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A Comparative Study of Deep Learning Models for Pneumonia Detection:
CNN, VUNO, LUIT Models
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ABSTRACT The purpose of this study is to develop a CNN based deep learning model that can effectively detect
pneumonia by analyzing chest X-ray images of adults over the age of 20 and compare it with VUNO, LUNIT a
commercialized Al model. The data of chest X-ray image was evaluate based on accuracy,precision,recallLF1 score,
and AUC score. The CNN model recored an accuracy of 82%, precision 76%, recall 99%, F1 score 86%, and AUC
score 0.7937. The VUNO model recordded an accuracy of 84%, precision 81%, recall 94%, F1 score 87%, and
AUC score 0.8233. The LUNIT model recorded an accuracy of 77%, precision 72%, recall 96%, F1 score 83%, and
AUC score 0.7436. As a result of the Confusion Matrix analysis, the CNN model showe FN (3), showing the highest
recall rate (99%) in the diagnosis of pneumonia. The VUNO model showed excellent overall perfomance with high
accuracy (84%) and AUC score (0.8233), and the LUNIT model showed high recall rate (96%) but the accuracy and
precision showed relatively low results. This study will be able to provide basic data useful for the development of a
pneumonia diagnosis system by comprehensively considers the perfomance of the medel is necessary to effectively
discriminate between penumonia and normal groups.
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Table 1. Classification of the data set
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Training set 900 900
Test set 231 300
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Fig. 2. Process of CNN.

Table 2. Training parameters of CNN model

Software Matlab (2023b)
Input size 224 X224
Optimization SGDM
Epoch 5
Mini-Batch size 32
Learning rate 0.0001

AN 12 EY 2N HolE g FaA7| L A 25 3
& AA ol % A HAsteL H8A A8 TS =017l A
3 o]u] XS FL3 27191 224 x224 A Z A5}

A A AR A Fololo 16709 3x3 BEHE ARl T
WA glolojolli= 327, Al WA glolool= 64715 AHESHEIT
243} $H= RelU (Rectified Linear Unit) 343 AH&-510]
HIA RS F71eto] A Hdo] Bxgt el S sk 4=
L& 8t 2x2 £ 37]9F 29 AEF|EE 717l A&
(max pooling) o]0 E AH F3H4 2715 F435130

CNNEHF O] 3h5-2 F 5 o L 5 M= Glom, wjyul
AA7)= 32, S5EL 0.00012 HAAsIe] <5 g
d%5= B7IeksiTh

cot I
4o
0x
% ol
on OH
o
©
-,

bl

e
Sk

AIE v Frst
F 3 CNN Zdo] A
o8| & F7}ste] i}
[ A] stolwutetu| B E 245k 2
o] Aot 9l &4 o, HIAE RdE
=4 Fheghel 53] R o] AE AMgShe] Bt
2a2 fAEHolE S AREste] B7HE Gl oH, g
A, 5ol AR5 53l Ao 46K

a5 71E WS Bl st it

Jo
—d
M
Ju

=

i)
tlo

N

[¢]

f

N
i3

jil)d

o
Ko
o N
o
o, ol

%
El
R
o

N
2
=l
]
R
BB
e 1 oy o
ox

]

H1 o Hr
rlo <]
2 i
o «

5l
e,
o

o &
b
Ot-N hi

[T
&,
)
o
i
2
=
=

doh ox &

o a2 X off
32 on 1o o 4o
g
b
1
4>

ofr
i

(m
e,
ot
-,
)
<
re

2.3.1. d=x "ot
HSE b vy Bdo] o2 Autel A4 o] &

Vol. 18, No. 3 (2024)

Y 2d A% Blw et CNN, VUNO, LUNIT 28 402 /179

i A 2] 5H=A] S YEH = A F0]TH10]. True Positive (TP)=
AAE Al S-S HH o R AstA E73 ol True
Negative (TN)E A2 A9 S48 B2 Feeb)] 25
3} 7J9-o|t}. False Positive (FP)= AA 2 AAMQI SRS HH O
2 A5 BEF3 7 90|t} False Negative (FN)= AA| 2 FH <l
RS PAo R A R Aol

Accuracy = 7p ;]I\Dfigg+ FN M

TP: True Positive

TN: True Negative

FP: False Positive

FN: False Negative
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Table 3. Construction of Deep learning modeling

Variavles CNN VUNO LUNIT
Accuracy 0.82 0.84 0.77
Precision 0.76 0.81 0.72
Recall 0.99 0.94 0.96
F1 score 0.86 0.87 0.83

AUC score 0.7937 0.8233 0.7436
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Fig. 3. Training accuracy and loss.
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