oM A))L_g al=xo
YAV ANE - Dgapudh 9318 50 ¥ oplads D o)

=l =
s &% ‘L‘GA —— .

[ Downloaded from journals.tums.ac.ir on 2026-04-04 ]

4 Wiwo (31 slowt (il gl 49 i A (5399 901 39 gl (G aw S
D55 S5l ST 31 5 5000 U1 W geS

* G2 OB LS e o b M5Bl 138 Fodl) gl ez Juw do3l)eMé bw yo

oS> WAS g et tdlie il s
2 e sl N4 J\szo\)ta.ﬂ‘}_11.,,[;..2dlﬂéj}ﬁzljﬁjﬁéthlgij:J.\.A_,4.'.9} Veve sl dlie Bl

el s ol ol Glal 5l s 5,850

Moo 514 558 & D (oIl 4 by e s 4 slal 5l 55 50 523 VONOY Sl gy 1 gy
Waasls (350s i A eslinad iagsy ol slaesls Olseas Kaggle cule glaesls O 53 Jgass @
o 5 mslzel (05 gl (Sams a a \GT Suans 5 sl e 5 sl (S3ledle i Jals
Sl bl 5 (CNN) 5 I 58 ST 5 e TastAL gaibols 5o 05ul 063 5l eslanal b e A3 0
sl st gl sl 6, Ssk sy b sl Jds 4 ¢(ResNet ,VGG MobileNet ,AlexNet) (s loaxs
Gl (oo O o atls L ladis ol 5 ,Shas Olan ol 5 . el 5o ol 313051 e
s bl F-Measure 5 S5 s

Sl 5B S a0 e 35lse a3 O oyt Sls ReSNet1O1 Jute ol sl Jute & 1y 51 slaaily S

sl s YA Gl i g el a S S 4 glade JCSRRRYRRYLY-YA LRGeS el bosslse (S AS OB oy o)l 5

55 AMVE slas e ol ReSNetl01 Jute isls 0L 355 3 ol slal Ciliiies 35050 S s o
AMaoLb:fjlmjr)uzjlf&u@;& Email :

Sh-rniakank@sina.tums.ac.ir

VA WS asell 5 fw e dbe 335 3 Sles (gelasolis el s 4 S Ol Zéﬂf doeS
G35 il 5 U5 4 Ol o aslianw s Jde bl 5 (65 58wl SO (glaesly b ol by sl e
ls 6ok M 515 0255 5

G5k w05 Sk mle (S5l N WS (sns Us S (B as Sd g ddST sl
Sl

Ol 018 Ol (S psle ol8ils (Sl 0Lt (S Sl 58] (5555 5 mils )

Ol Ol Ol K5 ke MLl (Sl 0SS (S Sl 5l (S5 Y

Olah Ol Olal (S psbe sty (K3 Sl g3bl 5 o ke odSi1s (S Sl 5l A2 ) el IS (g gl ¥

PLRI (S5 53 Sl s sl Dlidond tmmn o K255 101l 0165 O (S psbe ol Kl (Sl 0dS20 et SNl g s 65,8 SLls £

ST (Ko il oKl 5 olKils 5 b gile S olKsls



https://journals.tums.ac.ir/payavard/article-1-7001-fa.html

[ Downloaded from journals.tums.ac.ir on 2026-04-04 ]

R

w9 6I9s3l nslas (s awMs

(1) Llos S 4 5 RT-PCR

Sl Rl seb 50 o (K5 (615 5 0 el 4228 (gams L 5o
3 8 I AVL Cs s Como Lol jod ol b ol e pa
23 s sba Lol gt S5l e pl Ly sl
Oloys 5 plold (adeld s s sk 4 (S5 sbse s> 5l (6ol
o O oS ks oS 5 kS G2 cad sl Sl o 53 (6ol
b B (VAL LS 518 eslinal 5550 el plBl w55 05
(bl o ‘cbﬂcvr sskea s slaslnl 5l S Ka g
ol s el pslar 1 (S ol Sl g4 5 5 (guanas
5SS s gl Al huank 351 5 g a5l s e la
Pt ST (S S a5 e ol (935,55 2 s S50 2l
rdsle ) u"<i .(Q).,\.MJ: ol B sl ol S e sas
e S R (S slas A1 6l o e pr sl s
4SS ool ) a1 adle (6 80L ol Goos 550
(ol e glaai ) SN S s 5 0,0k 5 e
o Lodor 5 S5 slresls 4 pazme L agrl g SRl 3l 51 ndile (5 S5
o3k 00 )3l a2 bg Sk 535 oUl5 530 0
48 n Lo 5 550151 (glas samn s Goos 6150k sl S
VY)G 0 Laesls 53 YL Ch.w Slel sl gilwdde S

Gros S5k SR 2D Ole 5 slas Jod e
s 53 SIS el sl 53 e O Lasid gl s
Oliios 4 5535 50 ol gladle 53 (g 525 Dlanls 5 OASs pK0n55
i 55 e S Olis ¥ 1 Jl ST 53 (V¥ 0) el a5s S 513
Sheslinal b g 5o Olin e 6l 1) (a5 e g 5
L sl s il S 8 i3 S (b Gres 655k b
e bl 53 (VDA e Ol a5 ledh e Cmes
Sl el bl 53 Sy sled 4l s NI L e sy
pb a8 oladl s sl slon b KI5 o 5 o e L2
B 3 Gres 5,550 e el Sl gladle s Ol
o e s S 00l 4 SaS (1 2 (65 5pelS Ol Gla s 11

L;L:wb);.(\\/)qﬁih}:i\) AUJIQ\S L;L;;;—lg}.ﬁ; Cj.i JLU\}JASJJ:):

o

40N

o330S pL L s b S TV e el 2150 50
&0y 5l Ssmsm ot ST ol (SARS-COV-2) L Y44 o
e s sl (S p ol b 3 a5 s 558
5 23855 6 S s WHO o 51370 3 .omnlos S sl Ol
53168 el ol S o s Sl 8 Ol e
Olgz ol o 531 8= s 5 s U S 51 20V A 5 S S aes (5l
sl 3 (gl A 5 ey sdes dlesl 355 b sl 5 28 > s
ol (Sola el (Nl L1584 55 Olaman (§5la ¢ 5 Ol
43555 3 dm Ll e aS 5503 SVGb (Saigios 5o Lol pes VL JUis!
(V)3 ) ke 3550 1 5 2l O

S 3315 kS s S 3 5 Ol go s\ A A5 S WS le o S
Sobez nl 2Ulss il DLl ool panay u A S g 5y Ailed e
L”Jiglﬂaq}@”@)'ggwﬁ;b&bjbﬁw&ur,”;'-jc,Jl;-);
L0l s o S plesl s St S5 (8 5 kS
b ol OF 8555 5 383 G2l (S lem GV bl g sy 5
AT glacas 3 b 3l asdS i, o kel ol Coenl
Sl S gl 55l Tl 53 4l e sdle ;ﬂfw « =/ PCR
e Ohlog (plulid Sl 51 icn 53 ko) (ABLS o j2es 5
Comerr 31 Oble (3l slatens O a5l 1o 55 COVID-19
Gl Ly SIS 53l plnil 5 (Sl s el (655 55 (ol
ol Sl daad 3l pald e s ahe 5l Aoy AV VL
el Ol ;3 RT-PCR slaceis b awslis 5314 W58 (,K;ij
D308 45 (G ysd o Lkine Oliies 1l 5 55 (£ 50)3 55 5o o ges
gor OV U8 5a0 Ll s st e kis Ol 4 53 polas
Fang .8 oMol | (s olon 05 i Ll 55 o 5 Hlon 53 2l o25le
bl ol Glow SO 5oy (655 clandlas 5 0L
Comla 5 /A N L5 S 31 20 st asld 5o 1) 65500l
Rl @l g g b S LS VY ) RT-PCR asis )
&Lﬂtw‘;Lg\J.g\)ngjjﬁ:bﬂjha}j\o;&gﬂ\‘ﬂjkdldubugwllm

O3l DS e pla 53 0550 14 58 4 Sl 4 S iSe Oy

vay

VE-+ Dga i 9 313 jo ¥ o)l A0 093 wnodas )5l al=xo


https://journals.tums.ac.ir/payavard/article-1-7001-fa.html

[ Downloaded from journals.tums.ac.ir on 2026-04-04 ]

Ve 5 o3l jMe bw po

W12 9
e s Al S 5l 93,0l Baa o Sl g
e St 5l andllas ol s edian S84 by, .ol Slanw s
S5k i il b s 5l S Ol e Ges 5500
eSS 2 goan a4 slag )5S 51 (glas pomma 5 5 (redle
(Y as el (el Olgs ¥ & 5l iy S S (CNN) L i 518
355 S3P ol 53 Gaes (550 e s, Sl eslial 4 Ve e
sk Gaseld 53 ediS lodeel il 4 plaws 5 ] lacdd s
el (V) Sl s 53 a0y sladn s 5 (Y0) JK 503,18 035 508!
Laosls 3l addie po 4 3L Joar Gras (5,530 Sl eslinul i a
(el 0l 5 OLS Sy Gl Koy O i sl
S sl sy el ade sl e ool il Ll
g 3l &S Cwl (Data augmentation) Weesls o & o 59, oyl
5 S (V)i o 5 g Ly e S35 5 03,5 (628 shor A 51
3153508 S350l pslal ks 53455 Shae 58 Sl g5 o
oS 545 o a=lis (YA) (Transfer learning) Jlsl S50 Ol gsa
Jlesl T Lo o bl osline SIS G a1y IS 5l edanst ol 2l
S35 50 o slols (Slaesls leslanal Ol o S dy 9 LS o
Gros S5 2k ST (YA o oal 3 1) Lo o Ll i S8 S
Sl 5 S0 5 s alS 5 S peie i s opl b3, B4
Sheslial beddim| Sl CXR  slad (sbuazes (gl classifier
3@l 3l 3l o 5 S aw o oS gas givandIS 5 JUaiml (g S50 ST
Al et e Sleslinad b S0 (ol b (s3131 5 By S w0 M
A s e S e 3l classifier ool g u;-b.}a Loy s
055 ONN (slaases b adal s 53 b S35 il 5 i g slad
L eslaa! (YY) AlexaNet ;. (YY) MobileNet «(Y\ ) ResNet «(Y+ ) VGG
s (SlaaSd 3 eddeslinal Glacs lane o b e 3l e ol
s slien gladde baslie js calise Solallls 53 oS dies  loey
abal o g SIS A (g slame Slealinal by wdly 530505 (6 g 5 Shos
s S Sl sl b octdslom ] pladile Solg 5 5 A5 Sty S

Sl et s bodsl s (gladits 51 S a2l anws 55 e (5 S50

2ot SWllle 5 ol Shs s s Sy slalisis (asis
35 55 0k piie S5 A 03le Ol oo ool s 325 S 51 oo S 3L
e Sl e S5 4SS s e o Slandl sl i
Ol oy ploil s S50 50 IS0 DLl

sl S el ST 0l 3l elallan ol St i a5 L
Solo 3l el Jlls 5o laayy (6855 s oLl ke 4
St S ) (68 e Bua L O pas 5 aits 514 s S
Gros 553k Sl s s K55 g0l olal s 5l olen
ey Ol 5l olew onl put Jdoas dr a ol pbl J s
23 Amtandd ($5 530005 pslal w3l eslinad b Oldlas ) 2l
oslazal b o, a s Wang .(V4 Y+ )l ooy ¢l>_u'l 4 oo 5 5iS
S5 3l eslizad 514ty s 4 More slogs VA Kol sz s slas )
3 AU Sl ie adsl 6 S E sl Je sl @ plaSl Geas (6 S5L
il Gasdllae 55 (V)L S VAW aiels <33 b g by S
sl ReNet50V2 5 Xception gladis oS 5 31 Oliiss 55 5,503
Gros S SoL Seism 02V A s S ad sl e 5 g g adiiT s s
ol ilisee sla oS 3 o slias il 530 /4V/E ol s L
(97305 ,S Salilio ;95 55 55 01K sHammoudi (YY) uila,
i (8l s 6,55k b s, Sleslial L1 (g e 5o (e
syl 5l Calam Gaa LA S 6 e 5 Jsesy
Sl 3l eslizul b oo 528 O K55 (YY) Lsls wl )l 08Ks 5
W 2oiS LHRCT slas Lol 5o b 5l i oy 558 anlllas o
iS5 o33 AN Cmo Ll Jue DenseNet a5l eslanal
(TY)sls 415118 4y S

S s Coms « COVID-19 sy ol 4 ar 55 L
Sl a5 s G b ol SOl s b i o 5 Lol
il 51 olons ol Bl a3 6l e sl 5 e Olaukil
53 b Olaascis slaasiss 51 SO S ge g dile aline slacs sie
e P sbml canllae ] rL?L;l Sl a3 sl o > o
oo 3 o a L Jasl (6,850 2, L OT S 5 5 Goee 530

A5L + COVID-19 a5

VE- = Dol 9 313 5o ¥ o plouds 10 053 wmnoduw 35k al=xo

vy


https://journals.tums.ac.ir/payavard/article-1-7001-fa.html

[ Downloaded from journals.tums.ac.ir on 2026-04-04 ]

v 9 6J8d9a3) nsles (sai awlS

2325 \WFO.COVID-19 &te 2ot LOXR i 5 ¥FVS Laliesls
S 33 D3 IS PN (s s Sse s i L Ol ley X-Tay
€ gos A3l oo Jbo J awandd W Slandl 0 VOVAY 5 anan
Ol ISKS s ceddas S 54 slacsls as sazme 31 WIS 8 s g
Slaesls o 5 S el Sl slaesls 4 gazmn oo sl ol 03]

50 IY @IV glacaes Lvalidation glaesls 5« gloosls (53 50

A

B

L S5 lslasse Sk s camlas (s
W&}a}l&\élﬁ&lal};>)y>)lxblw<5jf§;lijj)):
G ¥re Plasoslaas iy Sldlas g az 51 J g i 5 5 50 4 5o
L3553 @ Sl Cl SE VL G L Jie G 4 plies
Oﬁ))}ﬁ}d&}a&&lﬁbb\}wwj|cﬁ}}:¢ﬂ'1)3djbdﬁ
(https://www.kaggle.com/tawsifurrahman/covid 19-radiography-database Kaggle o 315

@)ww\.\.&dl.:)b\f' . Juabngjjj);un\zwl..uuu.:w\

C

U0AD adywandd guac pgal (B «COVID-19 ay Divs aipwawidd gusce pgnd (A o o3aiw) slacuwlss acgans (slas)gs) aigsd :| S

Gawawdd Jlop gusc pgial (C (wopg S50y @ Ues

| ~1Google Colab i 555 5 052l e 54l 0L 6 555
48 gazme S35 2 S5k 3 Wt o jed (i sel Szl Oles s
S 2 dde o oLl el validation s train glaesls
o313 40 gazma S5, pladde LS 5 as rb;;\validation resls
A3 S s ptest
5 e slaesls il Jia a5 S (S jon e Sl
AR el Gl e e B s S s sy onl B s
sSes e b Sse s SN Ly S Il e sis sChest X-ray
48 gamn S35 2 Sl 53 st o el i3 el Olej 35S Sl
laesls 55 1 e 8 S 5 bl 5 55l slaesls
VS s (Ko e Sl Sl pe AE a5l o slel

e 0 DJ))T

O3 bt (Jlml Sl eSS b dde [asel ks
LIL))ATL)';':! L;LAJJ.A ‘]a...ujj LAQ)} ﬂLw 9 A eals LI:’))'“T 4.1‘9 U'l)}i
Jde 0151 e o az13a5 cobImageNet culys 55, sddodss
Fastal <lls 5las bl s Ses 3ds ol ¢l » s o 2 L
ea sk ol 53 0sul s sasl o 0L s (https://www.fast.ai)
o.\.&c‘f{w«‘ Jde Coen ‘C,_.»‘LQJ BE] A eslad Lbdus el 6‘]’
sl Ltest yvalidation draining slaas gaze 153 S oLl
GVt sl plad (25 gel am e 51 LS A sl /) /Y oY
JUEY 5 JuSy YYE 3 YYE bl w Ll 631000 i Jols &5 s
03,5l 5 (adienls 25 gal i 5l sladde (s35,55 UK o) S5
2V Ul e LS e goue sl

s Fastai o eyl 5l eslinal U golgi oS culg s

rae

VE-+ Dga i 9 313 jo ¥ o)l A0 093 wnodas )5l al=xo


https://journals.tums.ac.ir/payavard/article-1-7001-fa.html

Ve 5 o3l jMe bw po

Confusion matrix

9 2335 Ly 5 4y Mine 45 (63 )l g0 Sl —egs.qg_l.g_-_n@l 0 0
sl 8313 Bg 35 ausds | giw)s & Jds
bun gl 5 23590 @llin A5 (53 )l g0 Slaws E o
A334b 03ly oy | Siw)d 4y Jie <
9 A gs Sigegis & Mire A (53 )l ge MAss —ViratPreumonia Tt
Aidub 0ald auslls Joe b gl STw)s 4
o 3 ©
L e
a = =]
3 & g
o N g
<
=
Predicted
205 puns3 slp (ATAyes)s ong)ils Wged P JSib
PO N P PO U N [ DU W W P PRSPPI AR basy
b el Sz 3 25 5l el esls o5 O bl COVID-19 ablans g Jdo oS Conl b addlas ) 51 G Cid- s
‘wwL;j)ﬁ&?;w%;ﬂwﬁw@g&um;ujmml oais bglal ol 511504 w8 clle C.L.. s L g
B s Je a5 Sles (S8 w0 aelsl s el 4§ L5 s slaesls sdian § 580 golame Hler elel p odinbel claasls das
FOW PRIV ¢ a5 ;s-{:"”»)r“)’ sl Jst (a5, &b 51 (Alexnet, MobileNet, ResNet VGG)
MobileNetV2 (o AlexNet (i)l
Confusion matrix Confusion matrix
oviD . 342 15 1 covio 4 317 42 2
g Normal { 2 3 g Normal{ & (RTINS 5
Viral Pneumonia{ 0 9 125 Viral Pneumonia 1 2 8 124
T . . |::| _ -
] o o = E 5
= = =]
3 £ : 8 =k
= a E
= —_
= g
£ =
= Predicted
Predicted

[ Downloaded from journals.tums.ac.ir on 2026-04-04 ]

VE- = Dol 9 313 5o ¥ o plouds 10 053 wmnoduw 35k al=xo Yad


https://journals.tums.ac.ir/payavard/article-1-7001-fa.html

[ Downloaded from journals.tums.ac.ir on 2026-04-04 ]

e

w9 6I9s3l nslas (s awMs

Actual

Viral Pneumonia

Actual

Wiral Pneumenia

Actual

Viral Pneumania

VGG19 (s

Confusion matrix

coviD 1 337 24 0

Mormal 3

(=]
w
K
(%]

COVID
Normal 4

iral Pneumnonia

Predicted

ResNet50 (g

Confusion matrix

COVID A 338 22 1

Mormal 4

o
=]
(%]
i

CovID
Mormal -

Viral Pneumonia

Predicted

ResNet152 (s

Confusion matrix

coviD 4 342 18 1

Normal 0 ]
1 16 117

T T T

=] o E

= E s

]

] =2 g

]

&

E

=

Predicted

HActual

Actual

VGG16 (3

Confusion matrix

oviD {4 338 23 o

Mormal A 1 1
Viral Pneumonia 1 0 7 127
T T T

a o 2

= E 5

[

[w} =2 g

o

&

E

=

Predicted

ResNet34 (»

Confusion matrix

coviD {4 342 18 1

Mormal A 5

Actual

(=]
-
3]
|

Viral Pneumonia

COVID
Normal 4

Viral Pneumacnia 4

Predicted

ResNet101 (j

Confusion matrix

coviD 4 344 1a 1

MNormal 2

=
Ln
=
a

Viral Pneumonia -

COVID 4
MNormal

Viral Pneumonia

Predicted

ATAg)es)s gugyils QI )y d30ai8)5 )5 Lalias slodss il oxs] Cuvsay a3 Juwa3 W J5b

Y4z

VE-+ Dga i 9 313 jo ¥ o)l A0 093 wnodas )5l al=xo


https://journals.tums.ac.ir/payavard/article-1-7001-fa.html

[ Downloaded from journals.tums.ac.ir on 2026-04-04 ]

R

Ve 5 o3l jMe bw po

&S sl WIS G sl sluas FN (False Negative) 5 - 55 ool
(gjé‘} W)TN E) Llells o3l ﬁu&ﬁﬁ) w%& Q\}.&m AL:.T..;":\ “
sd |y IS 0T late e 3] 5o slias a5 a5l 51 (gl

Tp+TN L3S gdaih

Accuracy = ———
Y T TP AFPATNAFN

Sensitivity = TP+ N

Spec1f1c1ty = TN—-I-FP

2TP

F- -t
MeasUre = TP ¥ FP 4 FN

Gt deslie)Conlos wlalp Culg s aslans & ladas
)(umsﬁ;)ljjﬁ(_;mswuﬁ)éﬁj‘(umsﬁ:ﬁ.}j}s

ol i 5l Lol ol s id S5l 5 L5l s 5 50 Cmes Ol e

ol 0l abjji\ JJJQ.-)J LAJJ.A

o\j;dua:,aéw.uuﬁ@)ﬁ);&uw;u)\s),»om
shls edsan S 84 sbbds Ole y3ResNet 101 Jis 3 S bl
o2l bosylse ple 5L S a4 M 55l 50 Hald 08 o 2l
Gl 538 aslianc &5 Juo a5 o ol 4 (3L o v /AVIVA ool
J.<LJ Aas yaskis swgsa |y aeesliel 4 by e sl e s s QA
ResNet ; VGG Mobilenet sladds Lol odias S Sa sladis
395 5l oad ke 55l g0 Sy el s /A Gl A e
Losls olas
ol (gla 2L loslizal ool Covsws slaclassifier s Shase
3l a Jge b sl ol s anlllan ol 53 s 5 (S
TP (True Positive) Vsl opl 53 .ol sdal walsl 53 b 2xtls
ol Glas OIS Ol 4 s y50 45 ol [ sl g huards o glal slias

N S el stuaib sl slas sl 50 FP(False Positive)

AdLaawyy (slgdss () 2065 2| Josa

300 4 Camd (S5
5,1 40) F-Measure

35180 4 Cond Sl

(e bl > s 8 K95 3l NS Bl 5o dysS 3500 NysS R Ja
(plo flae 5s (plw

qY/)0 49/)Y AV/A /¢ AlexNet
qv/s Y 44/AY q¢/Ve A MobileNetV2
47/0v 44/4 qy/1y qA/EN MobileNetV2 Optimized
47/V 0 44/v4 4y/vo A/ VGG16
471/ 44/07 q8/Ve QA/8 ) VGG19
4\ 44/10 CAvaly 4A/Y ResNet34
qv/™ 49 /AT 40/Y4 4A/VE ResNet50
qv/+ 0 44/8V 40/AL LVYa ResNet101
v/ 44/4) q8/Vve A ResNet152

(S 3 (LdlssS oo 5 dssS 055 5o bazws Los ol

ym‘Qjﬁgmo;ﬁuwu\ﬁd@zwd J}Je)b

;}i;;ww u..a;—l.&: 93 el o wl;u VJLVJ })‘}ﬂ)&)ﬁﬁ

VE- = Dol 9 313 5o ¥ o plouds 10 053 wmnoduw 35k al=xo

vay


https://journals.tums.ac.ir/payavard/article-1-7001-fa.html

[ Downloaded from journals.tums.ac.ir on 2026-04-04 ]

——

w5 8I9920) psles B3 awls

w5 3550 5 Sl 0do ) plonil 4 Gras (6 53L SLSGSS (55w
Y Yr aole asWenhui 5 Asif gasllas 51 055 o el a5 S 51 3
oo b Jdo all a5 gandlae 53 Ll s s ol el sy plonll
a5 gy 5,50 50 anlllae b s e A (FA) L Cows (g0 55470
50 6,50 alie Dllas .l eis S5 Sledibl el S e Je
sbadie g 51 aS sl ploil 03 g cpl 53 Oliioes S0 law s
S o ya Al e Sslite ol sandllae b sdiass S 5ay glaeSs
b bl A=) DlaBl Cos salin polie 4 S5 5 oo kS
O i Sladllae S5 b anslie 3 oyt a3 51 ool o3
Mobile Optimized (’U L s ol et 5 adliana o Jde a5 5ls
GokSanxl o jlay 3IChest X-Ray  soa wlol ool 538 NetV2
10 Como L B8 (solam s 55 Dl pde b 5l Uy S a0 S 5
Ll (oL OG5 4V LS 4 0L SIS asilS s Ao s
A 5 dbe S s)lge hon Vo Laseid Codb Jbe opl Ko &oslsw
Sladllas ol JS)sbas 50515 cws s ge 5o 4 De 55l 50 (Ao o
oS 53150L53 5308 4 S Jrailly (8 e 50 45 s e 0L
LOXR el 0l ¢35 (53ledl 21 s COVID-19 = sis
Syl Vs b

VA LS a0 0L ST 55 a8 sl (55 00 €55 ol S5 ki 2
S a3 3Ly I s3I L aslie s el ot S 5 gl 4, oS
ol XS o 585 1 a) sls S 4 lagg b osle G se 5
53 oleal asds Gua L aSaililes s 53 aslanw 57 sladus
oaeedd 15Ol GVL C3s b 0l ol oo anes 5 5 S 4 Dlae o] 3
oo 3 Combe Jol s a5 Kuiins 55 01, Ks 5 Desai .aas
(EY) el llan o 55 atiliannn 55 sladite 3 VL

s Sadde Ganw 55 (5l el plonl Slalllas S 51 S
4 g > S gdome 5 slal BlUaS 5 5eS pyslal A1 5 e
Sl o sl eslizad ol sl ol iadan Sl s Sl s sl
ol o303 anw 55 gladie 5 Shase o 58 sl Aol Olge 40 Il
e gl anlllas pl 53 baesls g 58 5 5 00 ol e )2

,,L.i4:3J§}EJJ.>w&bdﬁzgéudww)}@jdﬁéuqﬁww

w
SL,ls 2w S a5 00 55 208 2 3l (S ede dal il
a8 uan Ll 5 )8 s S oMl ol ashds ) asls
Q338 o s 53 Jg: 4 CXR Olea b acwanis ng\;ﬁu.._(; slheslazal
Lsle paets gla by Sos b alie 53 S (Gaupa 5 D3 g b S
shuaib ¢l candlas ul ys s s 4 I MRIL Sl s
XRay polas 5l osuae Joa G 2o, las 2 s ol
S5 Gl o e Ol e ol Jl 3 48 A3 oslisl O Loy
(VE¥0)5 58 po 4 bl 2L Olanasiie lavs 57 okl Lol J 5 55 o o
53> yaiiS G phewand slal o cne Sl gl askis 4l
w3305 S bl 5T ol 5104 WS 5l ol slags lals
.g,.wla,\,:bk,\?;édﬁrjbjsoubuéwsjyabyyj\v&
S35 8530 P Gaes (55 0L LSGSS s sl glad e
olodalive LB awands ,glad j5aS o35 soly sla Sis il e
Ol 5o SIS el w5 cds .ol osls 3 Olaaste jLasl s
dle 5 b as o SS OG5 4 alianc 5 sladde w5 Jais ) 5
BBl b Sl i 5 slmial Jaul 2 o (5 5L 35 b il
e cilises Jdo & (5,8 580 b candlan cpl 55w 53 (VY)W 4l
e SR il 6l 6800 JWE a5 25 laass
,;;aum;u;,-ywu;;j\q K58 b SU S sy I an
A3 S anlas 5 oLl el
sk Sleslanal b s s asdlas > s iBarandiaran Saiz calis sasl
(PP GeaSd e Jie ane 5 5(CXR) it 5 5) 5201,
4,1 (Single Shot Multibox Detector) SSD (¢ jlaxs 3l eslizal b Joe
UL AT S35 50/A8/AY ol Laadlas 1l 3 sl 5l Jde sl
A3l Wl sl 31 5l 6l 1508 a5 Sl Lol (slaal el
IS s 3 S U5 Baal Sl andllae s sty e iy
J.\MSJBJ>‘(\"‘\)¢Ml¢,\.§4i1)l\‘\ijsj‘@yﬁ@m‘cjual}l
i3 () awdIS 53 Jde K Ozsahin s Sekeroglu Lo g5 o diasl |
Slalas 51 S Ol yeas (V)3 5218 555 4 Mo 31315 sl 3l oy

5658530 sl sleslinal b Solan (anld 5 s a0 53 S Ll

YaA

VE-+ Dga i 9 313 jo ¥ o)l A0 093 wnodas )5l al=xo


https://journals.tums.ac.ir/payavard/article-1-7001-fa.html

[ Downloaded from journals.tums.ac.ir on 2026-04-04 ]

——

Ve 5 o3l jMe bw po

Loyl 53 a8 il 03,5513 il 5550 s Sldlln s cales s
Cla” 33 OM&)}T@Z’COVID'19 Oblacs slaesls 4 gazme 3l enlanl
ol G 3 el galgiig 4 G gl Sl eslinal 5 528

Al sl asilas

S 5 4o
Gt (gl ez sl o3ls oL bl (s3lgniey ke
31 ealitel )8 gy 58 4 Sten sl 31 5 ge sty Slase 3131 (Il 513
o 5l sl 0l )l Goes (6550 5 mae 4SS 2 e gladus
2ol 5 b oS aen (olew (Knss5 pasis Cuuli o
5 oS S Ll 8 e el Je VA 5 S (Solen p LLON
S 2 S s Al 3 3 (6 S el 0 SaS L5 O le 5 S 2
Sl o 3 L a3 S olew e aa IS 03 5 e VL
28wl G LB s (gluesly 4 5L (ol Je 5l eslinl
et & el dde el edd | b dlela L oK 5 b e
O Cow bl S b s 53 5l L eddgs0s S sl
Ll 55 o 855 52305 sloal et pa e sS (6l yediaslyl Je il

Al e Dlllas gl o 55 50

GSJ"’)”S}‘:J
O (S p e ol &5 j3 0 o in sy o b ool allis

A3L .+ (IR'TUMS.VCR.REC.1399.150) &3 s L

References

Oeod leslesl s s gasllles 5 ;oMpesiana s Apostolopoulos
3 AWA Como b eae saaSd 5y e Jie US55 50 )
Conlys S Sloe V4 555 3131 e sl ANV b
Jobe o 313 0L 35 Oliies el (saallae (EF) 3 41 ply o L
S 3 ,Shs (gdoaib ladde Kos L awslis ;> Mobile NetV2
5 Shas 355 5yt sasdlan 53 Juke ol 350 Ol 31,381 it o
Sl OLES sdsa sl gladde Sos b anslie 55 (5 2

X 0l 5e 055U 5 PCR dile (6 503 a2 sl g, iy
Ll 0358 o0 o gims (Solo ol 53 sl Slasl 3l o Sl )
S5l e B ISL 385 5 helas e S B55 4 0 5 e
Sl Oleys 3l ol glaaides 5SSV WS (6 S ann 3l L
Sl 4 K55 oo G130 3ol gl H0 55 Ghuadl 5y 0
Jie ol gpl by &S SLLE (SaS oys 35 5ol SLasl e 5l eslizad
e Skl S B s b S el S il e
23V dsS Gais 53 Gk eeeal Sl Sl Sl ol e A5 5
oS 4 SeS LU s sl gluesly OIS 5 e 55 Bl el s,
5 0bbe 4y 3L OT B L0 20158 3l Solews o0l B350 &
S (S o i e sS e

O glaosls 3loslil anlllas -l (glacs sdoes 31 LSS aS0T 5]
rl 23l 2 Sas 1ol B Oan o jtes 53 8 sl Joms 8
Sleslizal L a5 o V4 WS 5 JSse sy S5l gla asds 55 Jue

3350 L VLIS b s w8l (s noslal Slaesls 45 sazes

1. Sohrabi C, Alsafi Z, O’Neill N, Khan M, Kerwan A, Al Jabir A, et al. World health organization declares global
emergency: A review of the 2019 novel coronavirus (COVID-19). International Journal of Surgery 2020; 76(1): 71-6.

2.Shereen MA, Khan S, Kazmi A, Bashir N & Siddique R. COVID-19 infection: Origin, transmission, and characteristics
of human coronaviruses. Journal of Advanced Research 2020; 24(1): 91-8.

3. Zhai P, Ding Y, Wu X, Long J, Zhong Y & Li Y. The epidemiology, diagnosis and treatment of COVID-19.
International Journal of Antimicrobial Agents 2020; 55(5): 105955.

4. Hani C, Trieu NH, Saab I, Dangeard S, Bennani S, Chassagnon G, et al. COVID-19 pneumonia: A review of typical
CT findings and differential diagnosis. Diagnostic and Interventional Imaging 2020; 101(5): 263-8.

5. Asefi H & Safaie A. The role of chest CT scan in diagnosis of COVID-19. Frontiers in Emergency Medicine

(Quarterly) 2020; 4(2 S): 64.

VE- = Dol 9 313 5o ¥ o plouds 10 053 wmnoduw 35k al=xo

raq


https://journals.tums.ac.ir/payavard/article-1-7001-fa.html

[ Downloaded from journals.tums.ac.ir on 2026-04-04 ]

R

w9 6I9s3l nslas (s awMs

6. Fang Y, Zhang H, Xie J, Lin M, Ying L, Pang P, et al. Sensitivity of chest CT for COVID-19: Comparison to RT-
PCR. Radiology 2020; 296(2): 115-7.

7. Pesapane F, Codari M & Sardanelli F. Artificial intelligence in medical imaging: Threat or opportunity? Radiologists
again at the forefront of innovation in medicine. European Radiology Experimental 2018; 2(1): 35.

8. Lee LIT, Kanthasamy S, Ayyalaraju RS & Ganatra R. The current state of artificial intelligence in medical imaging
and nuclear medicine. BJR Open 2019; 1(1): 20190037.

9. Huang HK. Biomedical image processing. Critical Reviews in Bioengineering 1981; 5(3): 185-271.

10. Kohli M, Prevedello LM, Filice RW & Geis JR. Implementing machine learning in radiology practice and research.
American Journal of Roentgenology 2017; 208(4): 754-60.

11. Choy G, Khalilzadeh O, Michalski M, Do S, Samir AE, Pianykh OS, et al. Current applications and future impact
of machine learning in radiology. Radiology 2018; 288(2): 318-28.

12. Le Cun Y, Bengio Y & Hinton G. Deep learning. Nature 2015; 521(7553): 436-44.

13. Abiyev RH & Ma’aitah MKS. Deep convolutional neural networks for chest diseases detection. Journal of Healthcare
Engineering 2018; 2018(1): 4168538.

14.MaJ, Song Y, Tian X, Hua Y, Zhang R & WuJ. Survey on deep learning for pulmonary medical imaging. Frontiers
of Medicine 2019; 14(1): 450-69.

15. Bhandary A, Prabhu GA, Rajinikanth V, Thanaraj KP, Satapathy SC, Robbins DE, et al. Deep-learning framework
to detect lung abnormality — A study with chest X-Ray and lung CT scan images. Pattern Recognition Letters 2020;
129(1): 271-8.

16. Christe A, Peters AA, Drakopoulos D, Heverhagen JT, Geiser T, Stathopoulou T, et al. Computer-aided diagnosis
of pulmonary fibrosis using deep learning and CT images. Investigative Radiology 2019; 54(10): 627-32.

17. Jaiswal AK, Tiwari P, Kumar S, Gupta D, Khanna A & Rodrigues JJPC. Identifying pneumonia in chest X-rays: A
deep learning approach. Measurement 2019; 145(1): 511-8.

18. Acharya AK & Satapathy R. A deep learning based approach towards the automatic diagnosis of pneumonia
from chest radio-graphs. Biomedical and Pharmacology Journal 2020; 13(1): 449-55.

19. Wang S, Kang B, Ma J, Zeng X, Xiao M, Guo J, et al. A deep learning algorithm using CT images to screen for
Corona virus disease (COVID-19). European Radiology 2021; 31(1): 6096-104.

20. Xu X, Jiang X, Ma C, Du P, Li X, Lv Sh, et al. A deep learning system to screen Novel Coronavirus Disease 2019
Pneumonia. Engineering 2020; 6(10): 1122-9.

21. Rahimzadeh M & Attar A. A modified deep convolutional neural network for detecting COVID-19 and pneumonia
from chest X-ray images based on the concatenation of Xception and ResNet50V2. Informatics in Medicine Unlocked
2020; 19(1): 100360.

22. Hammoudi K, Benhabiles H, Melkemi M, Dornaika F, Arganda Carreras I, Collard D, et al. Deep learning on
chest x-ray images to detect and evaluate pneumonia cases at the era of COVID-19. Available at: https://arxiv.org/
pdf/2004.03399.pdf. 2020.

23. Yang S, Jiang L, Cao Z, Wang L, Cao J, Feng R, et al. Deep learning for detecting corona virus disease 2019
(COVID-19) on high-resolution computed tomography: A pilot study. Annals of Translational Medicine 2020; 8(7):
450.

24. Shen D, Wu G & Suk HI. Deep learning in medical image analysis. Annual Review of Biomedical Engineering
2017; 19(1): 221-48.

Y. VE-+ Dga i 9 313 jo ¥ o)l A0 093 wnodas )5l al=xo


https://journals.tums.ac.ir/payavard/article-1-7001-fa.html

[ Downloaded from journals.tums.ac.ir on 2026-04-04 ]

R

Ve 5 o3l jMe bw po

25. Bar Y, Diamant I, Wolf L & Greenspan H. Deep learning with non-medical training used for chest pathology
identification. Available at.. https://www.cs.tau.ac.il/~wolf/papers/SPIE15chest.pdf. . 2015.

26. Hua KL, Hsu CH, Hidayati SC, Cheng WH & Chen YJ. Computer-aided classification of lung nodules on computed
tomography images via deep learning technique. Onco Targets and Therapy 2015; 8(1): 2015-22.

27. Ayan E & Unver HM. Data augmentation importance for classification of skin lesions via deep learning, Istanbul,
Turkey: Conference: 2018 Electric Electronics, Computer Science, Biomedical Engineerings’ Meeting (EBBT), 2018.

28. Weiss K, Khoshgoftaar TM & Wang D. A survey of transfer learning. Journal of Big data 2016; 3(1): 9.

29. Paul R, Hawkins SH, Balagurunathan Y, Schabath MB, Gillies RJ, Hall LO, et al. Deep feature transfer learning in
combination with traditional features predicts survival among patients with lung adenocarcinoma. Tomography 2016;
2(4): 388-95.

30. Simonyan K & Zisserman A. Very deep convolutional networks for large-scale image recognition. Available at:
https://arxiv.org/pdf/1409.1556.pdf. 2015.

31. Habibzadeh M, Jannesari M, Rezaei Z, Baharvand H & Totonchi M. Automatic white blood cell classification using
pre-trained deep learning models: Resnet and inception, Austria: Tenth International Conference on Machine Vision,
2018..

32. Chen HY & Su CY. An enhanced hybrid mobilenet. Fukuoka, Japan: 9th International Conference on Awareness
Science and Technology (iCAST), 2018.

33. Alom MZ, Taha TM, Yakopcic C, Westberg S, Sidike P, Nasrin MS, et al. The history began from alexnet: A
comprehensive survey on deep learning approaches. Available at: https://arxiv.org/ftp/arxiv/papers/1803/1803.01164.
pdf. 2018.

34. Wielputz MO, HeuB8el CP, Herth FIF & Kauczor HU. Radiological diagnosis in lung disease: Factoring treatment
options into the choice of diagnostic modality. Deutsches Arzteblatt International 2014; 111(11): 181-7.

35. Yasin R & Gouda W. Chest X-ray findings monitoring COVID-19 disease course and severity. Egyptian Journal of
Radiology and Nuclear Medicine 2020; 51(1): 193.

36. Saiz FA & Barandiaran I. COVID-19 detection in chest x-ray images using a deep learning approach. International
Journal of Interactive Multimedia and Artificial Intelligence 2020; 6(2): 11-6.

37. Sekeroglu B & Ozsahin 1. Detection of COVID-19 from Chest X-Ray images using convolutional neural networks.
SLAS Technology 2020; 25(6): 553-65.

38. Asif S & Wenhui Y. Automatic detection of COVID-19 using x-ray images with deep convolutional neural networks
and machine learning. Available at: https://www.medrxiv.org/content/10.1101/2020.05.01.20088211v1.full.pdf. 2020.

39. Jain R, Gupta M, Taneja S & Hemanth DJ. Deep learning based detection and analysis of COVID-19 on chest X-ray
images. Applied Intelligence 2021; 51(1): 1690-700.

40. Hussain L, Nguyen T, Li H, Abbasi AA, Lone KJ, Zhao Z, et al. Machine-learning classification of texture features
of portable chest X-ray accurately classifies COVID-19 lung infection. Bio Medical Engineering On Line 2020; 19(1):
88.

41. Wang L, Lin ZQ & Wong A. COVID-Net: A tailored deep convolutional neural network design for detection of
COVID-19 cases from chest X-ray images. Scientific Reports 2020; 10(1): 19549.

42. Desai SB, Pareek A & Lungren MP. Deep learning and its role in COVID-19 medical imaging. Intelligence-Based
Medicine 2020; 3-4(1): 100013.

43. Apostolopoulos ID & Mpesiana TA. Covid-19: Automatic detection from X-ray images utilizing transfer learning
with convolutional neural networks. Physical and Engineering Sciences in Medicine 2020; 43(2): 635-40.

VE- = Dol 9 313 5o ¥ o plouds 10 053 wmnoduw 35k al=xo Y-\


https://journals.tums.ac.ir/payavard/article-1-7001-fa.html

[ Downloaded from journals.tums.ac.ir on 2026-04-04 ]

e e el

Journal of Payavard Salamat
Vol. 15, No. 3, Aug & Sep 2021

Classification of Chest Radiology Images in Order to Identify Patients

with

COVID-19 Using Deep Learning Techniques

Marsa Gholamzadeh! (M.S.), Seyed Mohammad Ayyoubzadeh? (Ph.D.), Hoda Zahedi® (M.S.),

Sharareh Rostam Niakan Kalhori** (Ph.D.)

1 Ph.D. Candidate in Medical Informatics, School of Allied Medical Sciences, Tehran University of Medical Sciences, Tehran, Iran
2 Ph.D. in Medical Informatics, School of Allied Medical Sciences, Tehran University of Medical Sciences, Tehran, Iran
3 Master of Sciences Student in Medical Informatics, School of Health Management and Information Sciences, Iran University of

Medical Sciences, Tehran, Iran
4 Associate Professor, Department of Health Information Management, School of Allied Medical Sciences, Tehran University
of Medical Sciences, Tehran, Iran; Research Fellow at Peter L. Reichertz Institute for Medical Informatics, University of

Braunschweig—Inst

itute of Technology and Hannover Medical School, Braunschweig, Germany

Abstract

Received: Aug 2020
Accepted: May 2021

* Corresponding Author:
Rostam Niakan Kalhori Sh

Email:
Sh-rniakank@sina.tums.ac.ir

Background and Aim: Due to the important role of radiological images for
identifying patients with COVID-19, creating a model based on deep learning
methods was the main objective of this study.

Materials and Methods: 15,153 available chest images of normal, COVID-19,
and pneumonia individuals which were in the Kaggle data repository was used
as dataset of this research. Data preprocessing including normalizing images,
integrating images and labeling into three categories, train, test and validation
was performed. By Python language in the fastAl library based on convolution
technique (CNN) and four architectures (ResNet, VGG MobileNet, AlexNet), nine
models through transitional learning method were trained to recognize patients
from healthy persons. Finally, the performance of these models was evaluated with
indicators such as accuracy, sensitivity and specificity, and F-Measure.

Results: Of the nine generated models, the ResNetl01 model has the highest
ability to distinguish COVID-19 cases from other cases with 95.29% sensitivity.
Other applied models showed more than 96% accuracy in correctly diagnosis of
various cases in test phase. Finally, the ResNet101 model was able to demonstrate
98.4% accuracy in distinguishing between healthy and infected cases.
Conclusion: The obtained accuracy showed the accurate performance of developed
model in detecting COVID-19 cases. Therefore, by implementing an application
based on the developed model, physicians can be helped in accurate and early
diagnosis of cases. an application based on the developed model, physicians can
be helped in accurate and early diagnosis of infected cases.

Keywords: Convolutional Neural Network, Coronavirus, COVID-19, Machine
Learning, Deep Learning, Transfer Learning
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