative 1,360 480 4 0
37 Negative 183 39 0 0
38 Positive 285 35 13 0
39 Negative 804 409 0 0
40 Negative 75 21 0 0
a1 Negative 144 15 0 0
a2 Negative 75 2 0 0
43 Negative 57 8 0 0
Total 39,239 3,324 58 16

= ° & o a v ad 1 v ¢
NNITNN 32 LLaﬂﬂﬂ']u’JULGU@'Jﬁuiiﬂ‘ml@l"ﬂqﬂﬂ’ﬁm@la@\nﬁﬁqﬂ6] Iﬂﬁﬂ@aﬂuuiﬂ 512N

uAAveUI ABANLNARILEAY Ground Truth Tayasuatuilunanisseaudl wu

dy [ . A 1 dy . U o‘d‘ [ d’lj [ d‘ a
Weolalsn (Positive) 5o lainulte (Negative) Aaaniifany Lansdnuiudeinlsni AT

v
o

6

"

1t Deep Learning 75 Modified Classification Uy Suspected Positive Low Confidence

ADALUNE LansTNUeTalsadl AT 1zseaY Deep Learning 35 Modified Classification




53

WUU Suspected Positive High Confidence Aaauu#inn Lansdiuiudeinlsn insialag
WIMETIUU Model Suspected Positive High Confidence wagmaauilanying wansdnuiu

W TUlIATINTI9AIY UNVSEDIAUAIENEADY Light Microscopy

A13199 33 NSIUIBULIBUNTI3MTI3 75 Doctor Screening with Suspected Positive High

Confidence AU Light Microscopy

yadoyaiin | UULAE . §
MUY e o IUIULAEN -
n13 s NINARBY nguguka | % Qn | L . _ | % Qi
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NO. | case Image No. " > v
Low High Low High Low High
1 | SN63-02179,A f9 Image 004 0017 149.18 | 177.48 | 78.03 | 14892 | 197.12 | 246.08
SN63-02179,A f9 Image 0017 009 14586 | 18258 | 51.77 | 255.00 | 177.99 | 243.02
SN63-02179,A f9 Image 0020 005 146.63 | 196.35 | 35.96 | 252.45 | 181.05 | 247.10
2 | SN63-08092,A1 f1d4 Image 004 0010 151.73 | 190.49 | 35.45 | 127.50 | 202.98 | 245.06
SN63-08092,A1 f5 Image 002 008 143.06 | 166.01 | 41.82 | 14255 | 215.99 | 246.08
SN63-08092,A1 f10_Image 0024 0023 146.37 | 187.43 | 27.29 | 12750 | 201.96 | 242.00
3 | SN63-16240,A3 f19 Image 006 0024 147.65 | 183.86 | 59.93 | 18539 | 182.07 | 239.96
SN63-16240,A3 f18 Image 0011 0012 143,57 | 186.15 | 39.78 | 253.73 | 185.90 | 236.90
SN63-16240,A3 f18 Image 0019 001 14739 | 187.94 | 38.25 | 214.71 | 179.01 | 244.04
4 | SN63-29842,A f5 Image 0012 0020 138.98 | 164.22 | 86.19 | 255.00 | 177.99 | 243.02
SN63-29842,A f11 Image 005 004 144.33 | 182.84 | 28.31 | 183.35 | 180.03 | 247.10
SN63-29842,A f11 Image 0010 0011 147.14 | 167.79 | 49.73 | 151.22 | 196.10 | 246.08
5 | SN64-12569,A f23 Image 005 0023 147.65 | 216.50 | 14.03 | 164.22 | 163.97 | 248.12
SN64-12569,A f23 Image 007 0017 145.10 | 218.28 | 24.23 | 20094 | 161.93 | 240.98
SN64-12569,A f23 Image 0010 0011 142.80 | 211.14 | 26.78 | 255.00 | 176.97 | 230.01
Average 145.83 | 187.94 | 42,50 | 194.50 | 185.40 | 243.03
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