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Abstract

In order to improve the timeliness and accuracy of the diagnosis of pneumonia patients, this paper
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proposes three lung X-ray image detection models based on dual channel attention. This paper
uses 21,158 lung X-ray images, then these original images are processed with image enhancement
and geometric changes. Next, the preprocessed X-ray images are input into three different models
for detection. Finally, the performance of each model is evaluated by using evaluation factors such as
accuracy, precision, sensitivity, and F1-Score. The results indicate that the DenseNet201 model based
on dual channel attention has gained greater performance increasing up on average of 95.112%,
96.2%, 95.4%, and 95.9% for accuracy, precision, sensitivity, and F1-Score, respectively. In terms
of accuracy, it has surpassed that of others’ 4 classification pneumonia models in recent years. The
DenseNet201 model based on dual channel attention mechanism is beneficial to improve the clas-
sification and detection efficiency of pneumonia images, this model can be applied to medical rapid
screening.
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1. 51§

PGt J A IR FH e 3 TR A i s N (RT-PCR) 5 2R iZ W 8 8 BIR 5 75, ARMNZTIEAAAE— €
B, HEERIUOy MR K H AR RS 5IEFE I XOGEEMEL, ik XOtRG AR
B2 B DX, AR TI AT B0 1, a7 fe S5t 2 IR A 8 X O R B R IX 3, X TE e 1 i I fie
F8 X e BB i 28 80 5 1R BOMERE o Fifiel X Ot BB R A WG R, SR E BRI pdiE e W
R AL FTES X 6B IF 45 S B, K2 Z E R 2B R EA RS th A B, H, BI{ER
HAFE2RBNEABSH PR EEATFIR RS HEHR WA R [1]. Lk, RAaviHE—H
SRR A R X Ot PGS T B

HATFANLEREC LRI S TERE, Hrp 2R T BRI 2% B2 22 R R EBOR @ e, f
AR 2000 it X DG EEEAT FAL B . ISR, RRAESRIN. MRAEAFIEAS BT 2038, RZRGH TR
i 2SR, AE SR v il S A I AE R R A R, AR T ERAE R BRI T 0. DRI, RE2E T AR 22 R 4% 1R TR
57 SRR R LT il S R — b AR 8 A RS WTg ik T7 %= [2]

2. HHXI1E

REWFFRIT, PR E 2 SR X o G AT ARSI be N T PRy HEUR: W)L S v P v DL S B /D 1)
REIET ] JEIORZE[3146, $RH T —MIoHIE AR 51 S 2 KLE IR M 4, 7] 78 7 S B0 B G RS
B, ZAERTEA VR EG 4 25 B RS e . J. Zhang [4)55 42 H T B 5 B 7 AU (CAAD)
BERY, TZAERLTE X 53995 B Vi 28 RO AR B 1 il 28 1A 25 R AR T RN A I AR R 45 3R, A5 B ) v
[EikE] 83.16%, REEIEF] 71.7%, BIRTESRER 5 NTAM BT, (HXF X 7095 25 2 f 4R 25
PRI % B R AR N TIX 4y, HEAN TXAE EAaEE. ). Wang [SIHH T — R0 T8 RENi 4460 R 5
AIRBIS, AIRBIS & TR N THE ML FIAZ B 2 5L, rlseil A s e i, HoPbgs R
W], T HE i R GO i A BRI HE T R 15 5] 94.4%. E. J. Palomo [6]4545 5 T — Rl T i X 52k
BG HR ils 2 R R T A LR BhIZ T R G, 1% R G T BRME M4 (CNNS), Z ARG 5 0l % 43 25
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fifi %1% £ 98.59%. S. Pappula [7]15542 H T —F E il & 12 Wi 777% CAD (LHHALIEBIS W), 7T i 2k
£E CXR MG EHE I (IR AR o R0 SL [8] 558 NFEH T — i FH T BEHG B e 1 A X L I 28 155 28 (TriGANY)
X CT UG FEAT P 1 14 58 B BURFAIE, 5 DNnCNIN BL & GAN 25 W28 A L, BB IEAE {5 e LL T35 32 5 4.5%,
SER AT 23 = 1.5%. ERFPO1EE N, R T84/ Swin Transformer 38 & G IRAIE:,
AR RN B A H AR ANEE 7T . V. Dediu [10]4& H T — MR SR A TR, AT LU IR A4 s iont
il 98 g HEAT 2025 . Joby [11]4542 ! T PneumoGAN )45 %!, PneumoGAN 7EA T — 7035l K Hdh 4 b
FIRERIZR . A B Fl-score 43 %A 87.71%. 91.4%7F1 89.52%. H. Agrawal [12]%5F HiT %5 > Al (%
REGRIRES, WU T R R T M A B R B A 3] T VSRR T ¢ . D. Abin [13]5 R B8 2 S5
AR g R AR i 56 EUR I i, 7B 4 2 THUORARAL I 26 73 2R uerfy M . S, Jamil [14]5 48 7 — ML+
AlexNet £l SVM FIfifi & KL, SAESNLE S I HIEM L, ZERRIE T HEiFrvEee, HHEF RS
. Yadavendra [15]5## Mask R-CNN A F-filif X EURANIZ B X S s i 3 3 14 7 2% - Budi
Nugroho [16]5:4&H T FH RMSprop AL RGEF A a4 I BE, 75 =7 FEli 2 5 b1 7 ks 1
HIAT] 88%, HEMIRENE 87.99%, HUKEILE] 86%, Fl-score iAF| 87%. #HEE[L7]%4H T —Fzhis
FRIERL G 2%, FEAR T SN B G B b R SRR R & 52 o 174 7 [18] % N BT XF 2= 2% UK /N B AR kb
DX, £ 7 B B AL BRI Y, 2 AR R 4 3DCE M ALK MK FE 3 = 1 5.2%,
B MSE #E RS T3R5 FEf R 1 4.4% o YLIRVE[19]56 52 1 1 — P45 G RFIE I 5 oA 22 ROFE IR SZ B RIS R B2 L A
RS, TEARIRE B AR RS B 7 T B T BF R .

IR TSR S R (RIS X MG R T A A3 A AT S5, AR R TS X O S S S
AR IR, FEO R R EILEHEA — iR ZE.

ASCHEH XL AT T 3 Flifili o MR o SR, o7 S ) S0 Bd kAT A 3, Rk Bl TR AR AN
ST PP SR AR s S R R XU T VR R AR P 2 A AU AE ImageNet a4 EEAT I % o),
PR T B A e AL B S R SR BN R AT IR, 403K, AT B A 7 R

3. ETASEERNINBIIGRE RS HET =
3.1 RUSEFBHHHIRR

R TEE R IHLH R (CBAM) HEE VE & P (CAM) A 23 [E S TS (SAM) A B, CAM HIT
PEHURFAE @B FFE, SAM F T P2 HURFAE B 2= (R RRAE o G IE N I 28 45 2% RIAFE I, 15 S il
ANFEAT ) MaxPool F1 AvgPool XHHFE I EAT I AL BE,  AEHRFEE /N CHHA*W B0 C*1*1, KI5
2 ShareMLP BB ALHE, SEB B iESUR A N IE R Un, B KB FHEIER, B4 RelLU BUF & A5 21 H
ANFE R R . KPR g R T RN, B JE I8 sigmoid S BT 2] CAM B 45 R,
R R 25 R SR AR R B AR 3, (R B4R FE A SR 2 CFH*W . SAM K CAM )% Hi 45 38 13 MaxPool
F1 AvgPool 3 EIW/NERE N 1XH*W FORFERE, 5T IX P ANRHE B 3EAT Concat #:1E, @il 747 BN
1EERRERE], Bl S48 sigmoid ALEEAT 2] SAM FIRHIE ], 8 Jo 4 Hh 45 5 15 B AR AE [ AE Tl 1 &2
TE PTG

WEFE R AT

M, (F) =& (MLP(AvgPool (F ))+ MPL (MaxPool (F))) = a(w1 (W0 (Fs, )) W, (W0 (Fe ))) Q)

FENEE A ARXWT

M, (F) =177 ([ AvgPool (); MaxPool (F )]} = £ [y i ] ?
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Hor. FREMANEILE, AvgPool £ FHitiil, MaxPool £k Kk, MLP AL EEHANL, o Fon
sigmoid IR, 77 Koan—A 7T BB, M(F)ER&IBET R R AR ERE, MF)ExR
22 AR = AL JE 5 B RHE A .

3.2. BRERE

ResNet 1% 0 JEAE & A F 5% ZE A b (Residual Block) ) B R FE A2 N 2% . L i 8 N 48 55— JZ S N HD
R — RPNV MERE MBS RS T — 2. TG SRR B3 A R v A n] ik G b 2>
PR B, RILBE 4R B RO N, e R I it R 2 HH BROBE V1 S AR P R MR 25 1) i, S8
SEIRIE 2 BRI, ResNet It 5] NFRZBIHOREJLIZ A W 8. 5 ZERH i 9 NG A2 R — AN 15 2 4
B BB EEEAG NG T B R, (ARG ST LB S — 2, WIfiffk 75 58
TR A S R AR I R, ke 2 AR 43 I 5 R T DA TR IS 5 M R, TRt i 1 I 4% R ik R AR
TN FREWHARIT .

y=o(F(xW)+x) (3)

Horp, yREFZRESEEE, o RERBIERE, FREFEHRZERE, x EMNIFIE, WAREKHE.
3.3. DenseNet &8

DenseNet [{14% 0 AR 7E 5% )2 2 R 3 s 42 8% . DenseNet % /2 #8250k B R TH BT A )2 1% H . 1X
Tl ags B TR R A X 28 BN RG240, (2 3R S o B2 Y SR ARG FEARE TR IRIIN, v 1 2% A5 B s 1
HVERAE 5 P 1
DenseNet = 2RF i 4. 1) W& BAEH S0 &R, G SEmashiis). 2) £
fEEH: T A EE R RUHT I A 2 Mt , o] DU R 2 R 3) S8t T
AN E BT LABCRTTH BT A E Mg, AT DU R BRI 2 SR . 4) BRARE BT R FBR R E:
TR JZHRE S SR I TG J2 IS PTG 1 DO 2% 2R P2 TR IR Hh 300 PRI A3 FE2 T 2R R P58 J8 e P ) R
5) J/>id 4 DenseNet H15] N7 Dropout 1 Batch Normalization 25454, A4 R0/ DR LA .
DenseNet #8424 X 40T o
Xi=Hi([XI'XZ’Xs"”’Xi—l]) 4

Hef Xy, Xo, Xgr XigARFERFMEE, HACRIELMAW, RKITE RS EiEEE 4T TP,
3.4. ResNext &3

ResNext #&5% F —Fh 4357 (5 AR A, FR N2> 43547 (Group Convolution), %35 FRERVE ¥ 4 N B E
S, KA MEE S AT BRI, BRSNS R T, BRIRANH . 5456
FURAEAALL, HER T EEE, et EMEE, S5IE R ResNext YA T ResNet 15k 7 4%
(Residual Connection) 848, REE4i N -S4 AT InAEAE, Kar— 200t BEL 35— 2, Mk
G T EH T R8RS 1 IS R PRI P T R 1), (S 75 9 4% TIN5 2 1 4. ResNext A7 A =040 R i

y=x+27,(x) 5)
i=1
o x AREIAAE, c0)RFE LA, CREEBULRA.

3.5. #F CBAM RIMZMEIERILEH
AR IFE T =T CBAM ML AL, 25k 1. 2 FIE 3 Fiome HAE 14
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ResNet50 + CBAM #1454y, £ 2 Jy DenseNet201 + CBAM # 45, 4] 3 4 ResNext50 + CBAM #i7!
SERY, =AM B AN EUS LE YR 172247224, TR[EG S5 M2 Feal, =R A pkE 0 25
15T BUBIE R S5 (CBAM) 136 A AL 55 A [ o

ResNet50 + CBAM #5284 (LA JLE MR, 1 5@ — NERE N 1%224%224 (UGS E, a2 —A> 7*7
ERZ, BRUSEEN 4 MRFRPRSUEEA, ARSIl 3 MERUZA—A CBAM BB Ik,
Frp S — AR S 2 — AN OO S, SR EASH I N EFTR, Hrd Conv REBFREAE, ¢
FWIER, s REEFUEK, p40E padding 2. ResNet50 + CBAM A LE M LUK BAASHL, &l 1 Fiw.

x3

— Conv 1*1,c128,51,p0
. Conv 3*3,c128,s2,p1
[nput_size=224%*224 Max_Pool 3*3,c64,s2,p1 Conv 1*1,c512,51,p0 x1
Conv 7*7,c64,s2,p3 * —
‘ ‘ P CConnv13*13,c26546,511,p10 Conv 1*1,c128,51,p0
onv :£250,52,P Conv 3*3,c128,s1,p1 X3
CBAM Conv 1*1,c512,51,p0
CBAM
Conv 1*1,¢512,51,p0 Conv 1*1,c256,51,p0
Conv 3*3,¢512,52,p1 Conv 3*3,c256,s2,p1 1
Conv 1*1,c2048,51,p0 *1 | Conv 1*1,c1024,51,p0 X
CBAM
4d-FC,AvgPool,SoftMax |¢— CBAM -
Conv 1*1,c512,51,p0 Conv 1*1,c256,51,p0
Conv 3*3,c512,s1,p1 *2 Conv 3*3,c256,51,p1 X5
Conv 1*1,c2048,s1,p0 Conv 1*1,¢1024,51,p0
CBAM CBAM

Figure 1. ResNet50 + CBAM model structure
[&] 1. ResNet50 + CBAM & &ILEH

X6

Input_size=224*224 "
“ *
F'i‘ Conv 7#7,52 {—{ Max_Pool 3*3,52 |—»! Cony3+3 | —» [0V 751 Transition L
l ‘—’{ onv ,S ax_roo ,S onv AVg_POOI 2*2’52 ransition Layer

CBAM
'

Conv 1*1
Conv 3*3 x12
CBAM

v

Conv 1*1,s1 "
Transition Layer

Avg_Pool 2*2,s2

¢

Conv 1*1
Conv 3*3 x48
CBAM

v

Conv 1*1 Conv 1*1.s1
. «— C 3*3 |e— onv 1*1,s T ition L
4d-FC,SoftMax 4—| GlobalAvgPool 7 7,sl| onv Avg_Pool 2%2,52 ransition Layer
CBAM = z
x32

Figure 2. DenseNet201 + CBAM model structure
2. DenseNet201 + CBAM #&RI&E#y
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DenseNet201 + CBAM LRI GREF iy DL R JLE /- 4R, B Seie— AR 224%224 am N UGN
2, HiE&— 77 WERE, GRS 4 AT DenseBlock . #:4™ DenseBlock JZ Hi#5 TN/ MA
GERIF R, TS IMETR G S — A 161 B, — A 3%3 BA, LUK —> CBAM B4k, #14% DenseBlock
ZE M) A74E— Transition )2, Transition JZH—> 1*1 BRI LA —> 2%2 WFIMALEERI A, B a0 95t
HZH 77 Pk AN 4 58 B3 S Z 41 DenseNet201 + CBAM FEAI S50 2 i

ResNext50 + CBAM #AY f DL R J LA 4R, E e 2 — RN A 224%224 (A AR, HE 2 H 64
A T*T BB B RZ DL — A 3%3 R L)Z, Wik/EiEN 4 MERZE, HBIEE 3. 4.
6+ 3 U, MANHBRUZHHE 2 4 1%L (B RILL K —A Group $Uh 32 [#14r A AL, ResNext50 + CBAM
BB R DA S AR S 500 1] 3 FioR .

x3

Input_size=224%224 -

Conv 1*1,128

?'_x e
\ Conv 3*3,128,Group32
|‘ “—4 Conv 7%7,¢64,52 |—>|Max_Pool 3*3.52(— S 3Izso P

CBAM

v

Conv 1*1,256
Conv 3*3,256,Group32 wdl

Conv 1*1,512
CBAM

!

Conv 1*1,1024 Conv 1*1,512
* *
4d-FC,AvgPool,SoftMax | «—|Conv 3*3,1024,Group32|¢—| Conv 3*3,512,Group32 6

Conv 1*1,2048 Conv 1*1,1024
CBAM CBAM

x3

Figure 3. ResNext50 + CBAM model structure
3. ResNext50 + CBAM &R ZEH)

TE AR ZRod 2w, A8 A8 SO AR 400 2k B BRI ) A% 48 (1 401 R AR LA 2% 1 9 SGD
(BEHLERE N FE), 2£>1%8 0.001, shEN 0.5, #F SGD [k A2, SGD 5IHEssha R F s mm
R0 R BRI B 5 — AN A B RN e R, ST AR R B SR AN R AR AR
B2 AR S BEAh, RS — R B — AR IR S 3, VISRl B, A R TR s ik
A2 SRR R B SGD AL A R

Loss=->y" *log p' (6)
Forp Loss RS SRR RAB, y R EIARE, p BB FOI 26 AA .
Wy =0, _pvwl‘(a)t 1 X5 Yi) (7

S o R WA B, X RIHEA, y RERAIREE, VoL(og x; y)IRIEE(, Y AL BURBE R,
p REIH,

4. L
4.1. SHFHAE
S AR, W 4 FTR, WIE AR B 1) MR SIS R S 4G 2) SRR
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WAbHE; 3) EFERILAIE T M2 A CBAM Ky Fc 4

_|Coronary pneumonia|

The DataSet After
Transfer Learning —_— — —

Lung_Opacity

Backbone

o] )|V

NS

Pre-processing

Normal

Figure 4. Experimental flowchart
4. KIRIZ

ASCAS 1mageNet 24 FF 50 HE 40 BB BEAT I 25, (B A8 B B & 3R ia e S 4. RS
SR AR 1 5 RS AR DG, M Kaggle HR R IR Ji 46 1l 28 25005 48 AN REAR 47 1) ELH TN BR824 )
BRI AT ISR AR Y 7 e P, AN SIGTERAR R M B G MR R Ll 1/255 HEATARAELL
AR, (ESEEESEAE 0 B 1 KV T A —4, ISR SR AR S s B T T R B — 3. BbAk, FRAN
PSRBT, AR AEGRER B R ZER. Wik, A SCHHT TSR, SR FZ5)
s B R Tl SRR A ARZ, B 1) T U KY #EAR, 4 Flipping, Cropping,
Rotation, Translation, Noise injection 5. 2) Bl =* (A4 4, @ ERHME@EE FETH4E, SCREE ST
IY AT, BETT R0 O AR B 3) BRUL IR A, I AR R EEAT — R AU AL,
DA AR AL A EE 7T, 4) Mixing images, 18I 2 AN KB RhA A2 Rt MG, DTS 735 7Y B oG R
(] I AH G4 » 5) Random erasing, it FEATLEE R EUE H X3, IG5 S0, A BREA 5 3 &
BAS BTN, AR TR RS RIZ IR 1. SO rotation F1 flipping 3458, % T4k
5, rotation i AE AR REAL 2% S MEAN IR A1 FE T ARARFAE, i S B80T T I SRt e e i BE g 05
flipping #EAEAT BTNV 6 UG L 7 1) b RRE e REAE A, SR B Bz fhRe . L84 5
(M 28 R, Wil 5 s

Figure 5. Image of pneumonia after geometric changes
5. JUAT R R A K El %

4.2. BRE RGNS

421 ¥iEE
A KR EI E Kaggle ATl & B S, $£ 21,157 dkfilias X B A, 708 4 2%, 43552 : Coronary
pneumonia (3610 3K), Lung_Opacity (6010 5K), Viral Pneumonia (1345 5K), Normal (10192 7k), HiL7 &%
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BEE 6 prs.
DY Fe AL fit 48 MG AE IR DY ST 8 B B A DL N2 1 BT, AR PR SLE6 R 2 sk
DL RS RS (e 1, A SR TSI AN F) T3 25 4% 8:1:1 M ELAGIBE ML A R BN R . IR AE S B iF&E

Coronary pneumonia Lung_Opacity

AN

Viral Pneumonia Normal

Figure 6. Pneumonia dataset

6. Bk S

Table 1. Dataset partitioning
=1 BERENSER

EiETES pig{]?]?gga Lung_Opacity  Viral Pneumonia Normal Total
I Zr e 2888 4808 1072 8152 16920
Mikde 362 602 135 1020 2119
KUr4E 362 602 135 1020 2119

4.2.2. FEIEHR
IREE S SIBRVERe R | AR B B 254 . 280 R4, I SRS TRIR B VIS, B AR
N st R E BT AL TR AR B RE 1) B TR O B L
N T ZITRLZ LRI PG A SEI R B e, ASCR I T 4 AR VES AR, 7371 9: 1) Accuracy:
2) Precision; 3) Sensitivity; 4) F1-Score.
1) A Accuracy (AN 73 KUERI L, FRORTENTA FEA > K IEH 70 R HL B o
Accuracy = (TP+TN)/(TP+FP+TN+FN)

2) 17 Precision {EARKAL 43 SRS, RoANTEFTA 8 TN IESR A REA T, BsL)E T+ 1R
B EE A
Precision = TP/(TP +FP)
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3) 1A Sensitivity [EACFRBIY /3 R0, RARAEFTA SEBR IE A AR o B TG Ay 12000 1 b
il
Sensitivity = TP/(TP+FN)

4) R F1-Score {ELHEM 1AL AERG A AN R B, S AERH 3 AN R BCE R AT EME .

F1-score = 2- Precision - Recall/(Precision +Recall)

B, TP O AL IER T IE S A FIREAR S, TN SRS R 0 A 5 K R AR, PP OB A R i
TR RSN EIFEALL,  FN OB RS ER TN A 01 S0 B RE AR

4.3. EF CBAM M ResNet50 #BIEEIZ CT E&IRR

SR X G EMEZ rotation, flipping 3458 )5, % batch_size = 16 A—41, %i A ResNet50 + CBAM
BT IR, %14 1 Fiongifyg, 7£ ResNet50 FERIAYANEAL pifli N CBAM FFAEFEIUREL, SR AAAL Ry
TESRE AR, EUGEARR AT — R A0 k. BF. CBAM AbFH & # (E15 BI i & i HH 45 2R

233 1Y) ResNet50 AR I ZR4E L1 loss A4k i 2k DL R AES0ESE 1) Accuracy ARfL iz s 7
Fii7s, #£ 400 4~ epoch J5 loss P A Accuracy Z24bi& T4 7€, 4 500 4~ epoch f5 ResNet50 + CBAM f Y 7E
IAIESE 1 R0 7 2K il 2 73 e de KAER FIE 5] 89.504% .

Loss Accuracy
90 A
1000 g5
80 1
» 800
.Sl § 75
E (]
600 [
70 A
400 65 1
60 -
0 200 400 0 200 400
Epoch Epoch

Figure 7. Changes in Loss and Accuracy values of ResNet50 + CBAM Model
7. ResNet50 + CBAM #&#! Loss {55 Accuracy EZELIER

4.4. BT CBAM B9t DenseNet201 1#ERIgAH % CT B{&IRE

PG 38 5 1 R At s X 6 B 3% bateh_size = 16 Jy—4H, %\ DenseNet201 + CBAM A1)
2k, 1B 2 FiRgE R, B34 — %% DenseBlock 2. Transition AT EHESEEL, 744 DenseBlock 1,
TN 1%1 LUK 3*3 BRI )/ ME LS H S, BAMEAT — Ik CBAM FHEHEHL, fi#3 1L A F& B 2 5
EZEGE R, BGARRE N EEG S — R 50tk B CBAM KB5S B B & i 45 5 .

2833 2 1Y) DenseNet201 B 7R I 254 L 11T loss R4k i 28 DL /RS0 E4E 1110 Accuracy 722 4k iHh 2& i
8 7, ££ K2 350 /> epoch Ji5 loss BA K& Accuracy 22k T2 , 4 500 4 epoch J& DenseNet201 + CBAM
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=N

57
=

B, iR

WERAEI0UESE b 1 DY 43 200 98 70 I B K HAER %R 18 5] 95.112%.

Loss Accuracy
2000
95 -
1750 A
90 -
1500 A
1250 A 85 -
a >
S ®
.El 1000 - §
i 2 80 -
= 750
500 A 754
250
70
0 -
0 200 400 0 200 400
Epoch Epoch

Figure 8. Changes in Loss and Accuracy values of DenseNet201 + CBAM Model
[ 8. DenseNet201 + CBAM ##! Loss {5 Accuracy HEELIENR

45. EF CBAM B ResNext50 #ERIFRI% CT ERIRE

P A5 48 58 i B RGBT 3 X O E1%4% batch_size = 16 —41., % A\ ResNext50 + CBAM #i AL 4TIl 2%,
¥ &l 3 Frongitt, il tERA HEFZE R0 HER G I CBAM FREF-HUER R, KB & d HER
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Figure 9. Changes in Loss and Accuracy values of ResNext50 + CBAM Model
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4.6. ER5 5

ARSI AF BN A = DY 43 2Kl 2 B v ReFR AR & 10 PR ARRTLLE HH, DenseNet201 +
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Figure 10. Comparison results of the three models proposed in this article on Accuracy,
Precision, Sensitivity, and F1 Score
[# 10. 3 F&E AV Accuracy. Precision. Sensitivity, F1-Score ERINTECEER
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mnE 2 fim.

Table 2. Comparison of accuracy of four classification pneumonia models in recent years

2. IEFERMS AR RAEE S AERE LR

Reference Year # of classes Accuracy
P. Nagapuri [20] 2022 4 91%

A. Jha [21] 2022 4 94.65%
S. S. Selvi [22] 2022 4 95.01%

Proposed 2023 4 95.112%
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