Science and Engineering Connect, ISSN 3027-7914 (Online)
Vol. 49 No. 2 pp. 123-148 (2026)

UNAMNIY

n1suTuussaanUnenssuduienlesuuvanysaluulasstigyseamuuunaulgdu
lNANISIMUNIULTAINATNSIENSTIDN
Fine-tuning Fully Connected Layer Architecture
in Convolutional Neural Networks for Tuberculosis Classification
of Chest Radiographs
NIASS WA
Pongsathorn Chedsom
ﬂm%ﬁﬂ’]ﬂm&lﬂﬁﬁuﬂ?ﬁ(ﬂ% JJV’IEVIEJ’WEQ{EWE]ULLﬂIu 6UE]“L«lLLﬁI“L«l ‘Ui%mﬂi‘ﬂﬁl

Faculty of Architecture, Khon Kaen University, Khon Kaen, Thailand
* Corresponding author E-mail: pongche@kku.ac.th

Received 17 December 2025; Revised 11 May 2026; Accepted 29 May 2026

UNAnEo

anudunuazinguszasd : TalsaduamanisideTinduiuiu 4 vesuszannsian gedia 1.5 du
yesieT miitaduifiednnseadouivuaiofienistuuninasussidefioldfmudniudmsu
Sdunnduazgie wimaluladlassheyssamuuuasuligdu (CNN) seiiusednSames udkuy
Sransmalngasiitymenududeudsmuaiiduiu Jsesldmunzfunsneinsmanalulas
fisnin safedulaiunsinniBmessuiouudsiudenlosuuvanysal 15 sUuuuiiledum
TnssaisdumssuunussianifauaunassninannaUsendaninenns warUssansnwgaan
Fendunside : Mauuwvudiass 225 uuudrassnnsdudaandnonssuildFuanudondmiu
nsafaAManysAuYeloya 15 amﬂmﬂisu'ﬁwﬁ’u%umﬂ%auimquauyiaﬁi dwmiuduun
Hoyanoonuutlyaidruu 15 suuuu lyatosa Tuberculosis Chest X-rays Images wa Tuberculosis
(TB) Chest X-ray Usznaulugnanmiilutalsauaznmitlddutalsnogias 3,194 nm 331 6,388
A wdaeenilu 70:20:10 dmsuSeuiSesas 70 91w 4,471 a1 dmsunisuszdiusesas 20
U 1,278 7w wagdmiunisvageusesar 10 911U 639 2N LazUspilulsyansnInes
wuuaestemaianisvuasuuuulel 5 gn dwualawesniimestugulumvaaes éun
Adam Optimizer (LR = 0.001), 15 Epochs iag Batch size 128

NAN13338 1 LUUTIABY VGG16 Tfutudeslssmuvauysaizuuuuil 11 (FC Pattern 11) T4
UsgAvBnmgegalumsduunialse fldanugndesdesas 98.58 uavilrindsanugndeaain

v

nsnnaeuwuulrisesay 97.52 drudeauuninggiu 0.01 daenugadssosar 0.15 IAade

Chedsom (2026). “Fine-tuning Fully...,” Science and Engineering Connect 49 (2), pp.123-148



124
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Abstract

Background and Objectives: Tuberculosis remains a leading cause of worldwide mortality,
accounting for approximately 1.5 million deaths annually. Rapid diagnosis is essential
for increasing accessibility to timely treatment. Although Convolutional Neural Network
(CNN) technologies exhibit high performance, large-scale models often encounter over-
parameterization, which may be unsuitable in resource-limited settings. The present research
presents an experimental study to fine-tune 15 variations of Fully Connected (FC) layer
architectures to identify a classification head that achieves an optimal balance between
resource efficiency (lightweight) and maximum performance (effectiveness).
Methodology: The models were developed by pairing 15 popular feature extraction
architectures (backbones) with 15 newly designed FC layer patterns, resulting in a total of
225 model combinations. A balanced dataset comprising 6,388 chest X-ray images (3,194
Tuberculosis and 3,194 Normal) was utilized to mitigate model bias. The data was partitioned
into a training set (70%, 4,471 images), a validation set (20%, 1,278 images), and a test set

(10%, 639 images). Performance was evaluated using 5-fold cross-validation to assess
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stability. Hyperparameters were set as follows: Adam optimizer (LR = 0.001), 15 epochs,
and a batch size of 128.

Main Results: VGG16 architecture combined with "FC Pattern 11" achieved the highest
performance, yielding an accuracy of 98.58%, a mean cross-validation accuracy of 97.52%
(SD = 0.01), and a loss of 0.15. Clinical evaluation metrics demonstrated a sensitivity of
99.05% and a specificity of 98.11%. Pattern 11 employs a sequential node reduction strategy
(384 -> 192 -> 96) integrated with Batch Normalization and L2 Regularization, which effectively
improves internal stability and mitigates overfitting. Furthermore, this model maintains a
lishtweight structure with a depth of 16 layers, effectively reducing computational load and
preventing over-parameterization more efficiently than deeper, more complex architectures.
Conclusions: Fine-tuning fully connected layers can significantly enhance standard
architectures to a level suitable for Clinical Decision Support Systems (CDSS). The developed model is
technically appropriate for preliminary screening, particularly due to its high sensitivity
(99.05%), which minimizes the risk of missing pathological cases during initial triage.
Practical Application: The proposed model can be implemented as a preliminary
screening tool to effectively reduce the workload of radiologists by filtering normal cases from
suspected ones. The approach could help accelerate the diagnostic process, particularly in
hospitals with limited resources and specialists, ensuring that patients receive timely and

effective treatment.

Keywords: Tuberculosis Classification, Convolutional Neural Networks, Chest X-ray

Introduction

falsn (Tuberculosis : TB) Wulsadnidefifidindaunnniglulanuazdaduanimnnsg
FeTinsusudu o TafnanidewuaiiBe (Mycobacterium tuberculosis) wardskansynusiaven
wnfign Tnsnsunsnszaterinuoiniesiums lo o wieduthats Tndoyamerumesosdins
audeland 2567 wuhdgtheduiadsais 10 Susewasididedinaniulsat 1.5 ausesded
[1] Yagtuusemelnedin 1 Tu 14 Ussima A5i8ns1dhe Tailsagenigelulan Tul 2567 Useimelne
fEaedalsagendt 113,000 918 waedlEldeTinndt 13,000 518 waglud 2568 andeyaditinau
JesumupulsanuhilgUiedadsadiuiu 11,604 Ay agseninanisinw 9,954 516 1ded3n 687 519
(YayavNsEUU NTIP $udi 5 Sunem 2568) (2]
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AMENTIENTIBN (Chest X-ray) Sanudfglurinmsumglunsidueiosdionsiaifdade
DowuuarienunansinweTesmelutesen wu ven #ila nszandlase nsegn AuMAT uas
viaeaLden Dreliunmdannsonsamanuiiaund wu vendniau uziieen vielsaieatuiile
FTWUZIUANUTULTVBINTUINEUKAZ N UN S SN ldageliuszAvBaim wenainaziiniy
azannuarnInilunisns danudasasdereftheilesnlivinassddes mngdmiunmea
fnnsowardmaronnuutugilunisdnnes winmionesinssenindueiesiiefuguiiddy
Tumsitedelsauddsfiguassanasegsianyszansnnlunisine Wu msviauaugideniny
Tnsanglufiufivuunidsnsmdsifiome Fenuummiillirenadesiuuiuudihedenal
nszvuMTITadeath emmiudeuvesnmsudanadifesenderinuzuassraunsalgs dedrinsu
ninensuazmaluladflifivssansnmluuanuneaiduguassaderueudnuesnmuas
msnfiadeyadwalinisdindulanedinlunzandwilaliviuusednsam

maimaluladtyauszAng (Artifical Intelligence: Al) Ussgndlilagianzegnads msiFous
\B9an (Deep Learning) lanilunumaidguazlasun1seauiuagnaninennngluenisnsunngunn
fetuluilagiiu lasseusyamiisauuuaeuligiu (Convolutional Neural Networks: CNN) léinane
Huantinensnmdniifissansnmadunsiinszinimanensnisunng iwu mwene3sdnsisen
viionmienaisdreyfiawmes (CT Scan) mnuanunsaves CNN AUszansnmnnniimaiianisFous
Y94ATDILUULAN (Traditional Machine Learning) fiflenuansnsaadanadnuwaziduvesieya
20§ (Feature Extraction) dausinnudnuneiiugiu ity veu v uaziiui laufenadnuue
fifiududounndaluty sUieesetear viednvasianizvesseslseviiliiusavsamly
n1sAnuentsa (Classification) N13syyiurtenURAUNG (Localization) kagn1sanwungdiunm
(Segmentation) mMeANENINTLUNTUSEINANaTOLAUSIAIMAaKAZNN TS BUI LU (Pattern)
fitudeuldininsdunadenia Ssgninanussendldilunisnisunmgannd iy

wieluladmsSeudifednagiiauivihegsieies Tullagtusuadesadiiliany
dfyfunsifinyszansnmeesuuiiastlasuuundudiuvedassadsaninenssundn
(Backbone) uvan dsnalvidanududouiunrdniu fensiuuudaesifiandngnssuvue
TngjuldmeznetudymisesmnududondduniiinniAuly (Over-parameterization) waz
o199zliiaenndesiudnuaziomsvesyndoyaiiimudin wu deyanmisdnssenlunsidedy
Jaulsa muﬁ%’aﬁﬁqa@Lﬁulﬂﬁmmﬁanamﬂmaﬂiiu%’uﬁaﬂmLLuuamysai (Fully Connected Layer)
famnsolinnuddseninmstszudanineinslunisdnna (Lightweight) warUssavsnmgsgn
(Effectiveness) \ilauilymaududoudinaiiunniulvlunsdnnsesfalsadmuiiuiing
nnenssiin Tasnsusuusianinenssududeslssuvauysal 15 Uuuy elildlassadng
drumsdnunusziam (Classification Head) fwnganiigalutodiinvesaaninonssunnnsgiuild
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Sunrwilenlutlagiuifianuuandneiy swﬁgqﬁmm%’u%’aw,l,azmsl,ﬁaﬂmﬂﬁﬂmmmmwﬁma%
i 1514 Dropout, Batch Normalization wag L2 Regularization iielilalasead1sdiunssuun
Usstnnitanansnduunnmisanssenldedieiiuszdvinmgsgn uazsiilowSouiisuussansnm
nsuunialse lngnsdudseninsaandnenssulassiglssamiiieudnuig 15 andnenssuiu
sunuuiudeulssfioanuuuiusuinun 225 sUuuu/uuudiens warlinisUssdiudssavsnm
suaqLL‘UUﬁ‘haaaéfwﬁmﬁ%ﬁfﬂﬁﬁmmé’ﬁ@ﬁumsa‘hummw%’qﬁmmaﬂ [4-5. 7-9] fivsdTailsa laun
Arb (Sensitivity) LagA1ANUINNNE (Specificity) ‘1'7iLﬁuﬁﬁuﬁmmgmﬁiﬂumsﬁﬁzLﬁ‘umm
aunsavesuuIaed warlinsdimatdanismuasuiuuled 5 4a (5-Fold Cross Validation) 8n
fayadoyaiifinuauna (Balanced Dataset) $1uau 6,388 awi wlelianunsatiluussendlily
nsatvayunsieaulaveswnmdluaniunisalaselasgaiiuseansnm

Literature Review
nsAaweninlsamelassigszamiiiguwuunsuligiuainainaiesednsisen (Chest X-ray)

Y94 Wajgi uazansy [3] imsuszandldinailanisangleunisizeus (Transfer Learning) wagn15usuusa
lawedmsniimes (Hyperparameter Tuning) Lﬁmﬁwsxﬁm%quaqmmLLUU?&’maa NYAteyYa
Tuberculosis (TB) Chest X-ray Database Us¢naunign1mnaesisl 4,200 A LLﬂqLﬁuﬂwwéﬂaaﬂﬂﬁ
3,500 AN LLazﬁﬂaaﬁamL%ai’mIiﬂ 700 n Il uuusaesianes VGG nuinisuuussiisl
mmmgﬂéfaqmaﬁqmﬁa Activation function Tanh, Optimizer SGD, Dropout 508ag 30 §1uu
50 seUNSSE3 WA1ANgNses (accuracy) getaiosay 98.11

M uUaeINsteuiREnd miunsiwuniulsaves Rim uagae [4] lngldlasaing
antmenssuvan laun EfficientNet uazlassadisdiunisdmundssian Ao MLP-Mixer wazld
wailanisangleun1siseus (Transfer Learning) Tiyadayataniz (SCH TB dataset) vadlssneguia
%aué’uﬁu%auama (Cheonan Soonchunhyang Hospital) UsENaumenInanesin 3,828 AN
wusdunmiUaeund (nactive TB) 2,115 am LLazéﬂaaﬁamﬁﬁaﬁ’m‘Lsﬂ (Active TB) 1,713 AN
warmruamilinesiaun Batch size 32 9113w 300 sUN5TEU3 WiA1ANHQNABS (accuracy) geaid
So8az 96.30

MsWaLUUSReiionsianalsares Mirueswe wazamy [5] Tnglduuusians 6 wuu
Tadlaun VGG16, VGG19, ResNet50, ResNet101, ResNet152, tag Inception-ResNet-V2 Tunns
TWUNANNBTIENTIEN (CXR) kazdn1518we3 Activation ReLU, Optimizer Adam, Batch size
16, 911U 100 soUNTsiTEus [Wyndeya Tuberculosis (TB) Chest X-ray Database Us¥nausag
AMENETIN 4,200 1 wuntunmgUaeund 3,500 nw LLazﬂﬂaaﬁﬁm%ai’mIm 700 2 wazla
Windugadeyasemadia Data Augmentation wuiuudiassiilsiaAnugndesnniianfe
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LUUF1883 VGG16 Feuay 99.40 uazuuuaesifidnumiline fgeuadudou 1wy ResNet152 uay
Inception-ResNet-v2 fadldnarlunsilnduiionuiuniy lnedldldlidssans amiintumudndon
usnanigmuIMsHinaila Data Augmentation laflddheliUszansamussuuusasuiivannty
nsimuuUTaslunsdundulsalagldninanasid@nsisen (Chest X-ray: CXR) wagldinaiia
NsEUIBaENIINIATNgUsTameLuuaauEligtu (CNNs) ¥ Haque wavae [6] ldyntoya
Tuberculosis (TB) Chest X-ray Database 3717u 4,200 AW LLUQLﬁumwéﬂwﬂﬂa 3,500 AN
wazfthefiRaidetnlsn 700 nm MinadanisFeudineleu (Transfer Learning) $affunisusugu
w1575wes (Hyperparameter Tuning) Ingldandmenssuiifinduaiavtife VGG19 S1uau 50 seu
Nsiseus Han seaeImuIlviANANNgNAsTeYay 98.00

mMsWauUUSIaeses Fati uazanss [7] IdiauensitadeialsalusrozEuduainnm
618 39dn 71980 (Chest X-ray) 2 LuImM991NYATeYA 2 YAtoya Shenzhen Dataset 114U 662 AW
way Qatar University/Dhaka University Dataset 9113u 4,200 AW 2 lalA 1 n1slguuudiass
CNN 53ufuldln ResNet-50 uag GoogleNet Tunisafnamudnuazvestoyauasly SVM Tunis
Suunuszamduinlsaviolidutnlsn wazuumied 2 Wasshedssamidion (ANN) Tuns
Puundszianduiadsarseliiduiaulsn annisainnudnuuzreoyaatn ResNet-50 uaz
GoogleNet Imsf[f’zfmﬂﬁﬂmsaﬁ’mmé’ﬂwmmwﬁagalé’m Gray Level Co-occurrence Matrix
(GLCM), Discrete Wavelet Transform (DWT) uag Local Binary Pattern (LBP) WNUTMUINNST
2 ieheugndasiesas 99.20 Tugadeyadl 1 uazliimanugniesiosay 99.80 Tuyndeyail 2
(mﬂﬁqmsﬁaga Traning set)

nsdnauen siauwuudtaedlaseeUszamiieniuuaauligdu (Convolutional Neural
Network: CNN) ilosuuniailsauas Genitha wazaae [8] lunmenedadnssen (Chest X-ray) 910
gndoya TB X-Ray wislayasenusauar 80 dmsunisiseudvatiuuiiasiiasiauay 20 dmsu
MInsaseuLazNadeuLUUIans Ineithmneiefiuanuutiuguayeusiaidlunsidads
uuEnsuuuAsilfna e daldiegs :naninenssu ResNet Tunsafnandnuas
Toyauarduunindsauuseendu TB-positive 1lutnlsaway TB-negative liiluinilsanuinnis
T CNN Tienaugnsessesas 92.00 waziUSeumisuivanUnenssy VGG wud lriA1ady
gnAessesay 90.85

myiauuiaedasielszamifisuuuuleuaiionsiamalsnves Hossain uazans
[9] lenawauuanenissingaudewasanidnanssy CNN 3 gUuuu laun VGG16, ResNet50 waw
DenseNet121 Whshefusiiumadianssimandnuay (Feature-level fusion) tleifinamiinde
folun1sidadeannnaessdnTisen (CXR) nenaaeuiugntayasinan Montgomery County
uazlsame1uIa Shenzhen uazatoyalisfinsINAG 4,300 7w waAIMARBHUIMLUUTIADS
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levinlissansnmainiuuuiiasaiiedediddy Tnedamnugndies (Accuracy) Sevay
97.40 LariAIAINLLUE (Precision), ANATUNIU (Recall) Wag Fl-score agjﬁ%faaaz 96 NNU
fanuen Famnedmiumshidifussuuaduayunsdadulaneadiniifinmnensmanaluled
nazsuUszanafiaia (Limited Technological Resources) LLazqﬂmﬂiéﬁmmmﬁﬁmmﬁﬁm
(Shortage of Specialists)

NnMIeTEAUTsuisussdeuisidslu Table 1 wuinuAdeifeadosdnivgjjay
nsldantnenssuunsgiu Wy VGG16, ResNet50 uag DenseNet121 laeitiunisanelounis
B3 (Transfer Learning) luduvesaandnonssumdnidundnifivsenaien damslinnsiines
fugnuluandnenssunualvgiinanududoudsuniinniiuly smuidedfenisatuoeniuy
aniinenssududonlouuuanysel 15 sUuuu emlassadvdmnissuunUssaniidanuauga
sgInenuUsEndaninenns (Lightweight) uasUszavaningegn Tunisvaasslimihyadoyanin
F9ENT199NTM 6,388 ANAN Kaggle [11] wag Mendeley [10] mmmfﬁluﬁm%@gaﬁﬁmmama
(Balanced Dataset) nqua 3,194 7 Lﬁaamaﬂﬁmmmeﬁ’waaﬁﬂLﬂuﬂﬁaﬁﬁiyﬁﬁﬂﬁmamimaaq
fmnutndetiogeninnisliyadoyadilsiauna (mbalanced Dataset) wagiinsuszifiuysyanam
lAuA Accuracy, Precision, Recall, Specificity, F1-score TinngauiunuudnasdlunIsanunnm
SefnssenuazasnAdediu [4-5, 7-9] Sauvennsifinaiia 5-Fold Cross Validation titaUsgifiuans

£ 1

DNFBILAYAIINUTDNDVDILUUINEDY

Y

Table 1 Comparison of Experimental Methodologies and Performance Results

Ref Dataset Backbones Technique Matrix Accuracy
[3] Tuberculosis VGG 19 Hyperparameter | Accuracy, 98.11
(TB) Chest X - Tuning (Tanh, ROC-AUC
ray Database SGD)
4,200 images
(Imbalanced)
(4] SCHTB EfficientNet + MLP -Mixer Accuracy, 96.30
dataset MLP -Mixer Classification Sensitivity,
3,828 images Head Specificity
(Specific set)
[5] Tuberculosis 6 Models (VGG, Data Precision, 99.40
(TB) Chest X - | ResNet, Augmentation Recall, F1-
ray Database Inception) score, AUC
4,200 images
[6] Tuberculosis VGG19 Transfer Accuracy, 98.00
(TB) Chest X - Learning, Layer | ROC-AUC
ray Database Freezing
4,200 imasges
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Table 1 Comparison of Experimental Methodologies and Performance Results (continued)

Ref Dataset Backbones Technique Matrix Accuracy
[7] Shenzhen ResNet -50, Feature Fusion Accuracy, 99.80
dataset 662 GoogleNet (GLCM, D WT, Sensitivity,
images + LBP) Specificity,
TB Chest AUC
Radiography
Database
4,200 images
(8] Kaggle TB X - | ResNet, VGG Deep Learning Accuracy, 92.00
Ray dataset Algorithm / Precision,
(Tuberculosis Preprocessing Sensitivity,
(TB) Chest X - (ROI extraction) | Specificity,
ray Database) Fl-score
4,200 images
[9] Montgomery Hybrid (VGG16, Feature -level Accuracy, 97.40
County Chest ResNet50, Fusion Precision,
X-ray dataset | DenseNet121) Recall, F1-
4,300 images score
Proposed| Tuberculosis 15 Architecture Fine-tune Fully | Accuracy, 98.58
Method Chest X-rays - EfficientNet Connected Loss, Precision,
Images [10]+ | BO-B7 Layer (FC) Recall
Tuberculosis - VGG16-19 (15 Archite cture | (Sensitivity),
(TB) Chest X _ | - ResNet50 X FC 15 Patterns | Specificity, F1
ray Database |_ ResNet101 =225
[11] - ResNet152 Experimental
(6,388 images | - Inception-ResNet-V2| Models, 5-Fold
Balanced) - GoogleNet Cross Validation

Materials and Methods

CERND)

Tunsfnuniuuusreedunmsduunialsagriaunduuunm Python Tngld TensorFlow
way Keras WuwlsuidsananlunisesnuuunazinadeulasaineUsvamiion snsauasusenousie
nueUsTUIINANAN Intel Core i9-13900KS 18ANTIMEN (RAM) vu1a 32 GB rthelseina
NansWn Nvidia RTX 4070 SUPER (7,168 CUDA cores, Ram 12 GB) 5(513’1?1’15@0%@;36 (Memory
bandwidth) ag#l 504 GB/s warliszuuUfiiinis Ubuntu 22.04 LTS
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yadayauaznisinssudoya

‘Qﬂ%@;ﬂam“iﬂumwmaﬂﬁa Dataset of Tuberculosis Chest X-rays Images [10] Lﬁuﬂ;mﬁauﬂa
AT chest X-ray Usznaumedayadiuan 3,008 N uusesniduialse (Tuberculosis) 2,494 n 1w
wazliiduiadlsa (Normal) 514 A ﬁ'mﬁ’usqmﬁau“a Tuberculosis (TB) Chest X-ray Database [11]
Juyadayanin chest X-ray Usznousiedayadnuiu 4,200 aw wiseanduiadse 700 1w uaz
Taiudlsa 3,500 nw ﬁwsqm%auuaﬁy’ﬂ 2 Ypoyauniugiu Tgnmdiduadse 3,149 A wazlaidu
Yoilsn 4,014 0 Fauansnwdagnsvesedoyalu Fisure 1 uasdioliiandudona (Tuberculosis/
Normal) §iUSunaiflwiiu (Balanced dataset) Jufenyatoyans 3,149 A ullunsmeans
Tnglinguieyaiidosiignfie 3,149 nw munasingudeyaitesiian uazliiSnsgudonnm
(Random) Taislallfimafianiaifiudeya (Data Augmentation) ilefasnsussiiiudszavsnm
yesuuUassnyadeyaduatiulnensuaziiielrinansmnassasvioudseuansalunsiFou
‘meldanmundouifmuneesdniou

Normal

Tuberculosis

]

Figure 1 Example X-ray Images of Dataset

nswssugadeyatunisnaassliwisgadeyasondu 70:20:10 Wunguainiulsa
(Tuberculosis) uazngunmdtlsiduialsa (Normal) nguag 3,149 am 52384 6,388 1w wistoya
dmsuSeus (Training set) $oeaz 70 Anvlu 4,470 M (Nduaz 2,235 am) Yndmsunisusediu
(Validation set) $awaz 20 Anvlu 1,276 2 (nguaz 638 a ) waryadeyadmsunismasaeu (Test
set) Sovay 10 Anlu 640 n1w (Nguaz 320 NN AuuansseazLdenly Figure 2 waglunismaaes
Igmadiansmuasuwuule’ (5-Fold Cross-Validation) nldifieusziliumnuadios (Stability)
LazANLYY (Robustness) ToILUUSIA0Y Feaanaudides (Bias) forafnduannisuys
yndayafissniaio: uandoliiulaideysluniazdin (Fold) Smanssaresedisasiiame vhlv
msUssifiuUsyAvnmessuuuaesiiiauntulleuusiuuasihdoieannty
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Dataset and Data preparation.

Dataset of Tuberculosis

Tuberculosis (TB) Chest

Chest X-rays Images [10] X-ray Database [11]

Tuberculosis Normal Tuberculosis Normal
2,494 514 700 3,500
Tuberculosis Normal
3,194 4,014
** Balanced Dataset **
Selected smallest 3,194

Tuberculosis

3,194
Summary : 6,388
Training set 70% Validation set 20% Test set 10%
4,470 1,276 640
Cross-Validation .. In Testing Phrase Use K-fold K=5
Technique (K=5) =~ Ensuring Model Stability & Reducing Overfitting

*% Balanced Dataset ** Selected smallest 3,194 (Tuberculosis 3,194 between Normal 4,814)

Figure 2 Splitting Dataset for Model Learning

nsUsziliuyszininnuuudnaes

n13inAIMUGNABY (Accuracy)

\Gumsiamnugndedunsduundeyavesuuuiass noiludndruessadnéiuuuiiass
yhungldgniosianun (Fa TP wag TN) madedunusegwimuslugadeyaihismagey [9)
Tngldnsunsdl

TP+ TN (1)

Al =
Y = TP Y TN+ FP+ FN

Tnei

True Positive (TP) s1wiuiegeiiduass (Positive) waggnuuuTIaearieInduess
(Positive) iﬁgﬂéfm

True Negative (TN) S1uausegeiiiiuliass (Negative) wazgnuuuiaasihuedinduly
334 (Negative) lognsias

False Positive (FP) s1uiusnegneiiduliiads (Negative) wignuuuaasiuedinduas
(Positive) lsigneies

False Negative (FN) shuausegsiluase (Positive) wignuuunaasihueindulias
(Negative) lsigneies
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n153nAIAULLIUE" (Precision)
Jumsindndiuvesimunuimegsiivuudiaesihweinduialsaldgndes (TP) sediuiu
iegafinuudtaewinneInduindsavianuavisiignuasiin (TP + FP) [9] Ineldnisruiaudisil

Precision = i (2)
TP + FP

N153AAIANNATUAIU (Sensitivity 38 Recall)

[ v o 1 o Y 1 =i o o R - v v 1o

Junsindadiuvesiunuiegiwuudtaesihweinluialsalagndes (TP) siediuiu
megeiluinlsnaswimualugadeyariafimegnuazmelininun (TP + FN) [9] TngldnisAuam

U d’l
PNU

TP
Sensitivity (Recall) = 3
ensitivity (Recall) TP+ EN ( )

A1FINAIAIIUAIUINNTE (Specificity)
Lﬂumiifmé’meﬁuumaﬁwmuﬁ"saamﬁquﬁwaaqﬁwmafmﬂﬁlé’gﬂé}’aq (TN) ARINUIUAIDYY
MluauunAvsaiamueviafivnegnuasmeininlulse (TN + FP) [4] Ingldnisuiadisil

N (@)
TN + FP

Specificity =
nsinAanIuEaAas (F1-Score)
WusiauszansnmilaainnisAiuiueedguuansuatin (Harmonic Mean) 5$1INaan

AULILEN (Precision) kagA1AUATUEIU (Recall) ivelidALANRATEMINNITANTILIUKAUIN
Uanu (FP) wazwaauUasy (FN) [9] lnglgnisAiuiumadl

F1-Score = _2xTP (5)
2XTP+ FP+ FN

n133AA8gRYLEY (Loss Function)

Lﬂuﬂﬁ%’uﬁlﬁﬁa%ﬁmﬂizamﬁmwmaqLLUU?&”]aaqLLazLﬂuﬂaiﬂmé’ﬂlumzmuﬁ&Jufufsummei’wam
(Training) Tngililunns¥amnumaaiadeu (error) voauuudassnisGeusuesiaios (Machine Learning
Model) wiglsiuuudnassannsadsumsiines (Parameters) Liteandmsgapdvasliismiian Tay
AN dumasningaNIkuUIIaewie Al LLazQﬂé’Taammﬁu Tunsduunvayauuy
2 Ny (Binary Classification) 3ilgaudn Binary Cross-Entropy Loss [9] uldlneldnsimnaded

Binary Loss = — % Z[y,- log(¥;) + (1 — y) log(1 — Pp] (6)

i=1
lagd
n fe uudeyaniavan (Sample Size)

o w v

[ fe @1vureitaya (Index)
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? A1959 (Actual Value)

y. @
)71. Ao ATiviungld (Predicted Value)

~

) fo wasaw

N1922NKUUNITNAABY (Design of Experiment)

ﬂﬂiﬂﬂaaﬂlmﬁ’fﬁﬂéﬁaga Chest X-Ray Dataset [10] wag Tuberculosis (TB) Chest X-ray
Database [11] \uyndoyaasisaldiunmssonsunargnirluldesanisnduniddossei
IaﬂﬁmmaaﬁwL‘U%&J‘UL‘ﬁauﬂizam%mwmaameﬁ’waaaﬁmm%’aﬁuﬁ WU [3, 5-8] (Benchmarking)
Huypdeyanin chest X-ray $1uau 6,388 nw wisoonidu 2 nguamiiduiailsa (Tuberculosis)
§1uu 3,194 nw waznwitldidutalse (Normal) $1uau 3,194 A w LLﬁasqﬁ%’aaﬂaaameu
70:20:10 \igltdmiumsBeusveauudasaasldimunlenesmsiines (Hyper parameter)
fugrulunsvaasmnnimmnaedluided 1#un Optimizer = Adam, Leaming rate = 0.001
(mﬁugmmaa Optimizer Adam) Epoch = 15 Wwaz Batch size = 128 Ingldfan1tnanssudnuiu
15 anUnenssu (Architecture) Tunisainamdnuuzyesteya (Feature Extraction) Sy
msoonuuviudeslsuuuauysaifiuansatusuan 15 JUuuy (Pattern) ifteldlunssuiunis
duundoyauuuasangy (Binary Classification) lounnguaininlsauagnguainuni TaTeAY
225 wuusiens AdldianaUisudsuiuneutlasasmedaseeUsamuuuneulpiufuans
1w Figure 3 uazlduanidsiunounmsnilunszuaunsiauiwuusaostuansly Figure 4

Proposed Method

Feature Extraction Classification

Convolution Pooling Output

AN

15 Network Architecture for
Feature Extraction
o EfficientNet BO - B7

Fully Connected Layer 15 Pattern
for Classification Tuberculosis
Each Pattern Consists of:

* VGG16 " ® Number of layers and nodes (Dense) 15 Architecture *
* VGG19 . Define pooling layers 15 FC Pattern

© ResNet50 o Define normalization layers 225 Model

* ResNet101 o Define layer weight regularizers '

e Define activation
o Define dropout

e ResNet152
e InceptionResNetV2
e GooglLeNet

* Research Focus *:

Figure 3 Proposed Methodologies
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maedlsthaninonsssnpsguildsuamamendiuom 15 aninenssu Afianuunneis
v0alAseas U St (Layer) AU/AIUAINNTD IIWIUNNTIT0T (Parameter) vun (Size)
vosusiarvesusazannunssu ilelviltouly dedrinuazdmuvannvansvesaandnonssuiiuen
fefiu auTednuardAgesaniinenssundn fuandlu Table 2 willumsatnaudnuas
winvastayaliun

« EfficientNet BO-B7 [4]

« VGG16 [3] [5] [8]
VGG19 [3] [6] [5] [8]
ResNet50 [5] [7] [8]
ResNet101 [5] [8]
ResNet152 [5] [8]
Inception-ResNet-V2 [5]
GoogleNet [7]
nauanUnenssy EfficientNet (BO - B7) L‘ﬁJuLLUUﬁwaaqﬁﬁmm%mjuqqLﬁaqmﬂh’f

Compound Scaling TunsuSuaunaaundg mudn wazauasidenvesnn Tusu BO - B3 {
Fununnsfiees 5.3 - 123 Sumsiwesuazsuialididn (29 - 48 MB) Tugu B4 - B7 Aifieu
Anundls 438 Fu uarinnsnfines 66.7 Sumnsfives

nauandnenssu VGG (VGG16 way VGG19) lassaislidudeuliilames (Filter) auin 3x3
naeaTilAsIaia MesonisuFuutdlasiai luifvesmanfivesidnnugeds 138.4 - 143.7 &
wsdwesuasiivuialnalveiiiu 500 MB

nguannenssn ResNet (50, 101, 152) spnuuusiowrtapmsmellveansifioud
(Vanishing Gradient) laglgimaiian Shortcut Connections T uaudnunge 311 $u lu
ResNet152 fifuaruin 311 du fwsiimesgedi 60.4 dumafiwes Teilemududousnanol
\Ananmzaududeudsinaiinniaululs

an1Unenssy Inception-ResNet-V2 L‘fluLLUU’aﬁ’ﬁaaﬂLLUUISU%@ﬁﬁ@JQ@LL%W%N Inception
(nsafnRadnuEMaNssEiv) was Residual connections Wsefu ilelsiannsaBouidnume
whiidudouldfdtunssilasiadiidudeulnediruin 449 $u fwsfiwes 55.9 umsdves
dwaliduwuudtaedinnudainisnineinsszuvgannuazonafinlymanududouduiula

aontnenssu GoogleNet fif1uannsiives 6.8 drunisfiwesuazvunalds 96 MB e
deusueuannsalunsataandnuuslasaisilfamnyaiuanminadoniiininensdita
wifianudn 22 Hu Bsoradudesirlunsadnaudnvusdsiniidudoul dlad
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Table 2 Comparison of Neural Network Architectures

Group Architecture Size (MB) Depth Parameter (M)
EfficientNet BO 29 132 53
EfficientNet B1 31 186 7.9
EfficientNet B2 36 186 9.2
) EfficientNet B3 48 210 12.3
Efficientiet EfficientNet B4 75 258 19.5
EfficientNet B5 118 312 30.6
EfficientNet B6 166 360 43.3
EfficientNet B7 256 438 66.7
VGG VGG16 528 16 138.4
VGG19 549 19 143.7
ResNet50 98 107 25.6
ResNet ResNet101 171 209 44.7
ResNet152 232 311 60.4
Inception Inception-ResNet-V2 215 449 55.9
GoogleNet GoogleNet 96 22 6.8

Tnemsndenaoninenssuiiuluiauussndansnens (Lishtweight) wae UszanSan
guan (Effectiveness) inlassadrslsidudounaziiniinedsn wu VGG 16 fwsfimes 14.7 &1u
Wsdmes danrtnenssurunnlng Wi ResNet152 H31UIUNIIIEMDS 58.3 SIUNIT AT 130
Inception-ResNet-V2 fis1uiumisfiaes 54.3 runiiwes wazanlnenssufidanudnuazdu
#ougs (Deep and Complex Architectures) ilonageunmaisalunsaiagadnvaziAuidy
Founaznaaeutlapmarsdudoudsimnaiiuamudniu dmuyadoyafifidrindiuau 6,388
am Bnvaduandnenssunassuanaililumsaiuieudisuuszansam (Benchmarking) vinlv
wamsvaaesanasailus B uanisuieddedns uazesnuuuduidenlsmuvuauysal S1uam
15 sUuU dauanslu Figure 5 Taustagguuuuogstiosusznaulufesiuiutu (Layen Suaulvun
wazdY 5 lonnAvum Pooling Layers, Normalization Layers, Weight Regularizers Layers, Activation
Layers LagAuun Dropout Layers ﬁLﬂudauUizﬂauﬁugmmmLm'az%’juéuawﬁﬁauimquamyﬁai
Taeanuuulaglinud 1Ay iuaudusTe nINANLANTEATIAT1LaT I IUILTDINTHLADS
fumnzanfugadoyanimiainssen Snmilidiamannvaneiddanaisaunsaduiumures
syumLTUTauRiunnsety RauslaseEdanuy Lishtweight Atlsnuaulnundesluaudsiiday
Fudougs Teswau 15 sUuuuismerenTingiduUieudisuiuiuaninenssumdniis 15
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anrinenssu dielililassadrunsiuunUssaniiaiigadmiunislinuais

Tumsdfuusstumaidenlsuvuauysallfosnuuuiilennaevaunfgumamadaluusas
sUuuy Idunnsauauerududeurastoyadinistmunsiuiudu (Layer) wazdiuiulnun
(Dense units) AauAvLA 16 59 648 Iruafiuansnety wagldimaia Dropout (0.25 - 0.6), L2
Regularization snldauiietiestunisGousfiandnanzivdeyasetswnnifulu(Overfitting)
Igimedia wae Batch Normalization wieadsanumaieslunisusuamisiiwes (Stability)
venniguihmaiaenzanidlunmeans leun SpatialDropout1D, Orthogonal Regularizer,
GaussianDropout LilenaasuaNuiugvemadnduazmlnssasfimnzauianiuyadeyaitld
lunsnaaes

lunsindszavsnmvesuuuiaasiifautuldldimedasns q W mstadanugndes
(Accuracy) M3IAAIANLLINLEN (Precision) MTIAAIANATUAIU (Recall e Sensitivity) N15IAAY
ANUANNINIE (Specificity) N5 TnAtenTuanes (F1-Score) NM15inAINEaLEY (Loss Function)
savmsthmafiamsvagouiuule? (K-Fold Cross Validation) Tudunsunisnageunuudians
(Testing model) %ﬂazﬁwmwswaﬂwuwaiugﬂLmumwamﬁEJ (Arithmetic Mean) 14 5-fold wagAdes
LULIn991U (Standard Deviation: SD)

wadiamsneaaeunuuly’ (K-Fold Cross Validation) 1umadiailunsuszifiuanugndes
uazAnLdeeveauuudaes Tnefigauszasdndnenisanond (Bias) uazn1siin Overfitting
soyptoualaganis lasagvhmaudsdoyaimunsendiugnges (Folds) Afuwawh 4 fu (8] la
salusinld k=5 viedunuAluusiarseutesnisusadu nsruaumstagshiaundmnyadoyaazgn
M IugaussdunansunnseudsnmsnssaedidlideyannyailomauisyanisSoudveauuy
$raosuazynUsziliunasilririanugniosvesiuudiassdimnuiaiiosuazindede
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Normal Tuberculosis

Design of o ot sscure e - i
Experimental w (&

o Total Image : 6,388
e Training set 70% : 4,470

e Validation set 20% : 1,276
e Test set 10% : 640

e Image size : 224 * 224

Tuberculosis Model
Classification

Feature Extraction
15 Architecture

Data Preprocess
(Dataset 70:20:10)

Classification Head Training Model Evaluation Model
15 FC Pattern Training/Validation set Performance Metrics

e Chest X-Ray Dataset [9] e EfficientNet BO - B7 Each Pattern Consists of: Hyper parameter Evaluation Metrics
e Tuberculosis (TB) « VGG16,VGG19 o Dense Units o Optimizer = Adam e Accuracy s
Chest X-ray Database [10] o ResNet50, 101, 152 e Pooling e Learning rate = 0.001 e Loss :
R o InceptionResNetV2 e BatchNorm (Default Optimizer Adam) e Precision “
f‘ o GoogLeNet e Dropout e Epoch=15 o Recall (Sensitivity)
L 2 ® L2 Regularization e Batch size = 128 Specificity

e F1-Score

e Confusion Matrix

e K-Fold Cross
Validation (K=5)

@ ﬂq m Model Synthesis
A 15 Backbones x 15 Patterns = 225 Experimental Models

15 Architectures * 15 FC Patterns

o EfficientNet BO - B7 o Pattern1 o Pattern9
o VGG16 o Pattern2 o Pattern 10
o VGG19 o Pattern3 o Pattern 11
o ResNet50 o Pattern4 o Pattern 12
o ResNet101 o Pattern5 o Pattern 13
o ResNet152 o Pattern6 o Pattern 14
o InceptionResNetV2 o Pattern7 o Pattern15
o GoogleNet o Pattern 8

Figure 4 Model Development Steps

nIzUIUNITARUNstgusvasLuuitaedlun1sdwuninlse Tneldlasaineussamuuy
roubigiuanamienesinisen ddunoudel
1. MITIUTINUAZARNTeateya (Data Collection & Cleaning)

» S3uteyatayaInYateyanuatu (Tuberculosis Chest X-rays Images wag Tuberculosis
(TB) Chest X-ray)

- Soumdendoyalrogluguiuunisviumesileddu ImageDataGenerator wag flow from
directory 984 Keras lnguwuadulnlawmas (Main-Folder) Tuberculosis wag Normal Tuusiaglnaines
Usznaulumelnalnes (Sub-Folder) Training Set, Validation Set, Test Set

2. msUSurnanazgULUUA ™ (Resizing) lumsgarnamuliiviniuunn 224 x 224 Lo
TWaenmdasiu Input layer vosuuusiaesiithuldlunisveaes

3. N13USuAINSgIU (Normalization) T duwuu One-hot Encoding Tifiniwa (Pixel) 101
amliienegsening 0 uag 1 Bufunmaziliiszsning 0 uay 255 Tuusafiniva

4. Mmsudsyadeya (Data Splitting)

« Training Set (70%) dwfun1siSeuivetiuuinges

« Validation Set (20%) dvSumInsIvaauwazUTuuAN parameters Tusendnenssuiums
FHUSVDMUUTIADS

« Test Set (10%) @ASUNAFOUUILENTAINVDILUUIIADY
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« wisyadeyadmiunimaaeuuszdnsaimusaiuudnasianninaiia K-Fold Cross

Validation $1uu 5 yateya (K=5)

5. M3BsusvewuuIaedagldnniiwesinmuawaclunnmmaaesinunseunsseu;

15 58U (Epoch)

Pattern 1

Feature Extractor : 15 Architecture
Pooling : GlobalAveragePooling2D
Hidden Layers :

L1. 512 units, L2=0.01, ReLU, DP(0.30)
L2. 256 units,
L3. 128 units, A
L4. 64 units, L2=0.01, ReLU, DP(0.45)
L5. 32 units, L2=0.01, ReLU, DP(0.50)
Output : 1 unit, Sigmoid

Pattern 4

Feature Extractor : 15 Architecture
Pooling : GlobalAveragePooling2D
Reshape (512)
SpatialDropout1D(0.30)

Flatten

Hidden Layers :

L1. 256 units, L2=0.01, ReLU, DP(0.40)
L2. 128 units, L2=0.01, ReLU, DP(0.50)
Output : 1 unit, Sigmoid

Pattern 7

Feature Extractor : 15 Architecture
Pooling : GlobalAveragePooling2D

Hidden Layers :
L1. 320 units, L2=0.02, ReLU, DP(0.35)
L2. 320 units, 02, ReLU, DP(0.35)

BatchNormalization

L3. 160 units, L2=0.02, ReLU, DP(0.40)
L4. 160 units, L2=0.02, ReLU, DP(0.45)
BatchNormalization

L5. 80 units, L2=0.02, ReLU, DP(0.50)
Output : 1 unit, Sigmoid

Pattern 10

Feature Extractor : 15 Architecture
Pooling : GlobalAveragePooling2D
Hidden Layers :

L1. 256 units, L2=0.010, ReLU, DP(0.40)
L2. 64 units, L2=0.015, ReLU, DP(0.50)
BatchNormalization

L3. 16 units, L2=0.020, ReLU, DP(0.50)
Output : 1 unit, Sigmoid

Pattern 13

Feature Extractor : 15 Architecture
Pooling : GlobalAveragePooling2D
Hidden Layers :

L1. 512 units, L2=0.01, ReLU, DP(0.35)
L2. 256 units,
L3. 128 units,
Output : 1 unit, Sigmoid

139

Pattern 2

Feature Extractor : 15 Architecture
Pooling : GlobalAveragePooling2D
Hidden Layers :

L1. 256 units, L2=0.01, ReLU, DP(0.30)
L2. 256 units, L2=0.01, ReLU, DP(0.30)
L3. 128 units, L2=0.01, ReLU, DP(0.40)
L4. 128 units, L2=0.01, ReLU, DP(0.40)
L5. 64 units, L2=0.01, ReLU, DP(0.50)
Output : 1 unit, Sigmoid

Pattern 5

Feature Extractor : 15 Architecture
Pooling : GlobalAveragePooling2D
Hidden Layers :

L1. 128 units, L2=0.01, ReLU, DP(0.25)
L2. 128 units, L2=0.01, ReLU, DP(0.25)
L3. 128 units, L2=0.01, ReLU, DP(0.30)
L4. 128 units, L2=0.01, ReLU, DP(0.30)
L5. 64 units, L2=0.01, ReLU, DP(0.40)
L6. 64 units, L2=0.01, ReLU, DP(0.50)
Output : 1 unit, Sigmoid

Pattern 8

Feature Extractor : 15 Architecture
Pooling : GlobalAveragePooling2D
Hidden Layers :

L1. 512 units, L2=0.02, ReLU, DP(0.40)
L2. 384 units, L2=0.02, ReLU, DP(0.40)
L3. 256 units, L2=0.02, ReLU, DP(0.40)
L4. 128 units, L2=0.02, ReLU, DP(0.40)
L5. 64 units, L2=0.02, ReLU, DP(0.40)
Output : 1 unit, Sigmoid

Pattern 11 (Best Pattern)

Feature Extractor : 15 Architecture
Pooling : GlobalAveragePooling2D
Hidden Layers :

L1. 384 units, L2=0.01, ReLU, DP(0.40)
BatchNormalization

L2. 192 units, L2=0.01, ReLU, DP(0.40)
L3. 96 units, L2=0.01, ReLU, DP(0.50)
BatchNormalization

Output : 1 unit, Sigmoid

Pattern 14

Feature Extractor : 15 Architecture
Pooling : GlobalAveragePooling2D
Hidden Layers :

L1. 648 units, L2=0.008, ReLU, DP(0.30)
L2. 432 units, L2=0.010, ReLU, DP(0.30)
L3. 288 units, L2=0.012, ReLU, DP(0.40)
BatchNormalization

L4. 192 units, L2=0.014, ReLU, DP(0.40)
L5. 128 units, L2=0.016, ReLU, DP(0.50)
Output : 1 unit, Sigmoid

Pattern 3

Feature Extractor : 15 Architecture
Pooling : GlobalAveragePooling2D
Hidden Layers :

L1. 512 units, L2=0.01, ReLU, DP(0.30)
L2. 256 units, L2=0.01, ReLU, DP(0.35)
L3. 128 units, L2=0.01, ReLU, DP(0.40)
L4. 64 units, L2=0.01, ReLU, DP(0.45)
L5. 32 units, L2=0.01, ReLU, DP(0.50)
Output : 1 unit, Sigmoid

Pattern 6

Feature Extractor : 15 Architecture
Pooling : GlobalAveragePooling2D
Hidden Layers :

L1. 256 units, L2=0.02, ReLU, DP(0.50)
L2. 128 units, L2=0.01, ReLU, DP(0.50)
L3. 64 units, L2=0.02, ReLU, DP(0.60)
Output : 1 unit, Sigmoid

Pattern 9

Feature Extractor : 15 Architecture
Pooling : GlobalAveragePooling2D
Hidden Layers :

L1. 480 units, L2=0.01, ReLU, DP(0.30)
L2. 480 units, L2=0.01, ReLU, DP(0.35)
L3. 240 units, L2=0.01, ReLU, DP(0.40)
L4. 240 units, L2=0.01, ReLU, DP(0.45)
BatchNormalization

L5. 120 units, L2=0.01, ReLU, DP(0.50)
Output : 1 unit, Sigmoid

Pattern 12

Feature Extractor : 15 Architecture

Pooling : GlobalAveragePooling2D

Hidden Layers :

L1. 256 units, L1=0.01, L2=0.01, ReLU,
DP(0.40)

L2. 128 units, L1=0.01, L2=0.01, ReLU,
DP(0.40)

Output : 1 unit, Sigmoid

Pattern 15

Feature Extractor : 15 Architecture
Pooling : GlobalAveragePooling2D
Hidden Layers :

L1. 128 units, L2=0.01, ReLU, DP(0.30)
L2. 256 units, L2=0.01, ReLU, DP(0.40)
L3. 128 units, L2=0.01, ReLU, DP(0.40)
L4. 64 units, L2=0.01, ReLU, DP(0.50)
Output : 1 unit, Sigmoid

Figure 5 Design of Fully Connected Layers

Results and Discussion

IINM IR ILAZNITSEUTVDUUUTRmMUIanUnenssy VGG16 Tiuduguuuuit 11 T
UszdnSnmianan Iranugneessesar 98.58 Wenaaeusmieinaila 5-Fold Cross Validation wu
MilAnadeanugnaes (K=5) Segay 97.52 dnuletuunnigiu 0.01 uazdlA1nugede (Loss)

Chedsom (2026). “Fine-tuning Fully...,” Science and Engineering Connect 49 (2), pp.123-148



140

Sovaz 0.15 fAnaduanugads (K=5) 0.16 dridoauuumsgiu 0.02 uanslassairalu Figure 5
d2ue4 Pattern 11 ua Figure 6 aawvioufisUszsansnmuazanuaisveauuiassiiiaing
gndesgeningesar 95 lun1smaaeuduuninlsaluniesne Confusion Matrix Usgidiuusednsam
YoeuuuaedlunsImunUsHINLUUERINgY (Binary Classification) lnguaniuaiUSeuligusening
A1934 (Actual) TuwuuaiuazAmennsal (Predicted) lunumedut ileszyaugniesuazeuin
nanavosuuaesluguLuumT el Tégndessiuau 316 Suunfindiuiu 3 nmaintiaun
319 i dhuduunitlileTailsa (Normal) Iégnsaadiuan 313 Suunfindiuau 6 ammanitavsn
319 2 TunsinAAuLiUEN (Precision) IA13eay 98.13 LAATIMUUTIABILANUHANAIALUY
wauInUaey (False Positive) wio nmsviwsnauniindulsaifios 6 wavhiudaunsarioan
aruinauarnslunsenTitadeififuanusidudmiunaundlénniu miaeanua
Fume (Specificity) finFevag 98.11 wandlifiuiuuuiassarldvinneinlnetinadiliidulsa
wvhwetuulse fewaiserushialisuumdlunsasaungstu uenandusmianuan
seyuynadslauagtheiiniunsnsadnde uarlunsiadinnunsuiu (Recall) wielunisnis
WANEEaNIAn Sensitivity fidnFesaz 99.05 uansliduinuuudassiauuiugfivzlivihuein
wannaninaidulsauignyiiuneinlsiidulse dedanuddgdusgrsannlunsdeatulalginidy
Tsavignainnisdansaslaganusaduduiuuuiasiisyansnmlumadueiesdlednnsesinlsa
Doy Tauvuassisiisannissauesidunmdlunsdanseneaunfeonuasfiuausingy
Tunsitadednnseadesiudine Talsalulsmerunaiiiminenssiia uaniConfusion Matrix
U Figure 7 wazuansniluanseaugnioasmaugadsluseninansiteuivesuuuinass
Tu Figure 8

: v
VGG16 FC:192, L2 = 0.01, Relu

- trainable is None 2 E
-include_top is False : \J

Dropout : 40 (0.4)

v

GlobalAveragePooling2D A
& : FC:96,L2 =0.01, Relu
FC : 384, 12 = 0.01, Relu i
v BatchNormalization
BatchNormalization v
v Dropout : 50 (0.5)

Dropout : 40 (0.4) %

: Output
.................................... Tuberculosis/Normal

Figure 6 Best Model Architecture (VGG16 + FC Pattern 11)
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Predict

Tuberculosis Normal

TP FN Recall

<HR 3 99.05

Tuberculosis

Actual

Specificity

6 98.11

Normal

Precision F1-Score

98.13 98.60

Figure 7 Confusion Matrix Best Model (VGG16 + FC Pattern 11)

Accuracy (Test Set) | VGG16 + Pattern 11 Loss (Test Set) | VGG16 + Pattern 11
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Figure 8 Accuracy/Loss Best Model (VGG16 + FC Pattern 11)
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Table 3 Summary of Experimental Results (Top 10 Models)

Accuracy (Acc.) Loss
No. | Architecture Pattern
Acc. | SD. | Average | Loss SD. | Average
1 | VGG16 (Best Model) 11 98.58 | 0.01 97.52 0.15 0.02 0.16
2 | VGG16 14 98.43 | 0.01 96.64 0.15 0.02 0.18
3 | VGG16 7 98.27 | 0.01 96.96 0.18 0.05 0.19
4 | VGG19 4 97.80 | 0.01 97.07 0.25 0.03 0.26
5 | VGG16 2 97.64 | 0.01 96.04 0.20 0.03 0.27
6 | Inception-ResNet-v2 15 96.70 | 0.01 95.95 0.21 0.02 0.21
7 | Inception-ResNet-v2 13 96.08 | 0.009 95.55 0.18 0.02 0.18
8 | Inception-ResNet-v2 5 95.76 | 0.01 96.70 0.24 0.02 0.21
9 | Inception-ResNet-v2 2 95.61 | 0.006 96.52 0.23 0.01 0.25
10 | Inception-ResNet-v2 14 95.29 | 0.01 95.94 0.21 0.05 0.25
Table 4 Best-Performing Model Results per Architecture
No. | Architecture Pattern Accuracy (Acc) L0se
Acc. | SD. | Average | Loss SD. Average

1 | VGG16 (Best Model) 11 98.58 | 0.01 97.52 0.15 0.02 0.16
2 | VGG19 a4 97.80 | 0.01 97.07 0.25 0.03 0.26
3 | Inception-ResNet-v2 15 96.70 | 0.01 95.95 0.21 0.02 0.21
4 | ResNet101 11 73.04 | 0.13 64.06 0.70 1.22 1.56
5 | ResNet152 1 64.26 | 0.17 61.85 0.64 | 0.99 1.49
6 | GoogleNet 12 57.99 | 0.00 50.00 1.2 | 0.0009 1.39
7 | ResNet50 11 50.15 | 0.16 | 57.49 423 | 1.25 5.4
8 | EfficientNet BO - B1 - 50.00 - - 0.69 - -
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Figure 9 Accuracy/Loss Best Model Compared K-fold. (VGG16 + FC Pattern 11)
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