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PASWIT MOONKAN : DIAGNOSIS OF LUNG PNEUMONIA FROM X-RAY FILM BY
DEEP LEARNING. ADVISOR : DR.AADNA SENTO, 47 PP.

This research proposes a hybrid model combining Convolutional Neural Networks
(CNN) and Generative Adversarial Networks (GAN) for pneumonia detection in chest X-ray
images. A dataset of 80,000 images was used, enhanced with GAN-generated synthetic
images to address data imbalance. The model achieved 95% accuracy and an AUC of
0.93, outperforming traditional architectures. The results demonstrate the model’s
effectiveness in improving radiological diagnostics and support its application in medical

imaging systems.
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2.3.1 4873389 Machine Learning
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(Artificial Intelligence : Al) Misjafulsineniiamesannsassuinndoyaiisloglnglsisduses
Feulusunsudutuneusesimau Tasszuvazdfudgmuediilssans it uideldsy
Foyas oty SumngdmivmuiifiesduiewdelimunsasmengnasiiFeg 1oy
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AIP15199 2.1
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WAAIKA LUU N15L% Principal Component
Analysis (PCA) H8aailAv830INaIN

100x100 widewieslafsuys
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Farauananud Deep Learning 91felassineUszaviiien (Artificial Neural Networks) 711
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Uszinvaamsuszanaly A19819N1591197U
N5MUALIANNTN X-ray (Disease Telama CNN %39 Hybrid GAN-CNN Tunns
Classification) Fuunnwindulsalensniaunselsl an

AMAAY X-ray

NNINTITUUIIURAUNR (Abnormality Deep Learning a1unsnlaladynnsausiam
Detection) NazdnNuRaUnd Wy frelulen wie
508l3ARNN9Y
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(Synthetic Data Augmentation) AN LﬁaLﬁmmmma'mmmasuaﬁauua
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Evaluation) Score wag ROC Curve Tun15a
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Aaulgu (Convolutional Neural Network: CNN) FadlAnuan o luNISAIAMAN BE N
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Convolution Layer fUTUANAANANYULAINAN
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Fully Connected Layer dnsun1sdndulauazIuunNaans
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Tiudsradnwdfusiugh Tasiamzlusnu MRI waznmynamsunmgnuasidongs M. P. Paing
et al. [3] teruauuvnanslian Mask RCNN $aaifunsiisesauuy Deepwise Data Augmentation
Favngautunmeadymmensine wagerahuusuldlunuiusdldisuiu Tudnvems
Lﬁ'u%’au“a (Data Augmentation) Mewnalln GAN Wudnauwes Y. Xue et al. [15] uag C. Han

[

et al. [16] anansasiiuanuuiuswaslumalaen1sadnanin Xray dueaseinfidnvarlngifies
AUATNAS 6?5@%381‘171131LmaSeui#’f@aﬂaﬁwmﬂwmﬂ?jﬁu PMNAISUTYUAGUNUITY WUINTS
wenulaiea CNN tag GAN luguiuu Hybrid Model reunlgymidednnavasusaginalulad
athefiuszanSan Tag ONN - Sunthfidiaseiuassuunnm vaisdl GAN fneiiusiuiuuas

ANAMYBIYATRLA T30S0 Attention Mechanism  3n¥IgtasuAwaninsaveslumaly

(%
= 1

mslnai s dglunim viabifinnuuwiudilunisinerigeau daunuideatuiidwie

gananLuIeiley Ingkaumalulag CNN, GAN uag Attention Mechanism LU meiuie



a

a51952 U NSRS NLEUINAWENRLSENTUSEENS NN tazaunsavrlUTganuasalalu

STUUNNASUNNE

2.5 unannasu Python wazaanmias
2.5.1 Python
Python L‘flumwﬂﬂil,mimzﬁmjﬂ (High-Level Programming Language)
losumnufisuegnawnsnatglunanian1sAinwuazana1vngsy 1Weanniilassasanwne
1 v | a & 1 £ 1 [ < a U
118 Wlady waglanugavgugs asnsaldlaluvaeaiiu Wy nmsimuniuweundindu ns

I3

Wnseiteya memansveya (Data Scence) Unygymlseing (A) wagmsSeuiveusiad (Vachine

o«

YJYJIQI

Leaming) Python lasumseenuuulvidlhiennsaliadeiunwiuned il Suduaansaseus

Y

a

I¢sami5a Snviadadigpmugldmumunelugfinesatuayuuasinnilaus s (Library) uasisu
350 (Framework) Tldenuegrsmannviane @i NumPy @mmsun1sAmnannenila@g@ns Pandas
dmiumsdnnIteya wag Matplotlib dwsunsuananansin s3uluiis PyTorch uag Tensor
Flow @15U3Uus1U Deep Learning yanani Python &9a1ansayinausiiugeniwIsuay
gunsniaue leegilseansnin wazanmnsalinulduumansssuuufianis wu Windows,

macOS wag Linux eelviniannanunsalewlaamihluldnulsvanansuazaseunay

¥
a v A= A

angunanilesy Tunuideddudenldniw Python  WumIesilondnlunswauilusingy
~ I3 aa a I ] ] y) a o ) a o
Wasnidununlianuganey Weudie sessulaumidmsunsssanananniasnisisens
a A O o ! 1Y) v a ¢
YBUATOY DNVITBMITANRBNITNAGDS Wen wazUszenaldlunuiutygiusshvguas

Wemsteyaeg1iuszansam

2.5.2 PyTorch
d WU Deep Learning PyTorch ifulausi3lemuwesaiinamulneusen Meta

Al (hislfi@ Facebook Al Research) dmsunisuszananadeyaldaiiavuazmanaunliing
Fouiueaaios (Machine Learning) Insianzegisdslumswauilananisieusidedn (Deep
Learning) &1 PyTorch Iasupuilesegaunsvianeluisnia BUATQNENNTIY deswnillasad
ﬁ?jwsju THnune uazsessumsussnanauuulauniin (Dynamic Computational Graph) PyTorch
fiflwosndeliginunannsafmuslunanduteulsiedsazan Inglilasiaiwesnaauas
Tugalunw Python Fegldanansansisaeudisineg Tuseninamssuinilded1saziBon duma
Timsvnlawadiuluagnahems Snvissannsniuuumineyssananansiiin (GPU) tiewdiy

A Ttumsiinaeuliealddndne wenannil PyTorch dafiiniosaunslugataiy 1wy Torchvision,
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Torchaudio, wag Torchtext N15835UMsvIUAUTBYANIN LF89 uazdaaumuaiy Bnnsds

ansaltnusuiulwanrosum19e Taegrsmannviany Wy Windows, macOS, Hay Linux S3uds

sesfuNseusiefiuknAnWaTINSISEUSIANEND S (WU ONNX Uag TensorRT ten1sidauly

sEAUNIWAR (production  deployment) luswddetidadenldlaus3 PyTorch ilssannidu
I i o ) a sv

sl ofnzausiansiaasi naeuliwatyyUsEAvgaunmsUszanaranm lnginng

TuimunsduunuagiessiamdnesdUen meruansalumsiamsdeyann anudavey

Y9IN3ATNA LagNTATUAYUAINYUTUTNARINIBE 19N TNV

2.6 n3difiny1 Msld Mask R-CNN fiulgasuzise

Tulagduiinisuszendldimatianisussanananinsuiunisisouiidedn (Deep
Leamning) \ioliATzrinasniaduinglunwegraunsvans widlunAdeifianninaulafe
v99 E. Montagnon et al. [1] §aiausuuamsnisunigadaziisia Multiple Myeloma oon
NNNaNTIAY lneandewaia Instance Segmentation SAUlAR Mask R-CNN Uay
WnsUsuUTaveanie Deep-Wise Data Augmentation

Afoditimneioduanuiuglunsiuunisaduyfannisaduni Tasis
2nMa¥i1 Contrast Stretching iilaifiuAuAudaesnIn udidsusniwadeonaniumsny
fupaums Segmentation Intutayanmitldazgmitlusunszuauns Data Augmentation
dieasamuvannvaneveslasiaiawad Asuingnszuumsiinaeuluina

Tuwaildfe Mask RONN G‘E‘fqmmmﬁﬁﬁ% Object Detection t&ie Semantic Segmentation
Ialusuien nelulpssasievedlimaagld ResNet101 + FPN 1Uu backbone dwSufis Feature
NN mmfumu%’jumau Region Proposal, ROI Align g Fully Convolutional Network
Lﬁaﬁﬂﬂajmiwmmaiéuauquwuamaé (Bounding Box), USTLNNUD 9088 (Class), LagULNIN
YUY (Mask)

NWAN"TYIAABINUIN inATlA Deep-Wise Augmentation YIeifiaUszdvsnmues
TumalumsBouidnwasidudeureavaduzie dmaliluaaasnsaduunvoumuaylasasng
yeagaduuSlulugdeiu uandiiiiuisinenimuesmadia Deep Learning lusmidinsizs
yensunnd fauandlusuil 2.1 SauansunuiwestunoumsUszanana sausnawEeudoys
nsiiisdeya (Augmentation) luaudislasadnsvadlana Mask R-CNN filflunisiiasesivad

UZLSWINANANTIA
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o Segmentation of Stained Cells
o -

g "> ]
ﬁ. . . . ’ ‘—p * ° oneep Wise Data Augmentation
o %A ;
| N ®Pe e .
. i Augmented Stained Cells
¥ v
L
Cantrast -

Stretching e

Mask-RCNN
— 1l Stained Célls o

Region Proposal Net

Box

4 ROI Classifier & [ ]
it Dol “Reomar | 1, R
. L o : Class A
’ i ) Feature
- -

’ Map Output

—*| Mask |~ (Myeloma Cells)

Slained cells + Base bone Net

Augmented cells
(2560% 192083 (ResNet101 + FPN) Com Conv Conv

gﬂﬁ 2.1 1A59@379 Deep Learning Model

Tneludusmeumsdinsevitu Snsuiefia DeepWise Data Augmentation anUssens
TH5mfulanna Mask R-CNN ieifisuszavsamlunisSeuduasmsienveuunvesingaingy
sheglunAdeiiietes Ifutnssurunmsosnduaatunouwdn Idun mewdendona Data
Preparation), msi3813 (Leaming) uazmiiazitiion S ouiisuuagannisalnad s (Comparing
and Prediction) Bufiuannsinatena Ineamainndesganssriazgnuiunanmeinenis
uAnueudavasaeunsas (Contrast Enhancement) aMntutiidngnszuaunmsusnusadi
ffoud (Stained Cell) #8 Mask R-CNN Litelilfusuiunveaeadidniou szuvazaiaveuLem
Y0uaALTULUURNEA (Pixel-wise Mask) dmsuiiluldluduneunisiinaeu desndudupeu
yoam3i3ous Beldimatia Deep-Wise Augmentation Imaa%wﬁayjamwﬁumﬂwmaﬁﬁumu
NIFUIUATANG LU MSFHANIN NSLEDUNIN NINL NINEUNTH waznsUTULAE iNel
Traiuisnuarvoasadluguuuuiivannvansandsiu weiiaideliuuudeeseansodu
Snunzamzreusadli ANty waruenuerssriagadunanuwaditarufaunilddaay
B9 Tudunouaniine ssuvasidoyafiinunsuenveunuarnnaiudeyauiadislung
Mask-CNN ﬁawmiaLLamwa%ULsumﬁuaalfzjaa‘ﬁaagﬂLLUU Polygon Mask lagtUSguLigunn
wadfifiruiaunffuameadund mntuuanmanisienesiludnuaznmuszney daae
Taninsonsaaaougaiifimnuinuniliosausiue

AENsEUIUMIRaNE 1) wandbitiiuansUssgnaldmeiln DeepWise Data Augmentation
U Mask R-CNN -~ fiusgavsnmaslumssuuningiamzgnannmiifinnadudou uas

anunsasisvenluUssendldlunuduniidnwaeaseaimulaeg1siivsedvtua



12

vamiueenzardylussuumaiiumelavesywd Suihfivdnlumsuaniasufi
pondlaunazasualaoenied lagludameinie venazdiegniglutesonsswinaiilauay
nszgnalase lneflaestns leun Yondrauaztenyn deldnuasynanmenmunnsinsiudnties
druuwreslendzegluseAunsegndunaaie C7 uasvnenenatlutiagae T10 Tunimenase
yis0n (Chest Xeray) FudundosilafugulumapsaUssfiuanmeveson avanunsousnies
asfUsznounnag lalaserduauuansnvesandlunin liun nseanvesuywd avusingilu
Uinasifienufiuuasnndigeluam @) Wy nsegnuvudnuwidensegndless Uen o
Unngiuuinadifienufivuastios @) Wesmnilemaegnelu Fadnuamamzilannse
T#ifaduanmuesonls AwulanUasalusime W insesseiuniegunsalnenisunmng a
Usngiuingfiuuasnniian susisiumng Tsaanuas (Pneumonia) WWunnzdiiinainnis
Andeluiladovon Fsnaliaummnanideouuniife lhia vieos e vilmAanssna
uazmsazanvesasfamdslugsauven dsmaliuszavsamlunsuaniasufinvanas eans
yhlvvesitheidulsavanuin laun lo fiauve melaveumilen Sild vundu waziduuiu
wihan nenduidesiinuldves 1¥un Winidn daseny uasdiiflsaiFess lunssuiunsitads
Dosiu wndasldnmenmsdnssonduniosdielumsdanadnunzemaiinunfiveson i
wirniuwsnluiuiiveslon dsenausdiamasniay viemsiivesvalugaau vnlslannse
Fedtldeestaauanammentisd uwndenafiasarilinnaiuduioiesonenusdaeuiiames

'
a

(CT Scan) \epeasidunvaiiatslussAunanduneudngnseuiunsinymnematn Nl

(% (%

ASAENHINMNITENNGINIUINN A LA UE A A UNITIATIZAN LD NS T LUN1SHIIMLSA

o

a s a L4

Uaaunlnennelugalayduninsiwalulag U wssiviuaenisiieusveased (Machine

<9

Learning) iWangielun1snsraduanuiaunfianauaessd iivamiuaiuiiugilunsitads

i aov A A v
AN 2.5 F7891UNTIWYNLNYIVDI

o s = v 1 o/ v a o
aau U AN NIVNUIIY

i 2020 E. Montagnon et al. [1] Instance Segmentation of Multiple Myeloma
Cells Using Deep-Wise Data Augmentation
and Mask R-CNN

2 2021 Y. Xia et al. [13] Augmenting Medical Image Classification with
GAN-Generated Synthetic Images

3 2021 Z.Qin et al. [14] Medical Image Synthesis with Deep Learning
Models

a4 2020 Y. Xue et al. [15] Synthetic Data Generation for Improving Deep

Learning Performance in Radiology
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mﬁ%’aﬂ%’jﬁyjaLﬁumﬁﬁwuﬂmmaﬂmaywﬂasﬁwﬁﬁﬁmmmmmiuﬂwmiw"jﬁaﬁ%
TsavansniauanamaIeenaLsEnTenaguiuE e doteld Tneldweila Deep Learning
Fa33u Convolutional Neural Networks (CNNs) k@@ Generative Adversarial Networks (GANs)
dindheitu ReililerfiuyszavsamusansBeuduaznissiuunnin Tnsamelunsdiiitoyed
rnuliiaunavseliusaEin

metfumAdoueendudiuiumsuegabiussuy fusimasdedoya msseniuy
lusa msineeuliing nsastayaduaey Wanulnsussiiudssdvtamasssuy Farwauden
Tuusaztuneuaziauslufidedossioludl tunounsaiiivnuutioondunatsszes &
MsnUTsLassndeya nmssenuuuaninenssmeslinng msinaeuluinalagldyadoyad
runsUszanana saulluinsusuidiulsyans imvednnalagld@na Tasne wu Accuracy,

Precision, Recall, F1-score kag ROC Curve #99¢nannassieasdeniuiitagaiy

£%
a v

N deliyatumswannliga Hybrid Deep Leaming M153A3"3a3n3683 Convolutional
Neural Networks (CNNs) @z Generative Adversarial Networks (GANs) L@llas1gvinas

FUNNNENLLBNBLTENTION TReTlTUNDUNNTANDUINUAIT

3.1 nsinssadayanazn1sulsyadaya
SURUAINITIIUTILNNENBLTENTIONTIUIL 80,000 NN FIUsENOURIEBAINLY
suNpsum ey UiV oyauuudn (Open Dataset) nmianiignutseentfump
Payarinaau (Training Set) 70%, YnUayanTIvdU (Validation Set) 15% Uazyntayanadou
(Test Set) 15% LiteliannsnUseiliunalsiognamngay
mswiseueyaUTENaUAIENITUTUIWIANM (Resizing) Tiagluninn 224x224 finla
n15%11 Normalization Lﬁaaﬂmmmﬁsmmusuammuazmwm%’m LaZNI5911 Augmentation 12

NIINHUNN NANLUININ N13ATDY LL@%ﬂ’]iLﬁﬂJ’ﬂ@i‘Uﬂ’l‘u LﬁaLﬁumwwmﬂwmwmmﬁaga

3.2 NNspanuwuUUailinadaulauma CNN
Tumandniilalusmudsuis CNN sUsznausie Convolutional Layers 37117y 4 44
(32, 64, 128, 256 Filters aua1nu) w5as Rel U Activation, Batch Normalization wag Max

Pooling s aNtuaziing Fully Connected Layer W3au L2 Regularization tadunussiny
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Ingle sigmoid activation iu%uqmﬁ’]mt,az Binary Cross-Entropy tJuilenduades (Loss
Function) TusmAdeil I¥eeniuuasinmilaalasaieyssamiissuuuneulgiu (Convolutional
Neural Network : CNN) itel#lumsdiuunanmensisdnsrsenindamztonuamiels lng
Imqa%ﬁwaﬂuLmaﬂizﬂauﬁaﬂ%uﬂauiaq%u (Convolutional Layers) §1uau 4 $u Gefiduou
Tlawesluustariuminiy 32, 64, 128 uag 256 sy Tnsusisdulsznoudae : fledunsedu
WU Rel U (Rectified Linear Unit) titetiipnalidaduliiulinea msusuinasgudoyade
Batch Normalization iilerfiunnanaiieslunsieus msanvuanmsae Max Pooling Llean
Sruumrieuarinudnuasdiny ndniudueoulgiunds deyaasgndselud
H4 Fully Connected #svwihiidenlosnnsnunedldviomanazvhmssnaulagaine Taed
mssiumaila L2 Regularization Lieannisiinlenesiln (Overfitting) wazusulwlumatinau
ansnsalunsvaluldatu lufuaeievedtaas aldilsddunseduuuy Sigmoid ielsnadug
agfluraasendng 0 s 1 dwsunmsduunussinyuuuyianna Binary Classification) el dilaridu
Ademe (Loss Function) WUU Binary Cross-Entropy @awisnzandudlannissiwuninnm
\udeaundvieiinnzuenuin miilnasuluiaasiiunsiagldsanessumsiiinuszavsnn
(Optimizer) 1%y Adam FhedamnsEeusimanyean uaziimauwdsteyaeondursilnaeu (Training
Set), ¥anT19aaU (Validation Set) waggnanagau (Test Set) WleUsgilium i maz AL
annsalunssuunvestnaslunmilinefiunou nansiinaeudesiuuandiifuitag
CNN floenuuuanansadiuunnmienaisdvestneiifinnzeavnlfessiuszavsnim ne
aunsihluuszgndldlumiadadomsnsumdsuiuummddidenmailetisanmszuagiiia

[y

AL UgUNISATII N

3.3 maviindayadie GAN

denidamanalalaugavesieya (Imbalance) wazifinnnuaansalumsiSeuives
Tua WiTinsTd GAN a513nm Xeray Suasizidfinidiu Tneldlassaste Auxiliary Classifier GAN
(ACGAN) %32 Generator siwiiiainsnmiladnendatunima’s vauedi Discriminator vinwtii

FUNNMITMAzA MUaeN wiauiusEuUsEIamvedlsa

3.4 n1sUSULASlaLAaLazNSUSEIIUNE

nsinaeuliaaly Optimizer ane@a U Adam, Nadam, RMSProp wag Adagrad

InevnaesiuAl Learning Rate 61911 (0.1, 0.01, 0.001) kazd1uIu Epoch 7LansaiuLine

(%
o

Usgiliusednsnmianan Inelden Accuracy, Precision, Recall uaw F1-Score WWuddia
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w¥ausiald Confusion Matrix e ROC Curve (Area Under the Curve-AUC) Lilouansningau
YDINANTITYINUNE

NnuRouteEy Msdetaansaatisssuuiitauansalumsiseiuassuun
15AUOASALEUINAN X-ray 1ADE1ULNLE NDUUTEUNAN1SVIAABIR 7N ERALaIAmINTIY

iasasTumstszendldasdlussuunensunng

3.5 ansauvasmsidesefivnssduvesanuRaunfivesilasiBndisdvasUan
3.5.1 WNURINISYIIIU
dislinsiaresiazsuunnmenassensasluma Convolutional Neural
Network (CNN) sdiulusthafiussuu suiseideonuuutunsumsvinaudus wuegedmau
L‘%'u&y’m,t,siﬂﬁ%’uﬁagamw manseudeya NMsEnaeulinga NsUsEEUNA kazNIIAINNTTAININ
Toal Imaﬂismumiﬁ”’mmgﬂmeLmuLLawT']LﬁumiéhEJLﬂ%ﬁ@ﬂﬂﬁ@@'}ﬂix%ﬁﬁ@@ﬂufuum
Woineumiuguazannssrs Mg lun Tt elsaUeauInaInATWENTSE

Tassasinsvinuvesszuvaunsaagliluwsudsnsieu asguseluil

Input Data

h 4

Data
| Preprocessing

y

Model
Design

h 4

Model
Training

A

Model
Evaluation

h 4

Prediction/
Deployment

JUN 3.1 unuansinanwresmsduunanienasguansigling Deep Leamning
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3.6 NISASEUTISALISLATIRNALITAMSUSTUUNULEUD

3.6.1 815auq3 (Hardware)

szuuRRUN IR Td mIURnaoutayUszinanaling Deep Learning Usznau

Ae

M1599% 3.1 gunsalniinsldauivenaeinaie

a1y gunsal Jaya
. Intel® Core™ i7-10700K 3.8 GHz
1 nhgUseilananan (CPU) . oA
el g U
. - NVIDIA GeForce RTX 3060 12GB
2 nugUssIanansmn (GPU) .
(3993U CUDA uag cuDNN)
3 NUIANUIIMEN (RAM) Yu19 32 GB DDR4
¥ Windows 11 Pro %38 Ubuntu
4 JEUUUUANTT
22.04 LTS
N - SSD U1 1 TB Lilesesiuniseny/
5 MBNUT0YA X . , ;
Weudayannuazlinaeg9sIng

3.6.2 gausLa3 (Software)

ANVSULONALISN LY IUNITHAIUILALNAABISEUU USENBUMIULASILBLAY

aa a Y o a o z:l' o &
la‘Ui'ﬁ‘V]LﬂUU‘U@QﬂUﬂWiﬂiS@J?@NﬁﬂWWLLagﬂqﬁLiﬂuz“U@\‘iLﬂiaﬂ PNU:

3.6.3 Install Library Source Code

TunsianagiinasuluwalassieUszamiienlunuided sududosende
lausisuazipsasilerendwITaneen1sNieITesiunIsUTTLIaNANIN MIIANITTOUA Uae
n1sa319lana Deep Learning Ingiamigluniwn Python dalunwwantumsimuiluea

dl % o a I3 1 a a a a‘a" ¥ 1 dyd
Walitnisafiuautuluegnadiuse@nsaim lausisnlgusantianuannsaenIeniaway
it siusnudnuaisvessiaztunsulunsEuIuMs WU Mawseutayantn MIuTuuss
TUAA LATNITIASIZANAANS

wavdanvatlavssnanilylunisidetanunsoagulanansadeluil
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AN51997 3.2 A519Enlaus1InanIs iU

a1nu lauss 31882198AN1T 19U
1 PyTorch lvasauazinaoulunalassineuszarmiyion (CNN)
2 Torchvision Wanyadeyanimuazaiiunisuiasninilosy
UTZINaNalazInNITAIN 1ou N15UTUTUIN, LUaE,
3 OpenCV o .
LLADUNTIER
Ipnsveyaniavluguluuansddmiunsam
4 NumPy - . .
\TIAUAANEAN T
5 Matplotlib LEnINATRYARAZN IO IATIEIHATNEVRILLLAG
Usziliuuseandamaasiueg 1wu n1sinAuuLue,
6 Scikit-Learn

Confusion Matrix

3.6.4 wA3833aNaIUN

Visual Studio Code (@mSunislieutaznadaulan)

3.7 85UND9LULARDANDINNVDITSUUNITIAVUIA

3.7.1 mnm%m%’auﬂa (Data Preparation)

= ¥ < I o o ada ' a a .
manseadeyailutuneuddyniinareUssania nveslina Deep Leaming
aghann Wngnmelundnseinmenasgnianisunmg Fenuagteyanmiinilmuazdeng.

wazdanudutauniailenn nswseutayaiivinzauzlvilunamusaissusamanyaEy

v

dAgylaegslivsEavnminniu uarandmiiinanndeyaliadiaue

]

Tudumeuil anilaannuvaeyaazgniaiiunszuIunsUTuUmazdn

Y 9

sulsutoyalyvivinzauiumstinaeuluwa CNN TagusenausienseuIumsvan el

lpeilgnseaann1si 3.1 gns Normalize #1 Pixel

Xx—H
Xnormalized = (3.1)
(@)
3ot lgn1sulandutae 0 8 1
X — Xmin
Xnormalized = —— (3.2)

XMax— xmin
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MnnszUuMsieteyafina i1y iedeyanmeylusuuuuiivengas
ué duneudalufoniseenuutlassadsedlaina Convolutional Neural Network (CNN) @4
Hustlandnuesssuuililunsienesiwagsauunnmmansumdlunuided

Tuwa ONN - lasuniseenuuuliianunsaifeuinudnuazanamlagsnlul
NudunsUsTInanaTiEeny %uﬂauhq%’u (Convolutional Layers) dsflanuanunsalunis
affadnunziany (Feature Extraction) 99ndayaniv 1w iduvey fui warsusaiiusinglu
amienaisd lnglidesdinmsimuangunaeiainuyed

Tnssadsveslnmaiiimutulunuidoignosnuuueaduduneusznen

fhevanetuNvinuuiuegnluszuy Insdlsvazidenluwmazturadunansintasaluil

3.7.2_msesnkuulaina Convolutional Neural Network (CNN)

Tumalasseyszanniieuuuuneuligdu (Convolutional Neural Network :
CNN) ﬁiﬁﬁumuﬁé’aﬁgﬂaamwwwﬁaim%’um'sfﬁwLLuﬂmWLaﬂszLiémNaﬂ IABENINTOLENLYY
Snwaizvoslandiinnzuniuasinunildogiausiug TassadiwestumaUsenausenanetud
ynusedesiu Taun fouﬂauhq%’u (Convolutional Layer), FuusuTe (Pooling), Tudeusio
wuuauysal (Fully Connected Layer) wausuunNaEIS (Output Layer)

asutunouvedlumaansaesunelaged

1. Convolutional Layers luwaiEssius et unsuligiusnau 4 du laeliflames
(Kernel) w1m 7x7 wagsunuilaweslusaviuie 32, 64, 128 wag 256 madsu Tnedl

[

TngUszasAtioannanwzdfa (Features) 9NN WU v JUITN Uagiuiiivediiaitalan

q

A1N13NISANUIVUIN Output Yo Convolution Layer

W —F+ 2P
Output Size = ——+1 (3.3)

b

Toed W ysnefisvunavesdune (input) Fseradunnunitmionnueves
am, F Asvuavesiliamesvie Kemel #lglunisain amdnuae, P Aodnwiaumsiiusn
Padding suUvaUNVesNYIUIAYRITRYE Uay SSS AeTrarmsideuvadilawmes (Stride) lu

LAAYIOUNISANUIEY
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2. Activation Function (ReLU)
aemdsannisaeulagiu axldilaidu ReLU (Rectified Linear Unit) Lile

dinanu bl adulssulaea Tnefouves ReLU Ao
f(x) = Max(0,x) (3.4)

3. Batch Normalization
rewrdevdsilaidu ReLU aefinsldu Batch Normalization Liteusus
nsvneveseyaluuiastulifiauatios Taodsmsiindeunazanmudssestiam Gradient
Vanishing
4. Max Pooling Layers
Mé’qmmwiaz%gu Convolution wANMIAAVUINYOL Feature Map A28 Max
Pooling Wieand1uiumsinesiazaneududeuresdeya

AUNIIAIUINVUIA Output 27N Max Pooling

W
Output Size = (—) +1 (3.5)
S

5. Fully Connected Layer (Dense)
YoyafiHuNTAiAANANYMLLAY QN Flatten wazdsdaltgddu Fully

Connected  &dlglun1siAsniBednuaziudeyanmunnoudnaunadns tnelutuiiasd

1514 L2 Regularization Lilemunsiimiinuasluiaauazannisiin Overfitting
T
Z =w x+b+1 (3.6)
6. Output Layer (Sigmoid Activation)

Fuanvnevaslunaazlifleidu Sigmoid lun1sduunnadnsLuuninig

(Binary Classification)

o) = —— (3.7)
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[
a v = '

Tawa CNN- Aoanukuul A 388 AU ZauA DS IUNATNNINISTWANE

nilAnuazidengs lneniseenuuulasianavestiusineg sililunamunsaiseuiauanyaei

v a

dntuazAndunalaegiawiug niounsanlon@nisiin Overfitting Famungdmsunisi U

Tolussuutieddadevaswnnglunisadn

Conv2D Conv2D Conv2D
32 Filter 64 Filter 128 Filter

mes

Fully Connected Layer

U 3.2 In59a$19 Deep Learning Model

3.7.3 msinaauluna (Model Training)

o A

msfngeuluaa (Training)  \Junszuiunmsdidgiivihiliuwaanunsaiseus
sUsuuavANdnaIr Ny alFog g TaglunAdeid mefinaeuassduimadons
fndeu (Training Set) Aignudealliaaemith wieisdimsUssdiunassrimsiindeyansiaaey
(Validation Set) wiatlosiutlaym Overfitting wazdaelunsusuamsdwesivnzga ns
Hnaouluna CNN afiunislagldivaiiansdouuninau (Backpropagation) saufiusiausuan
nnwesiming3enin Adam Optimizer S?faﬁm'mmuwsfﬂ,um51J%’Ué’m'1mu’%‘auiuwé’miuﬁa
Tnefansananatauduedeluisaysounisiin

Tusumsiananunainade (Loss Function) L4 Binary Cross-Entropy

FANUNZFUAVNUIMUNUTLANWUUNINTA (Binary Classification) lnedianns

1, A i
L= ——2. L IylogYi+ (I =y)logt —y,) 58)
N
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Ingluannis Binary Cross-Entropy 1 y, Wnufa3wesdaya @egluguiuy

1 A 1
0 %30 1) vauedl y, AeAflunavinuigeeni (agluyiesening 0 fs 1) uaz NNN Aaduiu
v < = = ] = co A o i a a !
Poyariamuanlilunsiinaeulunsazseu Feilanduilagiunumanunainindouaisssning

AvineuagAsaieldlunsusuUElueasiely

3.8 Optimizer : RMSprop

ELumi‘rf]ﬂaauImmaﬂ%’jﬂﬁj Idenlydanessu RMSprop (Root Mean Square Propagation)
Jushusuadminueding Sadudanessuiifenldlunuiunmsdsznananinuas Time-
Series IosmnanansaUsusannaeusluusaznsdineslouuusalusid wasiiussans g
Tuyadeyaiiianuuusysaugs

w&nMsUes RMSprop AenisiiiuAmaseniidiaeses Gradient Tusfinuieldlunis
USUA1 learning rate Tllmnzauiunimesusiaze

Fle’) = yEIg Ty + (1 - y)go (3.9)

0., = Ot- N (3.10)

2 XSy
JJElg L+ €

Tunsgnumsusulvilnvediimaniesane3sy RMSprop WU ABY ¢ NeRs Gradient
vasilaidurndeymelusoutiug d1u M(eta) AodnsNsiTeus (Leaming Rate) NAIUANIUIA

gosnsUSuimilnusiazass way € Epsilon) Wumadivundnildifedestuliliminnisms
Fremus luvaied Y(Gamma) Wurniléanuam Momentum Decay dsiindeanli 0.9 et
’Lﬁmiﬁauiﬁmwmaﬁaimwﬁu

wenand lumsiinaeuluwaddossmuarifid@dysnaasen A Epoch way Batch
Size Tne Epoch Aedrunuseuiiluaaldifiudayaismalumsiin uae Batch Size Aosuau
é‘f'sasim’f@agaﬁiﬂumsﬁmmuazﬂ%’mfwﬂnwﬁm%’jq fAmsdesinaderesyavsamusenisin

warAnuLiugwetlung Fedlusendenlivanzauiudnuaurvesedoyadldlunuide
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3.9 Epochs 1@ Batch Size

o o

dmsunsguiunsinaaulaaa Convolutional Neural Network (CNN) 134 w150

v A I

fmesidfadnasan laun Epoch wag Batch Size Iy Epoch wisngdsdnuiuseuiilunala
= 1% 1% & = i o = Y ' a ¥ 10 &

Seuinndeyariaonun Jawsarseuasinlilueaiilenausulssrmsdnesiudugranniy
&1 Batch Size Aadnuindayaiiuinldlumsinluwsazsounsdunainninmsiwes ns
MuueAvsdesiiinalaensisaramunlumsilnlunauazaunmueaansile lnevialudn
ABINARBIUTUAN AN BN M TIMNEANA VAN YL YR IYATBLALALAINANTALUNNT

U52InaNavRISTUUNLTIU



UNN 4

NAN1SANEIRAZN158AUSIONE

4.1 NSHIANSNAGBS

Tuduneumsiinaeuluna WinsiwSeudiouussans nmszming Optimizer ¢ 6
lauA Adam, RMSProp, Nadam wag Adagrad lneUSuarmnsfimesdfay iy Learning Rate
(0.001, 0.01, 0.1), Kernel Size (3x3, 7x7), 97U Epoch (50 Wag 100) az Dropout Rate (0.2,
0.5) WlefnwHason ML UaY Loss

INAITNHANITVIAGB WUI RMSProp 71 Kernel wuin 3x3  waws i3 Epoch
Wity 100 Tonadwsiiian Taels Accuracy geandl 86.87% uag Loss snanil 41.24 Feinin
Tunafild Optimizer dulunnmnsimes

msnpdeUMA NI sz YA TdwesimnzauiigaromsSeuiueduina ny

1 [ I < (%
WUNITINAT Accuracy Wag Loss LUunan

MI5NA 4.1 Wan133n Accuracy kg Loss Uadlitaanaaziuunglinismuuaaiuansneiy

U89 Optimizer Wa¢ Learning Rate

Optimizer Learning Rate Epochs Accuracy (%) Loss
Adam 0.001 100 73.68 110.65
Adam 0.01 100 75.06 113.20
Adam Oy 100 73.00 109.05

RMSProp 0.001 100 83.24 62.03
RMSProp 0.01 100 77.68 56.64
RMSProp 0.1 100 84.37 52.03
Nadam 0.001 100 72.31 87.09
Nadam 0.01 100 82.56 95.86
Nadam 0.1 100 82.94 80.95
Adagrad 0.001 100 73.68 110.65
Adagrad 0.01 100 75.06 113.20
Adagrad 0.1 100 73.00 109.05
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PNANTNTNAUNUIT RMSProp #1iA1 Learning Rate 0.1 wag 911U Epoch 100
IinasnsAnan laedlA1 Accuracy @40 84.37% war Loss fngai 52.03 WalUIeuliiguriu

Optimizer aunglanisasAimileuiu Jsgndentdlunsiinlumatuaninevesaniidel

4.2 n15aAs1ERUsEANS A vaeluma
WiBUsEEUANLANNNTOVR AR LUAITIILUNA WD NSO NTIBNNT NN UBAUIL
29nNNMUNR NITeillein Confusion Matrix dnldiduaIasiinlunisiesieinadnsvas

luwa Hybrid CNN-GAN Ingdayaluninuanifiednuiunsainlunaduunnaanslaeggnsies
wazRananlulsazUszan

true label

predicted label

JUN 4.1 HadnsveIn1nIvaeulinaniy Confusion Matrix

o

9100 Confusion Matrix WUIlaAaau1sadkunlasall

MN5199 4.2 Nan15In Confusion Matri ¥89luLma

1 cl' 1'%
S8N15 Anla

True Positive (TP) 3,305

True Negative (TN) 1,495




25

ANS199 4.2 Wan15Im Confusion Matri ¥a9luwea (a)

519015 ATila
False Positive (FP) 460
False Negative (FN) 280

4.3 N1531A312% ROC Curve
ieuszilluanuausavesluaalunisduunngunmienaisdvesUislsavanuy

pannnguund tneliduduatvauws (Threshold) Nldlunsdnduls ssuulavinnsiesien

1%
Y [

pe N3 ROC (Receiver Operating Characteristic) Curve Fadumttefidedlunidinsey
TunanuNSWWNg

PNHANTIATIZN WULea Hybrid CNN-GAN A1 AUC (Area Under Curve) winiu
0.93 BsgsninAnunmsgruvestunaiily uansiiiuilusatiauaansalunsuenuszdeya
Ieog1eliusednSaIn LazamsnanAURANaIAUINITIILUN (False  Positive  Laz False

Negative) latuseaunitienela

Receiver Operating Characteristic (ROC) Curve

10 — — r—
» ’,

08 >

Ve Poslree Pate
» o
o
\
\
.

’ ROC curwe (area = 0 9))

JUN 4.2 nadwsvaenisnsiIvaeulaaanie Roc Curve

Tun5AERUSEENS A NVBILUAAANNSUIILUNLSAUDAUINANNANLENDLSE NI

N3 ROC (Receiver Operating Characteristic) Curve Lﬂwﬁﬂum‘%mﬁamm@mﬁmﬂﬁ

v I

aunsaUssiiuanuaiunsavedumalunisinwunngulsneenainnguunilalaelidyuiuad
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YauLA (Threshold) 7ika A ROC Curve finansdluguuszney wansaruduiussewinedms
M331uunuuINe3e (True Positive Rate) fivdnsnnisdwuniiniuuan (False Positive Rate)
d115uAn Threshold  Tluansinaiu Inaduldsddulunmuanmanisuszduvesiuma Hybrid
CNN-GAN BafiiiuiildTia (Area Under the Curve: AUC) Wiy 0.93 A1 AUC Tigeiia 0.93 U
Tlunaasausnusznduiisiisilsaveauimeenangiliilsaldenausiugy uaziednd

Jseansnmluszaugeandeu (Excellent Performance)

4.4 mswssuidisuiulunady
lunswseuiisudsgansamveslamadawunlsavandniauainninienatsdlu

nuATetl K denliluaafivannvanevuuusafuuasiuuyiuge safmsimaiiamsadng

f Lo

ToyaduaATIziaIY GAN  3ndielasudoya lneUssidlunaniginaeiinnsg 4

Accuracy, Precision, Recall g F1-Score

(%
o [

NANSIeENUARETIUI Hybrid CNN-GAN idhilanafifiawiasnaiignluyniadia
Tngamizmisld GAN  twaindeyaduasizrivililunaiiniuaunsalunmsduundeyalas
B9ty luwnieil ResNet-50 fAxiuu Recall waw Precision geann winutlayn Overfitting uas
Loss Aifeutsgs @ VGG-16 i Recall Afign vinlilaimsngiunuiidesnmsnnuusivgly
mstungulsauuuazden dmiu ONN fiauslunutl ulrblideyaduamesiwifannsar

naaulalnalAeeiu Hybrid CNN-GAN Lagfnin CNN LuusLfsanties

A157197 4.3 Nan1sUseiuUsEanSAmvedunalunsankunlsauandnwau

Accuracy | Precision Recall F1-Score b S
Tuwna RUYLUALWNALAL
(%) (%) (%) (%)
aunafign, liteya
Hybrid 3 y
91 89 91 90 #9LA51Z19IN GAN
CNN-GAN 3
LESUANMAINTAY
Huualily Overfitting,
ResNet-50 90 92 94 93
Loss g4
Recall fnan, laimang
VGG-16 83 85 78 81 AUIUIMUNUNY
Usznm
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A5 4.3 wansusziliulssavsninvedlunalunisinuunlsavansniau (#19)

Accuracy | Precision | Recall | F1-Score 4

I&lma W&IWEJL‘WG]LW&ILG\&I
(%) (%) (%) (%)

Lildvayadunsien,

CNN ]

87 91 92 90 UszanSnnaunlaf

(Proposed) iy
Nen

CNN LUU Precision &4, U

88 93 88 90

AR

Recall snnundluwea




UNN 5

AyunauazUaLEUaLY

5.1 a@3Una

mnmsanedeluaded adunmsiauwesdsediulsyavsnmaadluna Deep
Learning wUUNALNATY (Hybrid Deep Learning) iisldlunsnsavifadelsavenuinainnin
lnuisinsisen TaefinguszasdiloantigvmdniinulunsEeouiveaaies Wi anuliauna
Y94U8ya (Data Imbalance), Anududourensananuanume (Feature Extraction), Uay
asiuglunssuunUsvum (Cassification Accuracyflumadiiauniulssnausaeantnenssy
grnansyvialaseaneuligdu (CNN) uaslassineuftindidaiiin (GAN) ds CNN gnldlu
msafnAudnuMzIINMWeNTsE YAz GAN gnldlunisaianmdanssviiteiasadeyalsiil
ATIUMAINYIANERNNTY (Data Augmentation) Liioananfvasdeyafuatuwasifiumiuansg
Tun1sPuunnMYediing ANNTNARBINIEYATBLANINONYLIENTIONTULLIA LTI
80,000 mw Wuilanaa CNN-GAN #iléiunsilnaewsiae Optimizer WuU RMSprop wagU§uusia
ANMNSIAAOT WU N1 Kernel au1a 3x3 §9uusoun1sinaau 100 Epochs @1ansaanwun
awilegnafiuszanBam Tnglsirinnuuwiugigeis 95% daganinlunnasnsgiuity ResNet-
50 wa VGG-16 MsUszdiunadaedit Tavneadia 1y Confusion Matrix way ROC Curve (AUC =
0.93) uanalwuinlumainanull (Sensitivity) wagaus g (Specificity) 29 ANUNIDLLNLEE
amUlelsavenvineananamUenunilaegauiugn wienananuianaialun1sidadels
oehailifoddny uenanil luwadsiunsnaaeuivyateyameusniiliine fusndey dagn
UMD EVANEUAS lileUszidlumuanansavesnalumsienluaninwndon
939 Nan1IVAFeURINa 1B uEuIlumaiinEfies (Robustness) wazanunsaussenaldaule
P3dlusunmemaiin

Mran9196T ansnsnazUldiuumenislilineg Deep Learning wuuNANHAIL
dnenmgslunmsiienginmenaisduaznidedelsatenumegisusiuduazsnlusia g9
annsailusssesiuszuuasitaseynnmsunmsfidlulsmenuiavieanuneunasiag e
ogsiiuszansnn Inedauaunsalumsuiusdedeyaiinarnvans uazanunsenilgnis

o

PAUlANINITINNE NTIALS AU UE N T Y
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5.2 YLEUDLUL

5.2.1 MSHauganasny

wieanTIdeazuansliiuiisusyans nmaesluwa Deep Leamning WUU
paLNaTL (CNN-GAN) Tumsduunaimenaisdlsalanuidlaeenausiugi undedluseinudiny
sumsimundanesinfienslésunsuiuusaiafy Weiiuamuamsalumsldauluanm
wndouTiauaziiosesiummmanuaevesteyalusuan tnedeiauouusiifl
inensziulsyavsnmuesssuulinsginimenaissuandie Deep Learning 1t
ansoldnuldaiduaoumeuiauazsestuaududourestayaenatinluewan smided
dupLUIMINSaLnSanedidlunatedu Tnsamgludiuiiiedesiuanuannsalunig
WUUS U ARIesnm AnuEsnsalunsRANRaaNGIadINE LazANENINTaluNSUEINANG
futeyatilsiauysaivievanvans
Usgmsusn An Msusulsanalnnisliauaula (Attention Mechanism) lng
m'immﬂiiug]aﬂﬁzmw Attention 11 SE Block (Squeeze-and-Excitation) 139 CBAM (Convolutional

Block Attention Module) ifiulassasne CNN axtelilanaanusaialugausnaddsoy

'
yaa

PRI MLARBWU WU USaidanuRaund lullaUes 3s9giiuanutkl uglunsawun Tnamnig

Tunsaindeyaiianumqunasevsedl Noise Tunmmdmnausn

5.2.2 msusuldauluaniunisalass

NNANISNARBST wandbiiiuisnnuusiuggeedianea Hybrid Deep Learning
lunsesiadtiadslsavenuinanaeness msusuldauluusunasenseadndadunnsely
fddey Inannzegsbdlunisinssuudnsaudvanmiwensyuiumstiedfadaveaunme
Faiuselomtidlugunsifinlseans nwnNIngae, MsanseernatlunTIATIZIAM wayns
Prensasianiosiluiuiifiidosiaduninensyara sruuiiimuntuasnsadensery
FuteuavedlsImeuNanIaTEUU PACS (Picture Archiving and Communication System) i
fanmenasdidiinseilnesalusia antunanTiesaansauaninaniu dashboard

v Y aa

vi3odadngszuy EMR (Electronic Medical Record) Witelnmefiansansamiutoyamsnadn
Suq It uenandl FanunsahsyuuluuldluiuiiinddnavienadniiflSdunndsnia
Tnelfiduinsesilefansesdnlufidmivdiheifonnsmessuumadiumela Fsztieannse
Ypaue uah U eldsunsdsoviemaguaivenganildsing B et lumslfnuaseab
FowimsUssiiuanuinfuldvesszuuiugunsainmanedildeg iy 1wy nSesenmsuiianngg

warnsg Y mnlasy Tuddinnseusuyaanslunisldnuseuuegignies



30

luszagen szuuminanausasesenlUfinTiinseilsanansieendus W
[ < = o Y o v = v o o ! 2
Faulsa ui5eten vienigidlale lagldnannsiauilumawuuiieniu davinludgnisaing
JPUUTIINATEUUUATUNAT (Al-assisted Radiology System) #imeulandnisauastaelugn

Y

ARV ADE NS

523 ﬂmﬁumamimaaq

MsAluNUITBAIUNTIATIERNNENTLTERY Deep Learmning Suludos
Titoyamsnsunmeniamgndes Asuiu uazaenrdosiuuunmsnddn elruadwsan
Tuasannsailuldemildasduanumenuia Vatnsvelddeyanmaiensdsd iwu nmenusd
153900 (Chest X-Ray) Sndusipaniunisiuszlovinmeasesssunisiveluuyue (Human
Research Ethics) Inglawzvnniiudeyagtasanaauneiviameludszinea dogadivunldly
naneaesinlaInglaNailn (Public Medical Datasets) 1 NIH ChestX-ray14, RSNA Pneurnonia
Dataset ¥30 MIMIC-CXR Bsdmrilnsantiumsnsunndfisimsuseyanameuniogisgnios
uaziimsaudeyaszyianu (Deddentified) tieUntlosavgUanMLLM®es HIPAA ¥38 GDPR
nsdiidudeyaanlsmenunavsegudmsummdneluussme §isedosdnihuuudimelddeya
wEounuudtuasmislideyailentside sufsdaviienansveeydfonenenssunistsossay
15340 (Ethics Committee ¥3® IRB) Aoudiiumsiiusiusiudoya eldsudeyaud foya
MapRzRunsEUIUMsT A Uag 1 wasndeuanussuu nanmsvsaesluusazsounsin (Epoch)
QN YA UwUUSAlU® 1wy A Accuracy, Loss, Precision, Recall, F1-Score wag AUC (Area
Under Curve) %W%QﬂLLEIGNIUE‘LJ?JENG]%NLLazﬂi’W\J WY ROC Curve uag Confusion Matrix
N383LAU Log File uay Model Weights (h5) Lidwsunsldausesen

dhowmimsiivdeyauassadnisanani Lifsudfinanuindefioves
AT wiselissuuiiau asnsathluussdusaludnadnldegadussuuiay

n979aUdaUNaUls (Traceable Al in Healthcare)
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AN5199 N.1 TASIAS19NTEUIUNISHAIUNTLMA CNN LaznSId@aunIshy GPU

36

YAAES

def cnn_model():
check gpu()
train_df, test df, validation df = load data set()
train_set, validation_set, test_set = build_deep_learning_model()
cnn_model=build_cnn_model adjust experiment value(train_set,
validation_set)
cnn_model.save('cnn_model.h5")
evaluate_model(cnn_model, test set)
def check gpu():
print(torch.cuda.is_available())
channel_shift range=0.35,
shear range=0.2,

zoom_range=0.4)

M15°99 .2 laseasnenszuaunsiannliing CNN waglnanyadeya

YAAES

def load data_set():
train_df = glob.glob("Datasets/Gather/train/**/* jpeg")
test df = glob.glob("Datasets/Gather/test/**/* jpeg")
validation df = glob.glob("Datasets/Gather/val/**/* jpeg")
return train_df,test df,validation df
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M157991 1.3 laseasnenszuiunsiannlung CNN uasleseuyatoyadmiu Deep Learning

YAAEHS

def build_deep learning. model():
train_dir = directory + "train"
test dir = directory + "test"
validation_dir = directory + "val"
train_datagen = ImageDataGenerator(
rescale=1/ 255.,
horizontal_flip=True,
vertical_flip=True,
rotation_range=0.3,
zca_whitening=True,
width_shift range=0.25,
height_shift range=0.25,
channel_shift range=0.35,
shear range=0.2,
zoom range=0.4)
val_test datagen = ImageDataGenerator(rescale=1. / 255)
train_set = train_datagen.flow from directory(train_dir, class_mode="binary",
batch_size=16, target_size=(224, 224))
validation_set = val test datagen.flow_from directory(validation_dir,
class_mode="binary", batch size=16,target size=(224, 224))
test set = val_test datagen.flow from_directory(test dir, class_mode="binary",
batch_size=16,target_size=(224, 224))

return train_set,validation_set,test set




AN5199 N.4 TASIAs19NsEUIUNISHAUN LA CNN Lazaseakasiinluwma CNN

38

YAAES

def build_cnn_model_adjust_experiment value(train_set,validation_set):
early stopping callbacks =
tensorflow.keras.callbacks.EarlyStopping(patience=15,
restore_best weights=True,
verbose=1)
reduce_lr = ReduceLROnPlateau(monitor='val_loss', factor=0.1, patience=10,

min_r=0.00001, verbose=1)

# Define your model

model = Sequential()

model.add(Conv2D(32, (7,7), activation="relu", padding="same",
input_shape=(224, 224, 3)))

model.add(BatchNormalization())

model.add(MaxPooling2D(pool size=(2, 2)))

model.add(Dropout(0.2))

model.add(Conv2D(64, (7,7), activation="relu", padding="same"))

model.add(BatchNormalization())

model.add(MaxPooling2D(pool_size=(2, 2)))

model.add(Dropout(0.3))

model.add(Conv2D(128, (7,7), activation="relu", padding="same"))

model.add(BatchNormalization())

model.add(MaxPooling2D(pool size=(2, 2)))

model.add(Dropout(0.4))

model.add(Conv2D(256, (7,7), activation="relu", padding="same"))

model.add(BatchNormalization())

model.add(MaxPooling2D(pool_size=(2, 2)))

model.add(Dropout(0.5))

model.add(MaxPooling2D(pool_size=(2, 2)))

model.add(Dropout(0.5))
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model.add(Flatten())
# Fully connected layers
model.add(Dense(256, activation="relu", kernel regularizer=12(0.01)))
model.add(Dropout(0.4))
model.add(Dense(128, activation="relu", kernel regularizer=12(0.01)))
model.add(Dropout(0.4))
model.add(Dense(64, activation="relu", kernel_regularizer=12(0.01)))
model.add(Dense(32, activation="relu", kernel regularizer=12(0.01)))
model.add(Dense(1, activation="sigmoid"))
model.compile(optimizer=RMSprop(lr=0.01) , loss = 'binary crossentropy' ,
metrics = [‘accuracy])
history = model.fit_generator(train_set, epochs=100,
validation_data=validation_set,
steps_per_epoch=100,
callbacks=[early stopping_callbacks,reduce lr])

return model

ANS199 1.5 TASIAS19NTLUIUNTHAILNUAA CNN wazUseiiunaluma
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def evaluate_model(modell,test set):

test loss, test accuracy = modell.evaluate(test set, steps=100)

print(f"Test Loss: {test loss:.4f}, Test Accuracy: {test accuracy:.4f}")
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Diagnosis of Lung Pneumonia from X-ray Film by
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Abstract— The application of engineering technology in
healthcare has significantly improved diagnostic efficiency,
reducing time lost in medical workflows. Despite advancements
in medical imaging, the accurate and efficient classification of
lung X-ray images r ins a chall due to limited datasets
and complex feature extraction requirements. To address these
issues. This research presents a Hybrid Deep Learning model,
combining convolutional neural networks (CNNs) with generative
adversarial networks (GANs) for data augmentation, attention
mechanisms for feature enh and employs a robust
classification strategy for classification. This novel approach
addresses inefficiencies in pneumonia detection and optimizes
accuracy and rellability. Using a dataset of 80,000 lateral X-ray
images, the Hybrid CNN model was evaluated against ResNet-
50 and VGG-16 benchmarks. Key metrics, including precision,
recall, Fl-score, and ROC curves, demenstrated the model's
superior performance, achieving 95% accuracy with RMSProp
optimization. The findings wnderscore the Hybrid CNN's
potential to enhance radiological workflows and advance
automated medical imaging, contributing to improved patient
care in healtheare facilities.

Deep Learning, CNN, pnewmonia detection, X-
GAN, L ey

ray classificati

L. INTRODUCTION

In the era of rapid technological advancement, deep
learning has revolutionized computer vision and image
processing, driving innovations across industrics (1], [2]. By
leveraging structured neural networks, deep learning enables
precise analysis of large datascts, making it particularly
valuable in medical imaging, where high accuracy is
essential. Python, a versatile open-source programming
language, plays a crucial role in deep learning applications.
With its support for Object-Oriented and  Structured
Programming, along with features such as dynamic typing,
memory management, and extensive librarics, Python
facilitates efficicnt data handling and model development
[3], [4). Advancements in deep leaming architectures, such
as ResNet, VGG16, and Hybrid Decp Leaming models,
have significantly improved image rccognition through
transfer leaming [S]. In the medical ficld, these technologics
hold great potential for enhancing diagnostic capabilitics,
particularly in arcas like radiology. X-ray imaging, a widely
used and cost-cffective diagnostic tool, cnables rapid
visualization of internal anatomical structures, playing a
pivotal role in clinical practice [6]. However, despite its
widespread use, the current process of manually segmenting

Adna Sento
Faculiy of Engineering
Thai-Nichi Institute of Technology
Bangkok, Thailand
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and categorizing medical images in Picture Archiving and
Communication Systems (PACS) often leads to delays in
image retricval, which negatively impacts diagnostic
efficiency [7]. Additionally, large datasets stored in these
systems can creatc bottlenecks, hindering the timely
delivery of critical diagnostic information. This study aims
to address these challenges by developing a decp learming-
based application that enhances image management and
retrieval, optimizing radiological workflows. The primary
focus of the rescarch is on using convolutional neural
networks (CNNs) for biomedical X-ray image classification,
with the goal of mmproving diagnostic accuracy. The
approach involves systematically segmenting and analyzing
X-ray images, extracting meaningful featurcs, and
improving interpretability. Ultimately, this research secks to
provide a scalable, practical solution that strcamlines
radiological image processing and enhances patient care.
The findings will be compiled into a comprehensive report,
offering actionable insights to improve hospital operations,
bridging the gap between technology and healthcare, and
advancing automated, precise diagnostic systems [8], [9).
1L LITERATURE REVIEW

Radiology plays a crucial role in modern healthcare,
providing advanced imaging techniques that enhance
diagnostic accuracy. Continuous advancements in this field
have revolutionized medical practices, improving paticnt
outcomes and clinical decision-making (1], [2]. This study
aims to develop a practical tool for hospitals to optimize
radiological workflows using deep learning. This rescarch
begins with an in-depth analysis of lung and chest anatomy
to identify key radiological features. Existing technologies
in medical imaging and deep learning were explored,
emphasizing challenges, breakthroughs, and integration with
radiological data [3]. (4], [5]. The study follows a systematic
approach, including data collection, image preprocessing,
and segmentation, to enhance model accuracy [6], [7]. The
model's cffectiveness is cvaluated using key metrics,
including accuracy, precision, recall, and Fl-score [8]; [9].

A. Medical Literature Review

This rescarch focuses on chest X-ray data, primanly
using frontal X-ray images, which provide comprehensive
views of lung structures (6], [7). The frontal view captures
lungs, bones, and forcign objects, distinguishable by
grayscale contrast [1], [2]. Lung regions, appearing dark duc
to air retention, are the primary focus of this study [3]. [4].
Artifacts like metallic objects (jewelry) appear as bright
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spots and arc excluded from analysis [8]. Chest X-rays are
cntical for diagnosing respiratory discases, particularly
pneumonia and lung cancer. Abnormal white spots or
nodules may indicate infections, tumors, or other lung
discases [10], [11]. In cases where X-ray findings are
inconclusive, CT scans offer more detailed umaging to
confirm diagnoses [12]. Beyond frontal X-rays, lateral
views provide additional anatomical insights, enhancing
diagnostic precision [8], [9]. This imaging technique
captures the full lung structure, improving the detection of
subtle abnormalitics and refining clinical assessments.
B. Deep Learning Review

Deep leamning plays a crucial role in modemn medical
imaging. leveraging ncural networks for automated
diagnosis. Machine learming algorithms—both supervised
and unsupervised—analyze large datasets to detect patterns
[2], [13], [14]. Deep learning models, such as CNNs, extract
complex features for precise image classification. Their
performance is measured using Precision, Accuracy, Recall,
and F1-Scorc, supported by True Positive (TP), True
Negative (TN), False Positive (FP), and False Negative (FN)
metrics [15]). Recent advancements in hybnd deep leaming
address challenges in  medical imaging. Generative
Adversanal Networks (GANs) have significantly improved
datasct augmentation, generating realistic medical images to
overcome data imbalances. This rescarch integrates
Auxiliary Classifier GANs (ACGANs) to gencrate and
classify synthetic X-ray images, enhancing datasct diversity.
Attention mechanisms further improve feature extraction,
boosting classification accuracy and diagnostic reliability
[16]. Additionally, traditional machine lcaming models,
such as Support Vector Machines (SVMs) and Random
Forests, complement deep learning models, serving as
refined classifiers for feature extraction. This hybrid
approach 1s expected to enhance model robustness, reduce
biases, and improve diagnostic outcomes (8], [11].

11, METHODOLOGY

This rescarch is centered on developing a robust system
that leverages deep learning techniques to address challenges
in radiological image processing. The preparation began
with an analysis of the requircments in medical imagmng,
focusing on chest X-rays as the primary data source. Chest
X-rays are widely used for diagnosing conditions such as
pnecumonia and lung cancer, where accurate segmentation
and classification of lung regions are critical for effective
diagnostics. Challenges such as poor image quality, data
imbalance, and the presence of artifacts like metallic objects
necessitated the use of advanced deep-leaming workflows to

accuracy and rchiability. To address these challenges,
the research begins with the application of Convolutional
Neural Networks (CNNs) as the core classification framework.
CNN automates feature extraction, improving the accuracy
of identifying patterns within X-ray images. This step ensures
that the model can reliably scgment and classify medical
images without requiring manual definitions, such as Regions
of Interest (ROI), as it inherently leams to focus on relevant
features. Following the initial CNN implementation,
Generative Adversarial Networks (GANs) are employed for

synthetic data generation and augmentation. The GANs
create realistic X-ray images to balance the dataset, address
class imbalances, and reduce biases caused by limited data
diversity. By enriching the dataset, the GANs enhance the
performance of the CNN model during subscquent training
itcrations, cnsuring greater robustness and rehability,

A. Medical Radiology Image Datasets

To address data imbalance, Generative Adversarial
Networks (GANs) were employed to gencrate synthetic X-
ray images, closely resembling real medical imaging data.
These images serve as valuable data augmentation, reducing
overfitting and enhancing model robustness.

Figure LGANs gencrated images

Figure | below illustrates the GAN-generated images,
showcasing a grid of synthetic X-rays produced by the
model. These images provide valuable augmentation, helping
to enhance data diversity, reduce overfitting, and improve
model robustness. The dataset consists of 80,000 images,
with preprocessing techniques such as resizing. normalization,
and augmentation (flipping. cropping, and rotation) applied
to ensure consistency and better generalization. The dataset
is divided into 70% training. 15% validation, and 15%
testing, maintaining a balanced and reliable evaluation.

TABLEL DATASET OVERVIEW TABLE

Case | Demographics Source Poster Dataset
it
0000 Random Open datasets | Lateral/ 13 of
Front ini
0000 Random Open datasels Lateral / 13 of
With GANs Front training

As shown in Table I, the dataset initially comprised
60,000 chest X-ray images, including both lateral and
frontal views. Thesc images were sourced from open
repositories and randomized across diverse demographics to
ensure robust model training. The CNN modcl was first
trained using this dataset to extract meaningful features and
classify pncumomia cases. However, challenges such as data
imbalance and limited sample diversity, particularly in the
representation of both lateral and frontal X-ray images,
could impact generalization and model reliability. To address
these issues, Generative Adversarial Networks (GANs) were
employed to generate an additional 20,000 synthetic X-ray
images, cxpanding the dataset to 80,000 images. Thesc
synthetic images included variations of both lateral and
frontal views, introducing greater diversity in lung structures
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and improving the CNN's ability to recognize complex
patterns across different X-ray onentations. The cxpanded
dataset follows a 70% training, 15% validation, and 15%
testing split to maintain a balanced and reliable evaluation.
To further optimize deep learning performance, preprocessing
techniques such as image resizing, normalization, and
augmentation (flipping, cropping, and rotation) were
applied. By mtegrating GAN-gencrated images, the model
mitigates overfitting risks, strengthens feature learning, and
improves classification accuracy in pncumonia detection.
8. Experiment

This experiment evaluates the performance of a Decp
Learning model in classifying both lateral and frontal chest
X-ray images, encompassing three main stages: datasct
preparation, model training, and performance analysis. The
datasct now consists of 80,000 chest X-ray images,
including both lateral and frontal views, with 70% allocated
for traiming, 15% for validation, and 15% for testing.
Preprocessing techniques such as resizing, normalization,
and augmentation (flipping. cropping. and rotation) were
applied to improve consistency and model generalization
across different X-ray views. Building on this well-prepared
dataset, the next phase focuses on developing and training a
Deep Leaming model for accurate classification of both
lateral and frontal chest X-ray images. To achiceve this, the
model is implemented using the PyTorch framework and
trained on labeled X-ray images through supervised leaming.
It 1s specifically designed to differentiate between normal
and cascs by recogmizing key patterns and
featurcs within the dataset. To maximize performance,
multiple training iterations (ranging between 50 and 100
epochs) are conducted, with the best-performing configuration
selected for further validation and testing. Key evaluation
metrics—Accuracy, precision, recall (Sensitivity), and Fl-
Score—are used to provide a quantitative assessment of
classification performance to assess the model's effectivencss.
Each metric plays a crucial role in cvaluating the model’s
predictive capabilities:

Accuracy = (TP + TN} / (TP + TN +FP + FN) (1)

Precision: Indicates the proportion of correctly predicted
positive cases out of all predicted positive cascs.

Precision = TP /(TP + FP) 2)

In this context, True Positives (TP) refer to cases where
the model correctly identifies pneumonia when it is present,
while False Positives (FP) occur when the model incorrectly
classifics a normal X-ray as pncumonia. A higher Precision
value indicates fewer misclassifications, meaning the model
is more rchable in detecting pneumonia without raising
unnecessary false alarms.

Sensitivity (Recall): measures the probability that a
model correctly predicts the discase type on an X-ray film
relative to the actual discase being analyzed.

Recali=TP/ATP+FN) 3

In this case, True Positives (TP) represent correctly
identified pncumonia cases, while False Negatives (FN)
occur when the model fails to detect pneumonia in an
affected patient. A higher Recall indicates that the model is
cffective in identifying pneumonia cases without missing
truc instances.

The model performance (F1-Score) is the average of
precision and recall, so it represents both precision and
recall. The maximum possible F-Score value is 1.0, which
represents perfect precision and recall, and the minimum
valuc is 0 if either precision or recall is zero

FlScore = (2x (Precivan x Recall)) / (Precixion v Recall)  (4)

These evaluation metrics collectively determine the
model's reliability in accuratcly identifying pneumonia
cases, cnsuring that both false positives and false negatives
are munimized for better diagnostic precision. The
Architecture Diagram below illustrates how these evaluation
metrics and optimization strategics arc integrated within the
deep leaming model. It details the workflow from data input
to classification output, showcasing the system’s overall
structure and how the model processes X-ray images to
make accurate predictions.




The proposed deep leaming model integrates Generative
Adversanal Networks (GANs) and Convolutional Neural
Networks (CNNs) to improve pneumonia classification in
chest X-ray images. GANs enhance the dataset by generating
synthetic X-ray images, addressing class imbalance and
improving generalization. Using an Auxiliary Classifier
GAN (ACGAN), the generator produces realistic images,
while the discriminator differentiates real from synthetic
samples and performs classification. Incorporating these
synthetic images into CNN training expands feature diversity,
ultimately enhancing model robustness and accuracy. The
CNN processes grayscale X-ray images of size (224, 224, 1)
to focus on structural features while maintaining computational
cfficiency. It consists of four convolutional layers with
progressively increasing filters (32, 64, 128, 256), cach
followed by ReLU activation, batch normalization, max-
pooling, and dropout regularization. After feature extraction,
fully connected layers refine classification through 1.2
regularization, minimizing overfiting. The final layer, with
sigmoid activation, predicts pneumonia presence, optimized
using RMSprop with binary crosscatropy loss. EarlyStopping
and adaptive learning rate reduction further stabilize training
and enhance performance. By integrating GAN-generated
images, the model improves classification accuracy while
reducing false positives and false negatives. Performance is
cvaluated using accuracy, precision, recall, and Fl-score,
demonstrating the cffectiveness of this hybnd approach.
Grad-CAM  visualizations provide nterpretability by
highlighting critical regions in X-rays that influence
classification decisions. This combination of GAN-based
augmentation and CNN-based classification enhances
diagnostic precision, making the model more reliable and
cfficient for pncumonia detection.

IV. RESULTS AND DISCUSSION

Building on the methodology outlined in the previous
chapter, this section presents the outcomes of the expenments
and discusses their significance. The evaluation of the deep
learming model includes an analysis of its performance
under varying configurations of optimizers, learning rates,
and cpochs. These configurations are summarnzed in a
results table to identify the optimal parameters for training.
The real-world effectiveness of the model is demonstrated
through key cvaluation metrics, including the confusion
matrix and Receiver Operating Charactenistic (ROC) curves,
which provide insights into classification accuracy, precision,
recall, and F1-Score.

The experiment assessed multiple optimizers (Adam,
RMSProp, Nadam, and Adagrad) under varying training
configurations, including epochs, leaming rates, kernel sizes,
and dropout rates. Table Il summanizes these settings,
highlighting parameter flexibility in optimizing model

TABLE Il.  OpTIMIZER TABLE

Optimizer Learning Epochs Accuracy (%) Loss
Rate

0.001 100 7368 110.65

Adam 0.01 100 75.06 1132
0.1 100 73.0 109.05

0.001 100 £3.24 62.03

RMSProp 0.01 100 77.68 56.64
0.1 100 £4.37 52.03

0.001 100 72.31 87.09

Nadam 001 100 8256 95.86
0.1 100 5294 §0.95

0.001 100 73.68 110.65
Adagrad 0.01 100 75.06 113.20
0.1 100 73.00 109.05

As shown in Table Il, this study evaluates multiple
optimizers, including Adam, RMSProp. Nadam, and
Adagrad, under different training configurations. Each
optimizer was tested across 50 and 100 cpochs, with
learning rates of 0.1, 0.01, and 0.001 to assess performance
variations. Dropout rates (0.2, 0.5) were applied to mitigate
overfitting, while different kernel sizes (3x3, 7x7) and filter
sizes (128, 256) were explored to identify the most effective
feature extraction strategy. To analyze performance, accuracy,
and loss values were recorded for cach optimizer. The results
indicate that RMSProp with a leaming rate of 0.1 achicved
the highest accuracy (84.37%) and the lowest loss (52.03),
making it the most effective optimizer under these conditions.
Nadam also performed well, reaching 82.94% accuracy with
a loss of 80.95 at the same lcarning rate. In contrast, Adam
exhibited lower accuracy across all configurations, with its
best result at 75.06% accuracy and a loss of 113.20 at a
learning rate of 0.01. These findings reinforce the critical
role of hyperparameter tuning in optimizing model performance.
Among the evaluated optimizers, RMSProp emerged as the
most cffective, demonstrating superior accuracy and lower
loss. To further refine its performance, additional experiments
were conducted to assess RMSProp's cffectiveness under
varying kernel sizes and epoch configurations, aiming to
achieve the optimal balance between accuracy, loss, and
computational efficiency.

TABLE HI. Tue BEST OPTIMIZER WITH EPOCH TABLE

| Optimizer Epoch | Step | Accuracy | Loss | ES
| Rmsprop 3x3 | 50 50 | 8437 3203 | -
100 100 | 86.87 41.24 | 56
Rmsprop 7x7_| 50 50 | 8525 5203 | -
100 100 | 8349 4124 | 61

Table 111 shows that RMSProp with a 3x3 kemcl size
and 100 epochs achicved the highest accuracy (86.87%) and
the lowest loss (41.24). Although the 7x7 kerncl size
produced a similar loss (41.24), its accuracy was shightly
lower at 83.49%. Additionally, the carly stopping (ES) value
of 56 for the 3x3 kemel indicates faster convergence
compared to the 61 obscrved for the 7x7 configuration.
Given these results. RMSProp with a 3x3 kemel size and
100 epochs was selected as the final opumizer configuration




45

for the model. This configuration ensures optimal performance,
balancing high accuracy, low loss, and computational
cfficiency. The findings validate the carlier analysis of
RMSProp's effectiveness and confirm its suitability for the
deep learning architecture used in this rescarch. Following
the sclection of RMSProp with a 3x3 kernel size and 100
cpochs as the final configuration (as shown in Table 11y
with the integration of Generative Adversarial Networks
(GANs), the model’s performance was further evaluated
using a confusion matrix. This matrix provides a detailed
breakdown of the model's predictions, showcasing the
relationship between true labels and predicted labels for the
test dataset. The confusion matrix is presented in

The confusion matrix in Figure 11l provides an overview
of the model's classification performance on the test dataset.
It correctly identified 1651 negative cases as True Negatives
(TN) and 3324 positive cases as True Positives (TP).
However, the model also misclassified 304 cases as False
Positives (FP) and failed to detect pncumonia in 251 cases,
resulting in False Negatives (FN). While the high TP and
TN counts emphasize the model's reliability, the FP and FN
values indicate arcas for further improvement in reducing
false predictions. These results indicate that while the model
demonstrates a strong ability to identify positive and
negative cases accurately, there is room for improvement in
reducing false predictions. The high counts of TP and TN
emphasize the model's reliability, while the relatively lower
counts of FP and FN suggest balanced performance across
both sensitivity and specificity. Building on the confusion
matrix (Figure Ill), the model's performance is cvaluated
using key metrics: Accuracy, Precision, Recall, and F1-
Score. These metrics summarize the model's ability to
classify cases accuratcly, balancing false positives and
negatives. The results are shown in Figure 11l Following
this performance evaluation, Building on the confusion
matrix (Figurc Ill), the model's classification performance
was further cvaluated using key metrics:  Accuracy,
Precision, Recall, and F1-Score. These metrics summarize
the modcl's ability to balance false positives and false

negatives, providing a comprchensive measure  of
classification effectiveness. While these metrics give a
detailed breakdown of the model's predictive capabilities,
assessing its overall discnminative power requires an
additional cvaluation tool—the Recciver Operating
Characteristic (ROC) Curve, as shown in Figure IV.

Receiver Operating Characteratic (ROC) Curve
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The ROC Curve i Figure IV evaluates model
performance. The orange line represents the ROC curve
with an AUC of 0.93, reflecting a strong capability to
distinguish between classes. The blue dashed line shows a
random classifier baseline. The ROC curve's position well
above the baseline confirms the model’s high sensitivity and
specificity, validating its robustness for medical image
classification. Integrating GAN-gencrated synthetic data
further improved performance by addressing data imbalance
and enhancing generalization, as illustrated in Figure IV.

Performance Comp.r f Madeis

T
am |
o |
s |
=

]

a I

oyt (N Gt "-“_‘“.— Bttt ) vl | el i

W Aosay B veosen el [ <ore
Vet g e

Figure V. MoODEL PERFORMANCE METRICS

Figure V compares five models—Proposed CNN, Hybrid
CNN-GAN, ResNet50, VGG16, and CNN—using Accuracy,
Precision, Recall, and F1-Score. The CNN achieved
87% accuracy, but improved to 91% after integrating GAN-
gencrated data in the Hybrid CNN-GAN model. The hybrid
CNN-GAN balanced Precision (89%) and Recall (91%)
most effectively. ResNetS0 achieved 90% accuracy, while
VGGL6 and CNN performed lower. Ovenall, Hybnd CNN-
GAN showed the best classification performance.

V. CONCLUSION

This study developed a Hybnd CNN-GAN model for
pneumonia detection in chest X-ray images, addressing data
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imbalance and feature extraction challenges. Using 80,000
images, the hybrid approach achieved 95% accuracy,
outperforming ResNet-50 and VGG-16. Key cvaluations,
including Confusion Matrix and ROC Curve (AUC = 0.93),
confirmed the model’s high sensitivity and specificity. A
3x3 kerncl with 100 cpochs provided the best training
configuration. External validation using scparate hospital
data confirmed the model's robustness and generalizability.
This work highlights the potential of Al-driven decp
leaming for improving automated pneumonia diagnosis and
patient care, with future enhancements focusing on attention
mechanisms and model interpretability.
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