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Abstract

This study presents a dual-domain classification model for pneumonia diagnosis in chest X-ray images, integrating pixel-domain
features from DenseNet-121 and low-frequency components derived through Haar wavelet transform. Conventional deep learning
models often struggle to recognize overlapping anatomical structures and indistinct lesion boundaries due to their reliance on
pixel-domain information alone. To overcome these limitations, the model separately learns the approximation coefficient from
wavelet decomposition via a dedicated convolutional path and fuses it with DenseNet-extracted features. Experimental results on the
ChestXRay2017 dataset reveal significant improvements over baseline DenseNet-121 across all metrics, with notable gains in the
balance between precision and recall for NORMAL cases —demonstrating strengthened generalization. This frequency-based
enhancement allows better detection of subtle or diffuse patterns, increasing diagnostic reliability. The combined pixel-frequency
approach also shows promising potential for extending automated diagnosis to other thoracic diseases beyond pneumonia.

Keyword : DenseNet, Wavelet, Dual-domain, Detection, Pneumonia

Copyright © 2025 Korean Institute of Broadcast and Media Engineers. All rights reserved.
“This is an Open-Access article distributed under the terms of the Creative Commons BY-NC-ND (http://creativecommons.org/licenses/by-nc-nd/3.0) which
permits unrestricted non-commercial use, distribution, and reproduction in any medium. provided the original work is properly cited and not altered.”


https://crossmark.crossref.org/dialog/?doi=10.5909/JBE.2025.30.6.886&domain=https://ksbe-jbe.org/&uri_scheme=http:&cm_version=v1.5

o)A 9 18: Aol 7N & §3E DenseNet L] HE 94 /1Y 887
(Yunji Lee et al.: Pneumonia Detection Using DenseNet Integrated with Wavelet Features)

.M E
AP A AAGOT EL olBeH AYES Holt
72 794 557 A0, 53] 2o} @ TAAA A
714 ATe 240] 7z

AAZF SEAY Az G A A5 A
T7t AstE 4 Ak

74 7k(Convolutional Neural
o7 G 4 71sel ¥

- =
201) = E 7oA 7] CNNOJY ResNet 53 H] 3]
42 ShHEE B A8 JRES GRFHHLD, Qo)
el 442 Bal 9 9 dolEe ¥% B Az
Moz HAT 4 ol olgd AT Bux 3

e 71E dRRY) ONN FEE 2 Sag 999
EA4WE S5 B, HRey 12o 3, 5
BA, ARz o] ZASHE VA 9 5 B 93

a) A&t 8 (Sejong University)
¥ Corresponding Author : 3% 7](Jong-Ki Han)
E-mail: hjk@sejong.edu
Tel: +82-2-3408-3739
ORCID: https://orcid.org/0000-0002-5036-7199
ol = A3 F dRe duE-rivol3 ey 20259 SIS
oA W vk Y&
#* This work was supported by the faculty research fund of Sejong
University in 2025
+ Manuscript September 8, 2025; Revised October 20, 2025; Accepted
October 21. 2025.

o

oA LEAG mEA 9 S Bk ol
Heter] Sl Fukg HlQl B4 71W, 53] o4t glo]
WM 3K Discrete Wavelet Transform, DWT)o| F7}5] 32
. DWTE 945 thgst s e AFoter v53 A4
szt GolM EHuA] e wA T
o|27} X FAES Bk A
3] dlo]&8l 7]¥k CNN g2 A
Z HE A Lo]Z Ao H
kil
PATEle A Y= gl

B Ao A= DenseNet?] 3FA7E ¥ &4
o
=

oo
m S
.

f
o
br

&
30 oN
u)

oft o N Mr o wr mu
N

ol

I -

£ A

O e & X H Ot o oy
ooz
o 2 dE Mo

Mo %
o

o
e
9

[N
K3
O

(]

ol
A

X,

3
ek

o
=)
=
o
Y
ml
i)
N

o

ol

i =2 Ug_',
I

g 2
=

S

A

P

N

=

Lo

)

-

1=

Jm

oX, o

Y,

o

o

o

k1 ol

=

o 71w A BA B e Ak, Al
39 9 Fo5 9] JERA PR

A oh

i)

rUlO 101’ —lﬂ
o MY e rlo

o 2
f o
=
N
BN
i
e
Ht o
=
re
2|
iy
o
N
N
X
2|

R
o (R
ot
R
lo
o
X,
2
>
o L
_?L
rir
M
Y
i
miy
e
_?L
rir

NN H

Z e
N
o

ar o o LU
ox
N
N
e
=
fr
Ho
m
rd
oL o
o
2
>
o
vl
e
= o
2, o
lo
(e}
N
N

re
-
=2
>
jinss
N olN
i)
32
Ml
©
-
Ay
friorst
i)
d
R

X
5 &

i)

tot
il
>,
i)

44 me PNO¥o R OB roh oo fo ofy

>
Y
o
>
o o
o

o 2
>
Hir

e | T
>
ol
ot

)
bass
o
R
Or
ot
_>|~1_,

o Ol-ﬂ o
o
1o
fi
R
i
>,

tlo ox

5 Mo

o i

%
o AT Ty A
i B

N
N
QL
R
X =
oo E R w
o S
o X
x
™ 112
lg jakh
U o
-
o}
9,
X
Ir
-
i)
:i
1o
jaes)

flijl
I
o B
Hr

AlQrE o] gkom, 715 DenseNet- AlgHAQ1 e85 G4 ]
o] SAolM T Zolgtsy 7 Agste] Hold 45



888 Hr3okE] =54 A30¢ A6=, 20253 11¥€ (JBE Vol.30, No.6, November 2025)

Holt g el ey Rmuz gypuy
DenseNet121, DenseNet169, ResNet1013} 7

A gt 7d S 223 3 7}o A DenseNetl2

o A3 A% AAEE TG 1T ST 4
AT o] A& DenseNet> HB 552 Fs}3
7) 24 BAE A8 UY 44 T2E 59
S, o) AAE 54 ANES T o
3 Qust 458 B 56 8 JAY vl
BA7F 228 BoRIA 27 29 A5E A%
7] 29 35% o6l 542 SN G490

A8 Ao wE™, DenseNet-121S 7|¥FCE F3H

;z
D

rlo
=

—_—

o

de = o

ofo oX oF Mo
o &R ox

p

A A 2 ERF B9 Hit 96% o] BEEE V1S
gom, A3 FZUORL o5 FA AEAA §
5< BAHY DenseNet-121 3¢l Batch Normalization,
Dropout, MaxPooling & #-8-38l] 43S ¢slsir o

=8k A4

Hhel S =9 AFolAME 97.03%2 =g A4S
A} =8 DenseNet-201 73 7]¥F Ao A= H]o]E]
TR} Ho)shgg g8-3te] COVID-193 #HH S &34
o7 BEF3UT, MEYA Ho] Syt A A% kAt

o 71443 F des &9 O}Oﬂr)r[ﬂ T 1}o}7} DenseNet,

MobileNet, Vision Transformer 5= A3 YAE 7|H

@) 29 o8] Accuracy, Precision, RecallS 2] 7] 314
(e}

AAstel, thakg 724 WA A 22

!
2 v

-

3 701-

tlo

Eol= ax= B, [7]914 Aotd
3 F2E 8 19 ZAEG

0|23t A3}E52 DenseNet AlY Edo] 5 XA &
ek s Fotd SR AE Y9l E v E 7Felg
54 3185 gHs, H" 79 718 Z4(backbone) -
A & AEAS AdS AR 18y olg e A
S BAAOE stz 499 A &gtk sl E
7HAH, AtiE] oyt FAZE B e Ml Ao

T2 1. [7]0IM FMeHEl 2AE HIERF &

‘ InputImages ‘
A 4 A\ 4 A4
Vision Transformer MobileNetV2 DenseNet169
‘ Functional ‘ ‘ Functional ‘ ‘ Functional |
‘ GAP ‘ ‘ GAP ‘ ‘ GAP |
‘ Flatten ‘ ‘ Flatten ‘ ‘ Flatten |
A 4
‘ Concatenate ‘
A 4
‘ Classifier ‘
A 4
‘ Qutput Prediction ‘

Fig. 1. Ensemble network structure proposed in [7]



o)A 9 18: Aol 7N §4& §3E DenseNet L] HE 94 7Y 889
(Yunji Lee et al.: Pneumonia Detection Using DenseNet Integrated with Wavelet Features)

L A el ARAY & Ytk

2. YolE&! 7[et Fub Hak (|

shazk 99 FA 9E8d Bd2 9] e £z
A ARG GEH0Z 5T F AN AP B35
sk A& Y T AAHoR BERYe I 53 4
Zo| = SHAIE 7HAT o33 BAE RYslr] Ya 5
vk Erel AH, E3) DWT7F 32E 2 9tk DWT= 9
s Tkt YR AFulel Y RO 2 F3) s,
stazh ddoA TyuA g A Fx2e) jHE 3",
745t Lol 2t xFH JHS Hu §3F0 T BNE &
AT E3] gojEa 7]uk CNN Ed-S AE el th-4
ZYHY X BHE Y To]2 Ao felstH, ol ¥
Hb o] u)x] EFof| A mo]=of FRls A x¥o] g3}

= Ho] Mg A7l A A=At WaveCNet*l&
AEH o2 Zd 7|HE DWTE A3 Zd 2, 4
olE|A 9] T AL BHS E&sle] 15y RS A
78 AFu AR UEQ A Ao zH =23
T2A JH HEF o2 tig FAAS gHEE
AAE AT 71 CNNoA] AMEE = Tl 28 A4t
o]Z DWT 7|4t 2 thA| 3+ WaveCNeto] x}o]E 18 2

o ®&AstAT

1% DenseNet121 7z tha glo]E3l(Haar, Cohen
VS 443t WDenseNet121- ImageNet} 7+ )45
Hk o] A] Datasetell A &7 BLEE 7fAdstlon, 4
B3 79k 2 BE B S oA 7] ded 2Y
5 el 71%e dSEkh Aol ERS M EY A

S 1o ofd

oX,

L A2 G oluA] BF Fool A Lz BER
7. A

=
[5], oy E 94 oov\u-é_% %-H M%% 7H4‘j3}‘—‘3 HFAl7l o 2 fﬂ]
g EF ASS =dgu T8y o]ge LS Bl &
K S7THNAY, skazgh 99 HH| A=A oF
Els FAE or7 Utk 3, [8]= CNN9| th-2A1 &3
< DWTZE tiAlsle] F345 JHE HES = 324 7)A
S Aotsli oy, YENT o7 A WEE Hs) o} &}
3
A
)

]
SA0] itk webA & Aol M= DenseNeto| kg

e 2 18

g T3l 71E AelM A H

]
8 W, 5 st 99 €2 T2 WYl A% FA

. AQtst= otolc]of
1. Mokt AlAslo] Tx

717§ XA G4 1 AY BF 5

rlo

T2 g

Max Pooling Convolution Average Pooling
CNN
(stride 2) (stride 2) (stride 2)
Convolution N
WaveCNet DWTy cadle 1) > DWTy DWTy

T2 2. [8]ofM Mot CNNZF WaveCNete| CH2AIZR! b4l H|m
Fig. 2. Comparison of down-sampling operations in CNN and WaveCNet proposed in [8]



890 HrE 83| =EA A30A A6=, 20253 11€ (JBE Vol.30, No.6, November 2025)

of 912, Fel, W) Aol § Byt G99 A 540
SJEste] ol ol FolAltt. olele Sagt 7w 54 &
e A 245 WY 7 724 Ao E HBHO W)
& % Qo 94 ) AR Aol B9 5, A
e, 714 7 5 T o Ans 2371 @
7t iek 53 A9 % N A7 2R A

I

o oX o [0 &
of ox L
o ol
ofN

m

e

=

b

k>

=y

it

oX,

rﬂ

o

fr

e

-

M

oX,

ofr

o

ot

X

N
N
=
iﬂ
T
o
T
kY

o
v
o
o
X,
il
JLJ
O[I N
ol
N
Ao
o
>
i
41%
B>
2N
m
oX,
o
g,
o
o3
e
i

hl JE
2}, el Fo °§°%‘°1W °*°1X1 TEA-AGH A
= A 28 FaUt Atk Aoled Wk A4y I
U5 SRR 2l o glon, & W) wdke §

3HcA)S ZFIKcH, ¢V, cD) AEo g FES & 9tk

d 33} o], 224 F/dol t3l] Haar 9ol &3 Bk

&Y 3tH g/ Approximation(cA), Horizontal detail(cH),
Vertical detail(cV), 18] 2 Diagonal detail(cD)<] 4] 7}A]
Aoz ®a¥th 974 Approximation(cA)7F G4+<]
AAAR 2, W7l X, I3 AE 22 WA GaE
W 5 72 AN Y-S "B e AT el Ha,
WA Al A3 (cH, oV, cD)> 2HE 9, 4, gz W
gkl w737, o)z, d3 F9F 2 vAg WskE ¥
ZhshE A0k Afo]

oled JEEY 54& 1HT ), £

x
ENIUIE o

SELBER

Approximation Horizontal detail

T2 3. Haar 90|23 HE Mg Ay
Fig. 3. Result of Haar Wavelet Transform

A lwolzst 27 A o £ ThsAE HAs)et
7] Stell 29 AEE wAlstaL, AFk(cA) RS
DenseNet 7|1t 3tagt S 3 F33ch olee 4%

[e

A A 2 AT g A RIS Fo] A
g 2 G W A g A AT 5 Ak
53] 159 AAR ol= Fo] HastH, Mol A
HAog HA A AHH] Gl AT W= HS
A FxE M H o7 848 4 ) DenseNeto] AlF
ste By A2 729 284 B3 AFY 5 2GS
E 4% AstEo], 71F CNN Hie] 7kshr] 4% A
o HEs aHHOE Wity AR og AAN &
BEetAY WRo]l QA Sikd HE JAtdME 7S
W o] e £ 7 A =2 AR EE Y
&+ Utk

olF HEe AFE 71E AFEY E55 ASst
HAE, DenseNet®] 7] F+X5 A el A dlol&
gl MgkS WEd o R Agete WS Atk #AH
o2, 99 944 Haar olE9 MSksto] AF3t A7

(cATHS FZ310, ©]E DenseNeto] FZ3 stagh 574
3} 37 Global Average Pooling(GAP)S 71 A concatenate
gith. o] % o]F LRl AdH 5AE HF ERE
Agate] #AY ARE dSdrh F & A7 JIL
CNN 4} 92Hs DWTE 2| 3hsle [8]9] W3t &,
DenseNet®] staghk 5434 fol58l AF3 545 ¥
Ho g Agsle olF EHQl YdE FxRHe
BAS 7R AlQtslE RE o UEYA +25 119 49
FA AT

Vertical detail

Diagonal detail




i o -4

rir

2

Ao
fﬁ g fl
o o2

—

7]

2

£ 92 ox

—z

o 1o

|MAE o2 YE
E?S‘V-]\/]— [5]¢} #Z°] DenseNet

B fo

1o

ol&A 9] 1<l

Pneumonia Detection Using DenseNet Integrated with Wavelet Features)

(Yunji Lee et al.:

olE3 71vk 545§ DenseNet L9 #& &4 71 891

Input Images

A 4

A 4

Wavelet Transform Block

DenseNet-121 Backbone

‘ Haar Wavelet Transform ‘

‘ Select cA |

‘ Conv2D (3x3, ReLU) ‘

DenseNet-121

(Pre-trained on ImageNet)

‘ GlobalAveragePooling2D |

GlobalAveragePooling2D

A 4

| Concatenate Layer ‘

'

Classifier Block

| BatchNormalization

| Dropout (0.3) ‘

| Denge (128, RelU) ‘

| Dropout (0.2) ‘

| Dense (32, ReLU) ‘

| Dense (1, Sigmoid) ‘

'

'

‘ 0: NORMAL ‘

—

: PNEUMONIA ‘

O 4. Mokt HEYR 7=
Fig. 4. Proposed Network Architecture

AAE e

T
o~

d3< dstatsinh &

g A DWTE X

O_\.4

O 8
Ho
23

s}

Batol F3h AHE HEHGT Teht ol F PEE B
F e 2ol ) Wyel slgsie, stagks) Fus 54
S $2$UIAE BTk 19 5 @ oH /1 B
Erel J)W $EE HelFTh W, B AT NE 1Y



Spatial
Feature Extraction

Frequency
Feature Extraction

Concatenate

892 W33 =8 A30W A6, 20259 11€9 (JBE Vol.30, No.6, November 2025)
e N
Ensemble Network
| DenseNet H Vision Transformer H MobileNet ‘
or
Architecture Modification
DenseNet
Spatial
Feature Extraction BN Dropout MaxPooling
DenseNet
M Average
v | [Lcom =]
4 4 3 L 4
‘ DWT ‘ Conv. —>‘ DWT H DWT ‘
Classifier

(a)
T8 5. 71E RS HOSIE SARHFIS 88 7 BT

Fig. 5. Comparison of conventional structures and the proposed pixel-frequency fusion

5 (b)sk 7o) stag-Ful AT HAAN S FHEE
g 725 Agsite HolA X}HMOIE} ojuf W7kA} O
Z EANH B2 B ApdA F/HH 0 Altes ot
F 5H FF A2 AF HHE onisi, 7129 i
54 Az} FRate] Fx2e Aol

2. Haar Wavelet &t

A G T AR FEES Q8 B ApeiMe
Haar ¢lo] B8 AF23Th Haar $o]E8l& 714 <3t
gelo] A o8Bl R, AT E AFue} IF AR
o 8408 BT & 9o, ¥y 73Ut et
Aakgo] AHof Uit & Y4 Ao 4§l 53
AFuh AR g Avrd 12, w) 2¥, J8y
@ o] WA Exse B AEHS HgHoE vy
& 4 glo] B Ao Sxel it

7% Haar 910183 &< ¢ (2)& [0,1) 7H F 719
uko 2 vro] 7tz +13 — 19 3e /RNE AT &

Z
=

=

nn

FE =, et 7ol Jodnh

(b)
1 if 0<z<1/2
T/J(ﬂf):{—l Jelseif 1/2<xz<1 m
0 ,otherwise

p

.

9 F01N ok A HAo) A4S AR E= #
g oJugth 2, 038 17H9] o vigE B4 913
ko] 1028 G471 7 GAo o} g A A g
Hogn. 293, 19 3004 Agshs 4 AR
e 98 Qow geojwnt

do XN
oo e

ol

cA=L"*I*[
cH=L"™I*H
cV=H"*I*L
eD=H"™I*H

o

oA71M I= 1,

plication) = 97|t} L =

9

= 3%

1 1] Ay Has 3

F(matrix multi-

V2



b o o o
ihigege
o ﬂ&rzr

o oX

i)

S o
ox T nE
=8

Mol

}

O:

Ak,

t;Y:']— 7].__.

o>'_'

e o2
re

x
o
Hir

oA 9 18 AolEH 71 4L §33 DenseNet R HF 94 71 893
(Yunji Lee et al.: Pneumonia Detection Using DenseNet Integrated with Wavelet Features)

Wo}‘# A AT Az 22 AR WsE ¥

H 431ty Ao XA AHE gHFHoR HE
ATk of= wlAl e Feju QAT 2R

m{m m‘ lO

ol

it]

Fol Yot I PO
AT, AT A2

_1

Y
wu ©
N3
l

TFoME 184 (1-level) HETH 28310}
2% ¥ Fxo HY HH HE

N

—

3} WEjol},

>
==

rSL‘ froml

2 77} oW o
W3k 7]9ke] the
A& 78k Max-Pooling# 2] 7

0 o
o

_\1 i ot oftt
rlr o rlo

ro
=)

FEAols S8l s

©

N

ko
iz o
ot AN pgL
o & e

HHo7 xATH £ lom 2T
A3 AsA7)3 H)A B AR}
wj Fo|t} 3 1-level M-S A4

s

dz rh o
> 1o

a

ml
i TN
2

©]F- DenseNet 7|Wte] 3tagh 543 29 A] 34

e Eole Hl Feldith olFA FEE cA R
og 3]

Aol A DenseNetO] gh5ek Spagt

Sol, TG 5T /1M A LFE 499,

3. Global Average Pooling (GAP) 7|8t £l
zst

7%

ri,

cA A

M
rlo
&
ki
o
R
e
i
20l
A
B[l
o
off
S
R
=
=

cA
feature map

GAP /
—_—

T2l 6. GAPE 0|83t 0| ool E2 ZAs oA
Fig. 6. Dual-domain feature fusion process using GAP

DenseNet
feature map

o] Ad Wz wekEth o] & 19 60 ®AISIITh 97]
Al GAP= vA19} convolution layer®] Z} Al'd¥ A3k
AAkste] WE S YA o}T_— A2FS 2| Fully Connected lay-
er 0¥ I S O ol Y ATE BaA,
21491 S AAIE QoI o] A A 5
$AUT), £3 GAPE A1 D919l ABel SR 17
Skl ukdalA sfol, Wo] GAke) o] 9o EAsl

T oA Aol et @45k F U=E fFEgrh

%

MAUO R, GAPE AX Fis 9o 54 g
E

tlo

DenseNeto] &3 stagh 99 54 WHE concatenate
3t HF ER7IZ AEsh o] FA oA iz AEe
el f1A)ek JdHE, Fubkr AR A Ei]z:‘isz}zqu

TEE HEHOR AFAoRA, Y W HE] A%
=S FIRTL

V. A

ook
riok
oy

0
>
o
my
=

1. Dataset

B ApoM e shsr dlolH 52167884 1,341, #&

D —
/ Feature

concatenate Classifier

—



O 7. 4 ofzlojel 87 XM A

Fig. 7. Chest X-ray images of normal-class children

T2 8. B ofi0le] BF XM 2

Fig. 8. Chest X-ray images of children with pneumonia

3,8757), HIZE HlolH 6247384 23474, #E 39042
2 FA ¥ ChestXRay2017 Dataset” 2 AH&3stich a3
Dataset-> 2 [~54] 220} 319] F5 Xray GO Z 4
=o] Atk 19 72 B 84 B Xeray oA o|WA|E,
9 8 HE A F Xeray oAl oP|AE LRt

20} Xeray Q742 A v ) F51gk of F-3H4
933 atelg Bt o7, Aot S|FHOE F
= A77F AL, A wrgo] nEsh, w2 o] A 3]s}
7F 3] o] FoAA] e¥ot Xeray ol FHET}F AZ<lol H]sh
=t O A, ¥ A £53 AE R % 39
57 & TXE WsE G Aol vE e =eu
ok ojeigh M2 HE HHe] e St FEE Bl F

Al 22T 5 WA B, ol A mdo] 20}
Qgel el AT LAY NPEG SolEE g
HE % e AN 8 AT



oA 9 18 AolEH 71 4L §33 DenseNet 2] HY B4 7]Y 895
(Yunji Lee et al.: Pneumonia Detection Using DenseNet Integrated with Wavelet Features)

g e v A4 A AIHCoPD), AR, H A
#31 5 O Y 480 714 ABL BRT Qo8
2, W3 Wiol OE F2ES FREAG B3e 47 ¢
o] BYHOZ tehhs 297k Bk WHE, ol e
A Ao) ALl 9T, G el BE o] Seke
A7 BUAOE gl el /i A 2] g 4
2o o8 B4 ATI

,
o
L)

09 L
o &

o og -

Meore ro o o

o

W eta Aol 2 ek Sl EAT F U
AA AT kA A ARAM = & o

85 AFeHA], 35 DenseNet? ¢o]Eal WshS
ek o]z =wlQl 71N Bdo] AJQl F- Xeray G-l
A As 3 Ag8e =Y 5 deAd g F71
AT ] oS AT ol o], & A
Dataset®] 9% 5747 28 G4 i a4 s
5] st A AA 3 Y F7HE 85313, Dataset
o] 7322 A A A & WSl i AdE Ay
< v s Ao NEAS 7 7HsAE EoliAt o

Atk

o 4 & x

o:
i

174

2. A =

i
rior

2%-2 Anaconda 7MY 379] Jupyter Notebookoll Al
Python Y1o]2 = om, AHE-3 stEdo] 42 ot
=3 2k

B 1. 97 230 ARE si=slof 2
Table 1. Hardware Environment Used in This Study

W B 71We) A4 ASS AESE E 29 E 3 A
She WS 48] AT A% v F3E ekt

E 2. Mot U ME MEo| FEL HlI
Table 2. Comparison of Accuracy Before and After Applying the
Proposed Method

Baseline Model Proposed Model

Accuracy 0.969 0.987

E 3. Mo oy N NBe| ER M5 NE U@
Table 3. Comparison of Classification Metrics Before and After Applying
the Proposed Method

Baseline Model Proposed Model

Class Normal Pneumonia Normal Pneumonia
Precision 0.91 0.99 0.98 0.99
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Table 5. Accuracy Comparison Between Previous Studies and the
Proposed Method
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Table 6. Comparison of Classification Metrics Between Previous Studies and the Proposed Method

[4] [5] Proposed Model
Class Normal Pneumonia Normal Pneumonia Normal Pneumonia
Precision 0.95 0.97 0.97 0.96 0.98 0.99
Recall 0.95 0.96 0.99 0.98 0.98 0.99
F1 Score 0.96 0.97 0.98 0.97 0.97 0.99
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Table 7. Comparison of model comlexity before and after adding the wavelet feature block

Model Total Parameters Trainable Parameters Non-trainable Parameters Model Size (MB)
Baseline Model 7,176,961 137,409 7,039,552 27.38
Proposed Model 7,182,081 142,465 7,039,616 27.40
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