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Abstract— The Corona Virus Disease 2019 (COVID-19)
is highly infectious and pathogenic, posing a serious threat
to public safety. Rapid and accurate detection and diagnosis
of COVID-19 is key to the epidemic control. The existing
detection and diagnosis methods are mainly based on nucleic
acid tests or manual diagnosis using medical images . However,
nucleic acid tests are time-consuming and require special test
boxes, while the manual diagnosis relies heavily on professional
knowledge, takes longer time for analysis and often fail to
detect concealed lesions . Since then, with the development
of X-ray and Computer Tomography (CT) image datasets,
researchers have built many deep learning-based COVID-
19 detection and diagnosis models which effectively assist
medical experts in the efficient diagnosis and treatment of
COVID-19 .This paper lists the mainstream image datasets
for the detection and diagnosis of COVID-19 and related eval-
uation metrics .Then, it introduces the existing deep learning-
based models for COVID-19 diagnosis from the perspectives
of the model task and the image data type, and on this
basis compares and analyzes the detection performance of the
models in six different dimensions: backbone network, data
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sets, image types, model performance, classification task types
and park opening situation . In addition, this paper introduces
the excellent application systems used to fight against COVID-
19, and discusses the development trend of the studies in this
field .

Index Terms— Corona Virus Disease 2019 (COVID- 19)
, Deep learning, Assisted diagnosis, Datasets, Evaluation
indicators, Models, Future research directions
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(CoronaVirusDisease2019, COVID-19) 2™ &
WEIR ZR B AE TR (SARS-CoV-2) 5B HIHN o

SARS-CoV-2 Wiy B A m FEAR gutt, HALHhiktizd:
BUREAERE . SIS AL . EIL R R
FEE O P, T R U T AR ) RIRTE AR
PRESHE N P BUR Y IR IR 24 CRRIRGTES
ST, B ARG 2Ry LRk 2
FeRIKVIREY R w1 Bl T SARS-CoV-2 Jjij &
TEFREE AR B RS ELIG K, AT DATEAS [7] 174 4 4% <5 T Bt
EFHOR, sl T BURGg . MR AR R,
COVID-19 [/ EEAUAET LT3, W2 P T HAE
b DX A 0 R R B R S R . I H R R —
SBFSEE 1 . SARS-CoV-2. SARS-CoV Fil 1 751
W 2g AR (MERS-CoV), $5H SARS-CoV-2
PIBOEREAL, s T, (HEHAALRM ST 40
KR FEEURTE T, AR WE W AL,
COVID-19 J&ge B B Im R AHE AR . =)0 T
WOR TR, IR, DRURE A RIE . /TS
Rtk P ERE, FOE S TG S P A R 2
PERFIR A LR G AE ARDS fIZ 28 H I RERl, H2 5%
FOET. AN, 2 I A Bk T g T Eoe 45
SR (AR, BT BB R84l 1,
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Rk, COVID-19 HA S & ge . s B0 AR
WIS, X HIE TR TE . S WA AEAR R X B

B, ez COVID-19 & Wi k.
ZIT AR RNA GG SR A SR A la =X SO N AR 25 R 452
AR (RT-PCR) 7 RNA FE, HHEAEZR
WA BHPEA BERG1Z2 . SR, RT-PCR i i SUs:
R, BPEAT5E S 1) RT-PCR 455 MM, W
Joik s AR A SARS-CoV-2 SR A REME. I
Gb, RN K. FE L N & S H0T,
PRI, 5 20 o R D0 3 2 5 e A As . 55 e ]
P b E E R DR RN GBI R 1297 T &
GRATER LR Y, SR 2EARRAEBES) A B T i 48 S AL 51
SARIEIRFHIEZ —, BTl Bm KIS WS R nT VR
TSI BS AR . IR SCERE XS T 2 4
# (ComputerTomography, CT) #1 RT-PCR P
M2 W7 BB TR L SE g A die iy, AHEET RT-PCR
Ji, FET G CT B2 W s b mak . #E ok
Pi, COVID-19 B il HA A AR HFIE, ALIE
F LT (Ground-GlassOpacities, GGO). Jifififif, .
I £F AEAV N 22 K PR 45

HeAh  FH BRI 518 15 B RS 7E COVID-
19 YRS 2 X EEMIER. B2, ET CT Eig
N LA BT RS W Rt Ll AR O AR =, % CT
PR RHAE ) 20 BT O BRERE IS, RSk DAL 28 30 G P i 22
LM DA X 73 At 25 1 il 58 AR A R 9 . N L R
(Artificiallntelligence, AIl) $% AR AR 515405 %4k
RHFZRFHEE R, HiX 285 B2 wibny, A BT
D N TN mka e B i, Hi, SR
2 2% (ConvolutionalNeuralNetwork, CNN) FEfifiH
PRSP O 2Rk B e I F o ERE . B, h
WEG 2R A RO A IR A T #E4 T COVID-19 12 Wi e
R, DR N R T 2R T IRES 2 COVID-19
B2 WA Y o 33k SR AR A R % 52 IR 32 W Jr =X
Mz oetl, T H AT SR R s s, A )
&, FLUER 2 AT DAL S AR IR A I ARV 00 R Ak 95%
PAERHERR 2R s, BORBZE BTN RO G KT
COVID-19 & EEE G0 (X ik (X-ray) E1E
oy, CT EM8) MFREL, FF22il7E SR al by e IR B
2221y COVID-19 Fa 2 risisy.,

AL A FE T IR B > ) COVID-19 £ 32 Wi

FUBAR, XA 5 SE IR b S AN DA 8 B B AT T AL
g5, /e 21 PETIREE2IH) COVID-19 A2k
A, RT3 R SR KR IR 3 N BT 55 / AT
AP WR AT CT/Xoray ERAYHLINS i
B, HREA RFRIEBEUNE T4 B, Bl
KA, PERERIN . 7 FFHISHITHERE DL 6 A 14 ALt
Frovtir. FEBCESAE B, VAR S R R @R AT
BREN LB, AT ETRES K COVID-19 £
MZWrEA, HTHARM K G

1. Hfade

R W A2 — MR B2 S B L B 5%
fFe Bk, MERETHEY K COVID-19 2k
WA B2 S R AR 46 . COVID-19 518 $d 2 5t
& Xeray EIQA CT EMg, HXTNFEAFE S
COVID-19. %5#E M4 (Viral Pneumonia, VP). 4
BT (Bacteria Pneumonia, BP). HAthfii 4 Fl1E
# (normal) % XFH LK 8 DNAFFEIRAEIA TR,
HARILIE 1.

Y LSS FNR SR IR JF .14 1t

1 COVID~chestxray X-ray 434 COVID-19 https //github com/icee8023/covid-chestxray-dataset

https //www kaggle com
5863 normal BPand VP " e
xray-pncumonia

. /paultimothymooney/chest-
2 pncumonia ~<chestxray X-ray ’

349 COVID-19 and

COVID-CT cT .
463 non-COVID-19

https //github com/UCSD-AI4H/COVID-CT

https //gitee com/junmal 1/COVID-19-CT-Seg-

COVID-CT-Seg cT 100 COVID-19

Bench

ce-ccn cT 617 775 NCP,CP and normal http //n a1 big ac cn/downloa

MosMcdData CT 1 000
1252 COVID-19 and b
1230 non-COVID-19

+ normal BP and VP https /mosmed ai/en/

7 SARS-CoV-2 CT-scan cT

15 589 COVID-19 and
8 2

COVID-CT-set cT
normal

Fig. 1. COVID-19 #i(mFFiELIBEE

A. X-ray HifiaER

L) X-ray BE4E F F AR COVID-chestxray
I pneumonia-chestxray, 3T HARNZ.

1) COVID-chestxray #i#Et: COVID-chestxray J&—1~
NI COVID-19 Ji s, & COVID-19, H
MORFFEER R NGB PER %6 (MERS, SARS. ARDS)
MER TR Xoray 1 CT KR, KB IEERBAELIT
VRO sl F0 SCRR e B R ) 225 Sk . Ak, BhdE
SEMES A Pd Lt github 3 3% B a4 <8 Hofth
COVID-19 ¥ . Z%di4E F a5 434 5k COVID-19
1) X-ray IEEHE, HADEREY CT EIR.
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2) pneumonia-chestxray #{#E&%: pneumonia-chestxray
BE g bl grge . MR, A5 R
W JE COVID-19 Ji B PRI 48 83 AN B 1k - 1Y
5863 3k X-ray Eg. HHr, FifEHE X-ray EHBEH
UM A R E O 1 2 ~ 5 % JLEE R ]
WHIE. BRSEA R X A BRI T T A, i KR
AT BN R R R T R . RS, |
P 44 Tl BRI B AT IS W 45 R I AR 2. 1
Gh, RRATRERD IO PR IR R IR ZE, B =T
ZON BT R IR IC 85 R A T A . (EARERIE,
pneumonia-chestxray f£3F COVID-19 54, HEK
BFSE B COVID-19 $ii4E i R % 5 42
WA TR RS2 L o BRI A R B R 1 il 8 AR Y
X-ray BAmHEA Y5 .

B. CT &g

W W) CT %4k % & % 4 COVID-CT,
COVID-CT-Seg. CC-CCII, MosMedData, SARS-CoV-
2CT-scan fil COVID-CT-set, R 3CHATHAANZ.

1) COVID-CT #igg: COVID-CT $({EEMS 216 £
COVID-19 ##1y 349 3 CT YK FidE COVID-19
HI 463 5K CT Y] o ZBIRAE T 2K B R H
W Beeg s g, BIAN 760 {5 COVID-19 A i A4«
SCHRH AR, XSOk E Bk H medRxiv Al bioRxiv.
WeAh, XFTREA CT B, BREVEEIRIEE T B
IR meta {FE, GIEEERS. MR AIE. P,
AR, COVID-19 fy™ B R BE AU A . %2
REAMADFE L |k, 2 CT F&BHh&A CT
PR A=A B hRIE, X AT RERTR 2= S FOR = 4E
T R, ARG DHOLK CT EIgmA
R 3D R, ToIAEH 3DCNN 474 fii
HHIZRAE R

2) COVID-CT-Seg #yiEt: COVID -CT-Seg $(HifE 2
— AT CT $dise. BiaffEEx kA ER
PRI Nl 222 M uk B JPG i dbf b2
Hr 4 40 Z4 COVID - 19 & 100 Kl CT
FIMg . X ez il aE L R B R A5 B s . Al
AR M s RO = AR 2. IR AE T 2020 4F 4 H 20
H A58, 3T 20 MRic B & A 8
FFELEN A A AL S IR AR il . B B i v
BLER=MERFEICHRIEA 2RSS, Hhw
PR E AR TG, — (L TR R .

3) CC-CCll #iEgE: CC-CCIL 4L & — ] Al
M/ CT $dide, =2 HuE X COVID- 19 #5711 i
K CT Bz —, W& 4 154 LHEHEN 6752 ]
g R, Mt 617775 5k CT H1)7, WHEHAUERP =
P4 (Novel Corona Pneumonia, NCP)., 5@fifi%
(Common Pneumonia, CP) FIIE# X} E4H (normal) =
K. Horp, i G B0 R A A REVE 2 . SR
ZAWRGE (2020 4F 4 H 23 HAEMM 1.0 i) B85 T—
SEERGR, NSRS A CT ’BYIFIREL. W
EERE NS Wa PN EY Y BV NOR P iR RS
BHREAEET 2020 4E 7 7 3 Sk v2.2 A, ik
TSR SCOFRR )8, [ HG T 08 A A8 A3 F R
.

4) MosMedData #j#E&: MosMedData B4 1
000 Z (k&4 RS CT SR . BRErEE M
2020 4E 3 A 1 A& 4 H 25 AfEssiiphbiid gt
HEMRkS (URIS) Wede. s, gt mirs CT
B G R R I, AR5 S TARIC DA S S
CT ffighZiH COVID - 19 FiBlRa R . BIREmR
PFRCKF CT Edlisr AR, B CT-0 (IEHMT
WEEMEMT A CT) B CT-4 (YRiBMEBE BRI, il
S Bt 75%) . [FEF, ST AR AT B,
CT Y 7 w4y NIFTT A FEM M ARicH, ik
BIRREARARCH T BB B33, @R T4k
SIRHEA AR AR CT bl B AL, AR AR
T I FE A2 1 H 2 BRI R IR CT Z [H )
AT A, BRI C T H T 50 4 CT 94
£, A CT Y BESbR i T COVID - 19 FH B3
FEIR I ANRE AL R R A, I o R

5) SARS-CoV-2 CT-scan ##E&: SARS-CoV-2 CT-scan
B—AN AT Y SARS- CoV-2 CT scan R4, 2
21252 f5i) SARS-CoV-2 EZL M (COVID - 19)
CT =% A 1 230 BRI SARS-CoV-2 i1t
1) CT % . X288 M ETEE R P Y BEE B
SR AL o ZBIRAR KA B B2 S AT
RNTAREY, Bl iz8dngtm CT S
BEATUNZRI A0 A, e i A2 B SARS-CoV-2 J&%

6) COVID-CT-set #i#Eg: COVID -CT-set (IG5
£ 95§ COVID - 19 HE#) 15 589 5k CT HiiE %R
282 BIIEHRZIE Y 48 260 5k CT K%, bk
TR —ZET O T RPEENRR, HdRs
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TEE R REAR U DICOM #efiy TIFF o Z%dhask
KA 16 ALK BERH, BEgEESe 8 (A5 LEMFEE X
KA. AN, FERI MR R AR KGR,
MIMARE] 32 f7F SRR RME, 1RGSR
FLRY AL P S

& X -ray BEEE 7, pneumonia-chestxray 15
K#IE COVID - 19 iR, B IEW Z T
BT BRI A 20 i HoA i 8 A M2 s 2, 2 — ik
HAEENAIERE, COVID -chestxray U i T 405
COVID - 19 FEATIHR Z BN A FiR W
MEERFEAAAaMEX, KRS 5ETIRES
() COVID - 19 WAL et E . 1 CT Bdlise
FXF X -ray BAREIAEZ R COVID - 19 HEA%HE,
HRAERELEZEHARC (W MosMedData £
), R AT ZRE T IR COVID - 19 £
MZWiEAL, B2, iR CT AJFEmAEHE 1 i[5
5, EARBBIREA AR 2, 2R AR
EAFRA BRI 25 F, B
A&y A A Frit— g m, RN R R
COVID - 19 KIS W AL BEREFE— A~ 2415836 1Y B fi
AT

1. P4 AR

BT TR BE 5 2] 08 i Il 9810 Wi T8 1 S B iy B =
BALTRI, ATLAR 3 Ao AR S5 Mo BT S5 . X T4
FATS5, TRBEE 2] i B M 25 TR B IR U3 B2 2 5 1 5
B COVID-19 A1 non-COVID-19, H.# non-COVID-
19 7] DASE— 202053 A T B 58 . 20 B 2R 9 R IE
&, MRIE KRR, et RiZWmT LR a3
A, WA 2 R, X ElEss, REAS f
20 M 25 5 BAE N BEA IR EA T o A F ) Sty -, F
— O IR ke DA T 20 1, T R A B AR e K
PRI, e 2RI R DI R AR R R N I B 518
Bl RN R A2 W T S0 IR AR A R 5
AR AR TR T4

A. SEEFZHITNIER

SRARSE VI T R IR HE AR, B RN
B A % (Recall) . §HEZE (Precision) . F#5%
14 (Specificity ). #Effi#% (Accuracy). Fl-score, ROC
(Receiver Operating Characteristic) fiZkf1 AUC (Area
Under Curve) fb5. #1125, RHERFRE 18055

BIATE B
RRecall = NTg-I?VFN
PPrecision = NT];EI])VFP (1)

SSpeCifiCity = Nrn+Nrp

Horpr, Nerp SRR S52490 0 BHPE T ELA 5000 S BH V4 FIeox
IV %R, New 2278 Sy BH ARSI S 51 B o 1
MIRCEE, Nrp 78 SE A 1A A5 A 300 Ay BH P B Xk 17 )
Bk, Now Zon LB R B B A B v B i iy
Bkt o T I MO AR AN B —FR PR AT 1AL
R TovE AT PEAZ WT A R . [, SRR 5
AR, 6 T RIS T R A BER A AN A . [
I, HIT Fl-score. IG5 E T A LB
b, ATAFRIR AP IIEREY, sk (2) Fos:

i) — 2XRRecall Pprecision
-score RRecall +Pprecision

TEE RO T, xRNl (3) B
A, B ORI A R
] A E R AR

(2)

(1+[32 ) Pprecision *RRecall

Fy = 3)

F0.5-score #ll F2-score ¥EGTT2#HIET 2N H .
Bl BA T H G EE, 7E COVID-19 21 s
SRR 08 = U, R, R F2-score. HfE
THE S Sy (I

(4)

Hrpr, N FORBEAR LB S8 . ROC &kl
2 PHPER (FalsePostiveRate, FPR), jif/2 FPR=1-
SSpecificity , 2\ 2 B [H14E: 3% (TruePostiveRate , TPR),
# /2 TPR=RRecan. FLAAM, Z5E—BUE, XA L
BUBEAT /20, AT A X —2H (FPR,
TPR). f3AEREL A TPR=1, FPR=0. Ht, ROC
iR EEET AR (0, 1), UEPABEMEREMMLTS . 1A,
ROC &k Bag—MRAF R, BI 24 I0C4E i Ik
FEA A KA AR, ROC R BEMSRFF AL . 1l
SRR PR RIS, RIIE. fFEAS R 2=
R B, ROC #i&i53 7)) ZrW . AUC 3£
~ ROC Mg FrytiAs, FHLAWEAL - K8t , XA
MEEBOR , AURBE A REBLT .

AAccuracy = % (NTP + NTN)
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B. S EMESZ BTN SRR

o EUES W K 5 B RIEAL P45, 124E DICE &
¥, AHESRZE (Volumetric Overlap Error, VOE),
FSFAFIZE (Relative Volume Difference, RVD) ., i
RO B EY £ IEE (Average Symmetric Surface
Distance, ASD) FIXFRA B 1) B R 26 0 E B (Maximum
Symmetric Surface Distance, MSD). 1 4ciE XhRiR&AF
Vgt fil Vseg, PA Vgt Fern ground truth Kf B 12 E 45
H, DA Vseg FoRTIINE 43 #1485

DICE ZE1EH 57 HUE 55 i g Eprdebrtl)
2, HREF:

_ 2:(Vieg NVgt)
Dpice = =754 (5)

DICE FHCKM, VOR S5 51 8 ok 2402
CE TN TS W E ST N

2'(Vseg_vgt)
Vieg+ Vet (6)

RVD %75 Vet il Vseg P RBUN2ES, Jikik
AT

VVOE =

Ry = (2 = 1) x 100% (7)

NI ASD, S X Aseg KR Y 23 145
Vseg HIIAFEER, Agt R groundtruth Hry il 5
BFE. M5 Bseg:

Bseg = {\V/pl S Aseg 7d(p17p2) | Epo S Ag} (8)

Hep, d FoRil MR R BN HEREEE. [FETiT
153 Bgt. MRIEITEATN Bseg Ml Bgt, X} ASD
ek =RunR

AASD = min ({Bseg7 Bgt}) (9)

MSD U5 ASD ffysi XAl K3 o i P55
BHONRHLER, KRBT

MMSD = min ({Bseg; Bgt}) (10>

IV. #2272 1E COVID-19 AL v iy ] It Ak 2 BR
A BRRIFHEREN SR E
FERR 2RI, A T b7 Jean il B T B
BRI, WTDABEATRAESE I . AR R rp ] DASR B
AL A S R AL A R AE MR AL
HRA A RIE G FRRFIE , (AETEASRHE (£
ARG . BOBRE. /02 BRBRESE) . — BB e

fit. (Hik 5 ROT NI IR Z 50 BE 20 1A KARHE 5L,
i, /M BORAE . ARiEZE . W FIEESE ) ARy
BRI . BB AR 2 B I BORRHAE, BF5T
Hg R I Haralick 55 A4 K A F % (GLCM,
Gray-level co-occurrence matrix) filfy Ojala ¢ A4 H
i EEl At (LBP, Local Binary Pattern).
EEFEGR T, EEAM CNN (BRZN
%), GCN (EBHMAmMLs) . U-Net 451 R 2L
RIEEFRHE. CNN 28 2 HTEg 8. CNN #Rh =
PR ZH R, UIEGHZE. 2Rz . Hi,
F— 2 EEH TREUO G S MBI GFHE, 52045
BUZ RIS REFIE . X T EGEHESREUR L,
TEEEGQAFRSRR/N, B2, ET40K
ML U-Net £ 8 T B0 R 28 S URFAE -
TERHER PO R, 2= Z R . EH,
MEFF I —MRE CNN FEARKEE, mlZghE
) CNN By ILAT BB A RE AR MR- > A A
TN ZRata], H B A HRCR . FEE >,
TEA AR ENGRIFrY Z A B 4%, A1
WFFE AR A W] DAY GRS i I 2% o i 0 288 AR
FRESR I, o Rdeh LS U R . Xiang Yu 45
NIN#TAE TmageNet _FFiJeilllZhr) CNNs, MH AR
—ANR/NA 1000 14 42 2 PR URFIE .
XTSRRI, 5T bR AR Rl SR R 4R
B, {HBRA RIS R T, WA R 2 RS
2% ) WSS B e i SO Al e, AT il 22 RS R
fiE, T A% S8 RHAE Al A Sk R BT RS S =3 BT D
MR EIE YA . B TR R SEE AR, ET
TR 2 ) S YA
ZRSHCA G RS S BARE “BRET,
W AR YRR EEER, B BREE.
TEAN[R) g Bl 2 S IR AL 20 725 ], Redtdt e i 454
RSP AE o] 1 LG TE S, AT SE 3 2 Al
&, st (11) fros:

z=f (wlTvl +w2Tv2 +w3Tv3 +---+w2vn)

(11)

Horp, z BB ST RPN EER, v R
SR, wRBE, TR, madmt
£ R Pl TRSTR S B b S TS )

1t Wang S NBFEH, it 7 —Ad CT
P B RER g DCNN AL, DAFE7 A1 PRl AN ]
KA B, Sesd AR A 2 s
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\R\
224%204%3

RdINN

\lll
224%224%3

R sidual CNN

Pre-traini ng ith ImageNet Pre-training with ImageNet

Clini ||

2 -

Tor
(ER or NER) [m or NFR) (F'Ro NFR) (ER or NER)
@ (b) {c) (d)

Fig. 2. CT E{RFIGALHRER DCNN #&E

AT T — AR SEES, HIXBIZAAFET (a) SE5G
¥ Flatten J5H) 2048 PNEE4FAEEBES 9 4~ Clinical
data ¥4, 1M (b) ZH9EE:, NIKF 2048 NBARAFIES
w—A~ FC )2 (&EEZ) MR, 43k 9 MRHE
F5 9 4~ Clinical data #4%, 1fi (c) SLENEFE (b)
SEES R F, ¥ Clinical data £838—4 COV 2/

LR TR

AEFE, (d) SEERNETE (b) SLimiy sl b, #F Clinical
data Z3d—A> FC JZR90E . HSLI 45 R an -
Model Average accuracy Average AUC
Deep learning 69.52%+5.1 0.7233+0.06
model
Clinical model o
(RF) 76.03%+10.0 0.7532+0.13
Fusion model A 74.80%%4.1 0.7880+0.05
Fusion model B 78.05%+3.2 0.8045+0.08
Fusion model C 75.44%+7.0 0.7649+0.08
Fusion model D 78.66%+3.9 0.8248+0.07

Random forest performs best in clinical models

Fig. 3. XfLLSEG4ARE

MEER AT AT, Gl AP Bl &
TRIPR I ERER.

[ T N 55 | N € AN 1 o o<
SRS ERZF Y, #I0 TFN(Multimodal Tensor
Fusion Network) , LMF (Low-rank Multimodal Fusion),

PR JE 2 5 DA T YEAE B T Il 98 4t B2 Wi iz i
ﬁfﬁ‘/ﬁiﬂ, AARKW K e .

I TEPRF T B 2R IR LR O I

1) TFN(Multimodal Tensor Fusion Network): T ¥t 25T
W) TFN, TEN J&F early fusion, 2&— AL
s E A TR A RHE R A I 2RISR 4, B E N =
MRS HEEE (40 Text, Image, Audio) B =/ANRAF

SRR

hy

® ®

Y, Z, #f7:
l (12)

h.
1

ZER m, WA 4 . B TEN

hx®hz hx®hy
h,®h,
h)\‘ee---aeh!y I ,too---othZ
@0 -89 ( | @9 ---00)
Text Image Audio
X Y Z

Fig. 4. TFN B RE

SB[ 5KkE S (Outer product) AR [l
SHTCRZAAH A, (H AR INRRAE ) &2 10 2
B, B SAEEALE G, XERAYIZR.

2) LMF (Low-rank Multimodal Fusion) : ‘& TFN J%E4f
FEP, SRR . LMF Fi| XA 7 ARk
I, R TEN SeikssMATH FC E’Jﬂ_‘?&*ﬁt/\
S SeEMAMAL e 2 IS T2 4R AR, TTAEERZ

AR ) A S5 R AT Mﬁﬁ@é')ﬂ‘%ﬁi*lﬂ’ﬂi}@@&
D RAE TEN JHg, H—BReid K, 1)

Eo @%1 O

Low-rank
Multimodal
Fusion

i

Fig. 5. LMF WMEBLRE

BT ZHRURIE -

B. BgRISEI S5 H

ZRBEIT 2R FUE S 2 E e A U-Net 1
>}y baseline, U-Net & 2015 4F U-Net: Convolutional
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Networks for Biomedical Image Segmentation 2 H #
AL, 2893 4 K encoder (FRAE) JEE4T 4 Ik decoder
((FRHEE), ¥ encoder 453 i1 Gi SURFIE B P52 2 5
F R I P . FHELT FCN Al Deeplab 424544, UNet
TER— DB BAE T skip connection (5%227%42) , i
N EHARAE B PO SR _E AT IS BRI iR 22 A, X
FERRORIE T 5 R 0 SR W RRAE R Rl & 7 30 2 1) 2
FRIE, (SRR SRS TR A . h TR
BEIREMIR S, U-Net 280, FEAMNER,
ARG WA, B U-Net KHASKRMZ (3D U-Net,
U-Net++. Attention U-Net #1 transUnet %§) #{) 12
T EE2E B 1) 4 %] . Zheng 28 Nk Unet W45 3
AT IR X ) 3 1

input
image - |»-

output
> |
tile o o o

_| segmentation
2 @ & map

it 1

lvbl»' A—I*I"I =»conv 3x3, ReLU
’ " 512 512 4 51 f C copy and crop
el — ¢ EeE- § max pool 2.2
™ 5y oo 4 & 4 up-conv 2x2
f»-»—»—

= conv 1x1

Fig. 6. U-Net MZZLEE

transUnet Z5HUNK 7 Fios, EFM T —MNMEE T
CNN-Transformer Z5HIVE Ngmigss, I+ HH— 9 BE
B SRR ARSI . & 545 Unet MG, 3
T BRI, PR R e A B B A A

Fig. 7. transUnet MZ&LEHIE

Attention Unet ZE5#f & 8 frn, Bl
Attention Gate, TERFFITEBAEMBHT, 5

=

SRR . Gadl £8 A (2020) SRIAE BOMHTIM 45
Al Attention U-Net it 7 i DX I 20 #1945

q ISkS
2B x ar 5 =
g = s 5
£ |2 3 = k|
= = ;| e i X E
ad = [T |9 Q qig) |8 = 2
< PR B D> X5 | 2 5 &
= ) |E EIE R = @
x| >| = ey
CIREINGIRE SRR EIRE:
ERERERE Drixix| | x| ixi (Conv 33363 + ReLU) (x2)
SN IR IS
2 2 i = =] el Upsampling (by 2)
2 |= 5] (8] =g |2 Max-pooling (by 2)
= DR 3 Skip Connection
[ SN - Y g | Gating Signal (Query)
ol lg et 1 Concatenation
= E ) Attention Gate
)

Fig. 8. Attention U-Net ®4&ZEHgE

UNet fEEB 7 FIL55 h A KRBV H Al SR
RWA VL FTI T IR IR E ATkt (BULPICh
NS B IERRAMSGE U R A A el T [l — AR
LA AT RETEA R B e 4 BB AN —RERPERE, 72
S RENIDERE 8 7/p e Uy e SAE i CITE S ST = PRl
%o WFFT R B B R 0 A 32 T 2 S AR T LR

EFEBFINS KR
ETFRDEINENDRIRE

BRI

ETREGD KGR
ETREDRRE

FEIMLE

Fig. 9. SrRABBIFPE

A I SRS W R G — Ik P LA i
TRAL T FIRZ 500 2SR . BT IR0 B R 25 11 7 36
B ] VAR AL AR 70 I 2 A S A, atE
Fror &8t BRI AR Gl & o HLI
AR B M ZERAE M52, (X AP SR R SE it
RErp it 7 A A AR AR AR, A LT faT B A i 2]
S Y RS R A5 TN R T A RO . BT iR
>J 114 53 SRS U 3 A P AR R a3 2 2% (T
AlexNet fl VGG19) 82 AL BRER2E IR b HHTY.
M ENBRap B R T 2 ) 20 RORR TS AL 4R
WOk - AERHIA (fine-tunning) i, dEAB2 2T ZRad i)
W 2R ALV TR S, R IR, TR E
TPIALSS AT . AEFHESRIL (feature extraction)
SRR ERE AR E AEIZad i CNN Z2)5, 2
B — =R A gt Kl (WscRpi il SVM)
(4 ARHIE (A1E] 10).
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SOURCE TASK LABELS

-
\’
-

. MALIGNANT
. BENIGN

TARGET TASK LABELS

TRAINING

IMAGES

LEARNING TRANSFER LEARNING

CLASSIFIER FEATURE FEATURE

Fig. 10. $HEREUE

T BA 4RI 28 1 4 SRR, SRRy o S e
PRI B8 5 AR5 R I H A ¢ K RIARE ] T35 Bl
W, FEX fSCcE s, AR EIAVFI R B GLCM 1) 64 4>
fEH. 6 DEELEFEATFIR B A —#HSR 59 ME
VE R RIT I A 22 0 2 () i A . B Fh v 2 R AL
PG B P i AR 2 > M g v ifi i 74325 . ol
X SCE R, VRN T i A B S e A #1125
FA) I A A 28 1) 8 T A B 28 I 2 A T 40 26

HHl, BEap BB o 24000 12 (A5 B 48 0 4%
(Convolutional Neural Networks, CNN) #4 &R 24>
BLZY, Hamidian & $5 P9 B i 1 2%, 25 — By Bo 4l
I =4E FON i 35 5B (U kb DX e, 5 o B (i i =4k
CNN St 742, Cao ZHLI I —4E CNN FiI=
4t CNN &fify, HH5318 Softmax 43 4-F- I E A
WA~ CNN R#432., Silva 258 Flkr F#EU4E (PSO)
T ONN ) W88 S5 T, B T 025
2R PERE .

IR A RIEC AR RN TR R A BT ST, TEEREL
FRIERAEAE 2 20— S84 55 Z [AlFH KB E B, ARETS
B AR RIS KRR . S T SRR A R A 2K
45 Z [ RIAF S, 48 THor IR KK E, He %
i T 244> (Multi-Task Learning, MTL) 57 |
A G i ] DenseNet /ResNet 4544, fiffid
TR EORFEAIZUNR A, L2 B AERIFR G 1) i
Xf e 2 2 FEdR a5 o BRI SR St i, A
S RAT S B 2E > KIAE BT BIRE E . Y-Net SR
TR B, HA AR Mg U-Net —Fe4 7 #HIH#
B, 58 TR 2 A AL TS Ty 2 AR HA T 45
.

C. ZEFFISLREK

Liu 24, SHMIZRHLE, BeA I ZRgk m 4
AR R A AL AZ AL BE I AV BE . AR SCREX RO VAN
ZALF ], H A aI A E 2 A i, R

CTHIR U-Net I e Y-Net 4y 4

CTEI MLSSP arEIEER

e
[ conv—sr—reLv [ “FHibik PR

O wimye W 4k

150

Fig. 11. Z=fpgktsttt

AT S5 W EER BT I I BT S5 A R PR . IRE IR
BN TE AT o X A A [R] 2 AL e TR AR AR
WINT H B I EHE S, X AMES AT DA 5| A e
{5 RN G | M AT 2], A THR i A2 T i
il

MA W ZALSS 22 HiEEEHEET U B 245
M E AT . Sun MG U B 2%
(e d) HEalk, HTETD RS Lok o nE
ERAyE, E— YRR INE R, 58 AP R AR
B HRIZ5 0 . Zhuang 5] AT LadderNet, &0 PAFEAE
M2 U BMH RS, 5 HADL 7 AR RUR
[, HXPRRIE R Gl ke =, N2 8t
32, Murugesan Z8EH T Psi-Net, X 2—Fh&ERT 1
RIS 3 DIHFATRERSER I M 25 454, I —A~ 1R
e X I G 2R A TR A 0L, [RIBTRER 2 A
W25 i AT E B, 9o 1 AR as 4 - E 1A
PEm T B2 R A IR HER T

TEBT AT 55 W AR, FRATA AP A A ] 2 2
HIAESS, B eI SRt fE v, BN 8 4 R B 55 32 5
FEURS Z B R ZE R E K. X KB A FAESS
[1) loss function W FAFBALE, FFAFE task Z[A]HY
loss G —Bi— MR BEEL, AR R IR [ 55
() loss AN, SXHFES 18 B A BIAUAE A 204155 F 3R
REF, FEAPMES ERFOKE. B EWEEZANFLES
FAN A R R R A R 22 57, PR 2855 TR HIAL
ERFEA R R B RS —, HARFA Y loss Hir
HGE—RET, ZHERAEZG—, R INERZH A
[ ZZ A E T, AT E MV, 3EA T4,

V. BT RESE ~T B e i e il B Wi 2
AV NAF TR 55 ISP BRI 22, BT

FEERAES (B FAEF ML ss) MZAnss (B
RGO FEUES) , MEETHREYTH COVID-19
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Multi-Level MTL Models

Single-Level MTL Models
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Fig. 12. ZEFEI

K2 WL T 2 S A

Ir RATS5 SR EEA i
DBHEATHR I, PO T 5 AR 22 9 265 2 > i e il % 14

FHIE, AT SEBLXEE E I R BIS T s 7 FIAE 55 A E Fidk
B (PEHCRASIRI ) m LA b, b
DARAEAT 10, RERS A RO RFEBE 520, A
IS WTRCR . (B2, 20 AL 55 A S DR
THOMNIEFZEREARC, NIABRERE, X
TAHHRAAR ISR, Ak AR C A Bl A B
Z o BRI 03 JAT 55 0 BT 55 b BRAT R 43 31
Wnp 13 AiEl 14 B, MPE I TALE Bl A2 24T
S AL BRI -

DIRIEEE i

Flg 13. E;:*F#—jﬂ’]ﬁ*{i%iiguw

> HICNN o
(U X S0

Fig. 14. E%/*F%jﬁ’]ﬁ%‘]'fi%&bi@ulu

)

A BEFREEZSHSE

1) BEFHESHEEEH COVID-19 SHiERL: SCHR [1]
WE 7 — PR B2 S AR B 5 B A 2% v it
COVID-19. ¥ 56, WUz A R s IR Ay 8%
X8, (Regionoflnterest, ROI). #R)5, {EZMEET
Inception [ 4% [2] BYIE > fi 48 0 28 F DASR BURFAIE
3, 4EE Ul AdaBoost [3] % COVID-19 A1k
B s e R 7028 % TARIEE R B 0 FE 99
Bl (44 ) COVID-19 1 55 il BT REPERG 2 ) 1)
Jgis CT EIG . AR N RN E e A i e h
82.9%, rSetEh 84%, HUENER 81%.

SCHRK [4] 71 ResNet50 [S] $2IURFE, TS I%r
fiF 4 FIEM %% (FeaturePyramidNetwork, FPN) [6] Al

= TR [7] B . B, SRR

s, FF A B S e il BN S B, DA SR RAS [ i
R IEMME . R)S, WY % RO 2 W 4%
(DRE-Net) SRfEHC CT EUZHigny Xk, FfitfriE
BRI 5, RIS G AH S A DA
FHEERANLW . % RGRT 88 il COVID-19 &
H 101 BAnpE LR 98 E A 86 I fi ezl #F ) CT
AR T T IR B2 I A I SRk . e D4R
H, B AUC 2 0.95, HUSPER 96%, HOGHfi48 43
% (COVID-19 sidtipgtize ) MnEmE R 86.0%, Xt
fiigiZWr (COVID-19 sif#ER) RIHERI=E N 94.0%.

ik (8] BT Ak OT Bl g,
& 3322 & AN 4356 KM CT B (1296 3k
COVID-19, 1735 5K 1 X 3k 45 fii 4 (Community—
AcquiredPneumonia, CAP) F1 1325 5kIEM%)
TR, ZITEERF ResNet50 S84 T A A 3 %WEEI’J
% (2D) YIh b, SiGm AL (max-pooling) DA
X4+ COVID-19. CAP FIHEfli%R . SLIE5REN, %
BRI AHERf A COVID-19, FHREA UK 4t X kA5
P IS & AR A i P AL B 90%, FE S
PER 96%, AUC 2 0.96.,

SCHk [9] f ] UNet++ [10-11] $#2H COVID-19 3%
CT EMg H i il 22 i, G bric (COVID-
19 = JE COVID-19) B HE2HRHE 4399748 DIaaff a2 , 1
9 191 8 Sl A A L O35 T — A 2 2 TR A ) 4 R 1
B R RIE B EIN S R Ry, R Y =KE
SRR 7 73 ) BRAE ] — S BRI, A o 31y B
P o FRAF IR St 35 106 B8 (51 i COVID-19,
55 R HAbERG ) W4k CT %, HAHHLS A
FREREIESE . ZBLAIXT COVID-19 95 151 2% 51 i s
WIHERf RN S| 95.2%, BUSMELE] 100%, FrrtEil
#) 93.6%. HREIZEACHEE B O AR EE B A
15 B s A B A AT O B A3 A, HEAE LR B
Ui, PASEEDN CT BRI PE A . eAh, IIpFsel
T 27 A R B R e MR et —2b
ISk, REIBIREUS T 5 % oo BB AR A 24 i T RE
AR R B AR 1 1R 2 [l 65%

SCHR [12] 42— FP AT DenseNet201 19 5 T4
2] I AR COVID-19, DA W 2 5 2 5w e e
iﬂ‘ﬁ_ﬁéﬂﬂ?ﬁ\ﬁ ImageNet i 48 b 2% > I AUE I &

U 2 S5 R 420 CT B P 4. 1% SCEE
o SEEG B VGG16, InceptionResNet, ResNet152v2
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A DenseNet201 2581 P RE R B, SLIR 45 R E 0,
DenseNet201 #iZ11) Fl-score FINEMZI N iAE.

2) BFSEIRMSHESH COVID-19 &R Sk [13]
fii /] ResNet18 [14] H3hkull CT EG H R X, I
i /] ResNet23 30 SR Kk 2 7 % COVID-19 i
Re BE, FIH ResNetl8 [y 5 #IBLA M TS CT &
b Ay e B X3 . SRS, FI ResNet23 4328
RT3 X 3 43 25 31 COVID-19,  F 20 37 Jos 2 1
il 8 B R BREZEL,  [) i 3 o P o7 - R AL A B o
N B BAR 8. Beda . M NS ek ik DL R 4t
PR R TR B E B, CT FEASRAE 0 219 4
COVID-19 3. 224 I AL B s e 2 F1 175 61
e CT BEAS, % CAEE FENLAMEL 85.4% 1) CT A
VERNgite, Hir 14.6% 1y CT REA Tk, FEM
WEL, ZREBBURMEIR S T 86.7%, FHXTAHEHI AL
B-EEIEREE T 3.4%.

SCHR [15]) #3E T —Fh H T COVID-19 351
BB, AR CT MR, A Al S5 3 (A
RN LR . B AB AN T REM. TR
g5 A (0T BB R Al B R XA A S R L TR (5
BT =4 (3D) #r, FERS B 3HRHIEI A 2T
U, IR U-Net 438 25 5 BUSOSHR X I8, H.
i 2DResNet50 71 [16] kil COVID-19 H13 5
G, A SEIE TR M TR b 1 2 AT B S W
BLAURE FHYER (BHMER S H S A E s L) i
EREI 2. AFREE R, ZBAAE AR 1.9%
VERN BRI SLT, AUC b 0.996, it 96.4%,
RSN 98%.

SCHR [17]) SR TR B 5 KEERE 1136 ik (723
Bl COVID-19 PHE. 413 ] COVID-19 BHM#:) # a3
CT Efg. ZICHRHEMIZWE A & T UNet++4 119
S EREEIAIE T ResNet50 A4 2RMAL. 4 BIRA A+
Z8 AR X I T A AE , DA PR RG A, (R B R 4
KB HIA o IZA B R RN S 43 iR 97.4%
F192.2%, W IR 75K

SCHk (18] $2H—FhZAE552%>] (Multi-Task Learn-
ing, MTL) BZAGN COVID-19, F5tgs CT K#
w3 A5 IR AR R AT 43 . MITL[19)6F 5% [ AN [RIAT 45 125
TEEIHITHS, ARSI TERE, (L A R
ZACBES] o ZAEL R — AN AL AR RIS g AL,
FEBREEME, RGN AT RN 22K
4% (Multi-Layer Perceptron, MLP ). 1% 3] 104413

BEBIRE (3% 449 6 COVID-19 #2100 fi1E
w98 BB E R 397 BN IR ER I )
X TR AR A T IPA ) L At el 15 - I A 402
AR . AR A 0.86, HUEMEN 0.94, FRpEh
0.79.

SCRk [20] SR ZALS 2 I ARA, R — G R &
W 2RI S E COVID-19 A5 I B8 2 7™ E A B 4 4k
% ICYIZE ResNet50 1R 2 MI %%, 2% M 45 DA 1 97)
VEREIA, ML) R BRRAE ] 5, 000 52 i 52 2R
AER, SEEiX) COVID-19 Ay ROk, M i ™ i
FERERAVAT 55 0 SE B PR A 2 2/ A vy 43 1R
FRAB o5 o BRI B (A o 1 — AR IR 52 A B
S5 5ERL, T K-means B35 il P (4 2 617 2R
2, PARKJ LSRR B Ve A A T i B B, e AS /A i
FR 43 72 DR A 2 1 U)ok P 32T U-Net 454 1) 1
KoER. SR PANARU R T 0, U AR
[l AR . %A COVID-19 545 | AUC
9 0.951, FEEEAREERTS L, W REM R
HrkF| 0.98,

B. BTGB EANS K

M AR R R A 5 COVID-19 A
I BRI, RIS A B T Il R i e i
e Ft, ETIRE2]1 COVID-19 2 W55 A LA
WS R R 2l . AR TR (e . 7
PERG2S . AEDIRAGIENT 2 55) B3R COVID-19 3%
W RAEST . AIRZRBUREAEA R G h R R
PanE 15 A 16 fs.

1) &F X-ray § COVID-19 S UHERL: SCHR [21] 42 —Fh
DI CNN #4h COVID-19 F i v 2 I AN i 12k -
SEIGZE LR FEARIA) MCDW  (Monte-Carlo Drop
Weight) T, DUHHERRESE = ResNet50V2 BLAU 45
AERA A, I EABRYR AN P S P A 2 2 (Rl A
SRAHNE . MeAh, S0 A B R UL R
W28 BT YRR L, AT G R JBE 2 3] 45 S A i
O SRR PR

SCHR [22] FRIET 3 RO IR B I AL, |
T ResNet50. Inceptionv3 Fl Inception-ResNetv2 [23]
() COVID-19 Z Wi, T M X-ray &5 4Gl
i COVID-19. i id ROC 4 Al 5-fold A2 LEGIEA]
PAE H: FEHER R T, AX Inceptionvd [ 97.0%
1 Inception-ResNetv2 ) 87%, ResNet50 A5 T
98.0% F a7 FEVERE .
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(D)0 A 52 A

(MR REIEI 58 183

(d)COVID-198 %

Fig. 15. Rgap X-ray #EARER

€

(D)2 A 4% S35

()R A

(o) ik DXARAHE i 58 i

(d)COVID-19%

Fig. 16. Hg#p CT HAER

SR [24] 42 H— A4~ T Efficient Net[25] ) 46 1112
Wi | fifi i EfficientNet-BO M 2% £ ImageNet |
AT PIUNGE ) AR EURRE , - ELPHHT S5 A AR N 1
A3 BT B B o i A A A O AR 55 0 X
COVID-19F14E COVID-19 H & #7402, FH 4T H
W, Hdr, RERWAES S 5548 Mtk
M T 53 28 1y COVID-19 43 % %A 2L 1) B0 1 oy
T1.7%, FrRt-h73.8%, AUC 3k 0.836.

SCHik[26] 3 H—Fh LT ResNet i) ONN [ 25 pH 7
(COVID-Net ). BRI 1E# . 40T HE Gy 3 COVID-
19 i FE ML R COVID-19 i B By s T Him , IF:
Hph R HERf T 80% FIHEEARE/NT 2.5 ALk

E B 2311355k . COVID-Net 15567 ImageNet %
WA [27) LRI, SU5HT Adam fRAL2E COVIDx
Bl FlZE. COVIDx St 45 5] COVID-19
B 1203 BIIEFE 2K 931 Bl 5 fili 48 [ 35 0
660 H MM 28 BE 1Y Xoray Bdl . SRR
83.5%, HRMEN 100%, KEHER N 80%.

SCik[28]3 R AT RS2 5] iR COVID-19,
TS A R I T B 2R AR A Kb e it (SOTA)
g ONN O JEFTPERE S A5, 3o L FEVGG19 [29).
MobleNetv2 [30]. Xception [31]. InceptionFlInception-
ResNetv2, #RJGdtiEfe:>] [32] Fe/N e R BE
LRI SR, A SEEIXT COVID-19 i Wr. il
XA A CNN 25531 % 3, VGG19 F1 MobileNetv2
TR, MAh, IR BT SR R A TR A
MR AE T, VGG19 BA T RS, k3l
97.83%, i MobileNetv2 FEAEEE T (99.1%) T
VGG19, PRt HAIE I 255 & 4 2B AT 55 Fds 2 Bt
ENIUESEI ¢ LR

PA bW 58 B i BB B R 22 0k B AN Biodke 4k
COVID-chestxray-dataset, flf5 70 5 COVID-19
FHITE Xray Eg; KAG B, WFHHEEZE.
i T P i 98 A8 RN A TR M R Y 5863 5K Xeray .
H1 T COVID-19 EEEEA R, A2 ATHE A Bk
R, R A O B F I RT T EtE ABE A
Ao Wb, Xeray MENEE HIWES G AL —, B
Sz T AR s A SR AR, (@ HOA A A
JaEs CT EEEUR. EARERNE, i
H30] (33], COVID-19 [ 7E R B AR B
B, Xeray WoRIEHR . B, BFEARZRI CT £
PEiEAT COVID-19 121

2) BF CTH COVID-195W#ER): SCHR [34] $2 i3 T — 7l
59 MBS Wik A, AL =4 CT BB COVID-
19, {5, XTEATE MBI U-Net 43-H1fii
MR, ARG, RE4 IR 3D RIS =4k CNN
A, PATIIINEG: COVID-19 ffiffe. =4k CNN 4
FEOAR 3 Ao S—aBr B TR, | 1 =408
. 1 4 BN (Batch Normalization) ZH1 1 4Mtifk
JRHG A 2 AMREET G B =4 ik
AR, WH 3 MNEBEM 1 MR, %L
Ve, Wkl 542 4528 % (313 il COVID-19, 229
B4k COVID-19) (R CT PG TAE I {4
o ZRBERBURIE R 90.7%, FrRMER 91.1%, AUC
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3 0.959,

SCHk (35] $EHH—A T COVID-19 43 KA 5 431t
M4 H ZhIR e S BER, %8 {d H] DenseNet121
VERE T M, ¥4 DenseNet121 5 FPN HIgh&
SE TR AR B 350 F], SREFIHZE DenseNet 4514
(COVID-19Net) #EZAFFML4, X4 E45 2 i X etk
o3RS T 7T AT 5372 B CT KR, f
& COVID-19 ¥adefge iAKW ¥4 (Epidermal
Growth Factor Receptor, EGFR) ¥4, Hr, 4106
Bl HA EGFR P 58 48 PR A8 1) B8 35 1 A I SR 0 A 2
HATHUNSR [36], fiH2s 3 fliRRE, 924 %] COVID-
19 FRFE A 342 i) oAb it 58 S 5 R AR ) Sk R4 TR 2L 1|
Gk, 75 4 PNIMRISUESE T, AR A T 58
(AUC=0.87 F1 0.88) FpiEgthfiiz (AUC=0.86) H1iH
%] COVID-19 HA% T RIFHIRIEE .

SCHk [37] R A B CT R4, 5 2685 fi
FEAS (1658 ] COVID-19, 1027 @M% ) . %
By ekt i BRI AR 3, R VBNet [38] 4r#]
JERYLD . Ao/l 5 ANHl AT 18 AN B AR EHEE
TGRS LB R AE R RO R AE 45 F TARAE,
T/ N R ICE FNIR B E T [39] BEATEMIESERE . 7 IR
b R R I NI BES LR ¥, 2
WE A 30 ARG kRN 4, e ik
TTREFLARAM T 2 SEIREIRERI, I AR T B )N
TE 0.01% ~ 10% &5 [ P A (I HUAS T R i P fE
MERE, T /N R ER G 1 B8 B R A R R AT A
5-fold A YHGIE R, SAAERIE R 90.7%, FrRtEh
83.3%, UEHHFE N 87.9%.

SCHR [40] B A5 ER (NAS) Wit—AMgaE
W =L, Zh4 CT BB KN T COVID-19 %
Wro ZEELE SRR IR RN, & XAt
JEOU . SRS ERR B ZRORNS, MIRIFRI], BB ER I
Hot A2 07 ik R Te4 /) [41]. dJim Ve e 5 07 Thi 4
AEERIBZLIA T . ARE R NAS RS2
SR Gy 44 4 MNas3DNet, SZIRZEHR 20, FHXT &
2k 3D B, MNas3DNet S84 ROFRE/N. s, Hrp
MNas3DNet41 AESIH SOTA R RERIN, AHMIY
HERZN 87.14%, F1 3434 87.25%, AUC 2y 0.957,

SCHR [42] B —Fh TR A 785 B2 I 2 AL A TR FE L
K ELEF LM 2 (DBM) |, 456 H & W 22 43 ik
(MADE) #¥% [43] ## MADE-DBM #5584 , A4 0 DA
AR T LS S S8R, & AT COVID-

19 SER 2R AL . Z R SARS-CoV-2CT-scan 4
PEE, FRNZREMMR A 3:2 MBI TR 2, Xt
P2 PR 5 HAl SOTA HEHL 4 AT — 4 B =43
KIPERE IR . LIRS R, %BIAE AUC, fUR
PE. FRFPEFIER R S5 AR AR T H AR 3615 T
BRI, X 42, HOAUC 53] 0.983, #U#bk
k%) 0.989, MEREILT 98.4%.

SCHR [44] N AT SR COVID-CT-set, H Hig
H—FpuE  WERI 2 H ARG T CT EUZ s
i COVID-19 EEMEG . ZAL TERAENT: 1
5B Bz TR R AL PR DA F Rl
TWEIE B CT Kfg. 6 F—Br B b —fh i1
ResNet50V2 Bt (R EEB AN 4, Il i iE £ 2 8
W2 EA TR, Xk CT B2, fafl e
fEFTRAC RN 3 2 E i R A T AL 2, DA /R IER
PR DI . SEIREE SRR, ZRGRBLAL I EL 5
TR, 53] 98.49% MITERLR.

VI. BB REXT HE K AT

SO RS . R AR A TR B A S BRI
COVID-19 #iMi2 Witk 24347 TR A 4. R SCREA
HTMYE. B, BEa. hReRm. H LMk
FIFFUEIE DL 6 ANLERE, AT A A B T IR S W
COVID-19 iz Mgy, HAK LR K-

M AR AT H 2518

1) X T M43 T4 HTn] 41 COVID-19 K2 st
R W 28 Z5 R A 2 4 I 2% (U-Net, UNet++ Fl
VBNet £%) 1432/ 2% (ResNet %%, DenseNet
%%, Inception £%%), WT COVID-19 H#
TEAS A By B B AN [R] (R S AR 405 A, R ] DA
i A I 5
XF ROT I T4 RIPR L (R A] DA Bl 232 44
22 >] COVID-19 BEFFA AR RHE, MM
AKX 4 COVID-19, HAG R FIEHF 2345 1t
Gb, WA AT T B (40 FPN. SR JIHLH
HLRMS . Lasso 45) WA RHRE =AY PERE .
PR EESEA T BT T A 2098 T AR ) COVID-
19 HHRERAABETEEMILTEULE RS, K5
SFRE SR IE RS I ET/MEA COVID-19
BIREEATRE IS W: BeA, Hat a2 AT
A F)REL COVID-19 4 45dH4E (4 CC-CCII
Btk . MosMedData %#ig4E . SARS-CoV-2CT-
scan $(fE4E. COVID-CT-set R4 ), KEHHF
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B F R4 (Gl ) /€ LES uA R HEE R EEd B BRI
£ =0.829, =0.840,
Toepismideciio 44 NCP and 55 VP(private) ¢t ACC-0829SPE=0840, \0p yvp
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