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Frid

5) REMER K BREANTICKB&RE— 1T
Fnt, (HIATEIRERE RN [70] MATARKXNIE
Tttt NT M S, FATRHERAERZ U E L E G
KN, FE AR I 22 RIS Dice #0125 [71] 2
M, a0 NAR:

P-G
L_BCE@AD+1—HEH:WQH, (6)

H =Rk (BCE) WA H x W MZEZREIES
8, pi,; NIEL sigmoid REITENTE (i,7) MEBREN
BEG, < RFRETk, P A G o3I &&=
L, |IP)y |Gy ARERARIAY €0 TEE

C. BABW

— /AT ERER 7y RAR BB AR 7 BT AR B RRESE R
S COVID-19 BIZEE IR, S5 HIBAIAEEL, Fdl]
5y K3 EH COVID-19 BERFIARBGYHERIN CT EE
HATIIZRR, DABMRAIAREARIN RIS 8 2 Il 2R EdE, R
BRATE 52K 280] DU TG M AR $2 4t COVID-19 1
AIfEREH RN B, (HENREREA T RN 2R AR 22 7
Mk, BATE o EIRERE— DR TR T A, dE R
i s BE R AL F A 11 COVID-19 BE™EEE, HE
HA5 £ & NI BHEA TR R &N EIhRS 2 IR B 5
o 0T B IR EATRR S, B EIT L& iR 7325
DERERITR T COVID-19 LW RS, fEEEHR, BA 15
PR i SE N AT BER G CT Eg2E N COVID-19
FEME, aniRymihRE M, EELUHEHBINE RTRER COVID-19
B, BN BIRALEAE CT B B TR, I
EBA CT EUGH R IEEAN R X,

IV. COVID-CS ¥iE%

BB TIREX SN AN T E LW R E £%
HEER, Hil, IRDE AT COVID-19 #dEE EA K
FUBRE A BN S R BRI, A TN E, Bl
7= COVID-19 7333 & (COVID-CS)
T, TEARTH, BATRENHEIEENEIRIEE. L lirid
M, Fig. 5fER TRM COVID-CS B HiEFEA
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H LRI ZAEE R,

A, #FERE

NTRIPEZENER, BATEAERIEER A T8
FHINNGEE. BATRET 750 FIEHEM 144167 5k CT
GBI, HAr 400 B9 COVID-19 BHIE, HAR 350
BIEAME:, IXERFIZ RT-PCR FIMNESZ, 40 AF:T1F
FIRfE [72], BAIAE EA XSRS EMI% (CAP) B (F
EE Fig. 5) ., RE CAP BER CT &AL
TR, BAHRHZM AR ATRESIZWTN COVID-19 BHE,
B CAP RUEMMHE/NT COVID-19, FATHI H A2 PeiE T
R—1NHEhzW RS, HRPSH HEELUHEG, LIk, Fl

CAP #2

COVID-19
#Mild

COVID-19
#Medium

COVID-19
#Severe

150, 2 BIREXIRGMEAIZE (CAP) B (55 2 #1 3 51) 13

Table 111
THE CT SCANNERS AND NUMBERS OF POSITIVE CASES.

Manufacturer H Product Name #Cases
GE Medical Systems Revolution CT 1
GE Medical Systems LightSpeed VCT 6
GE Medical Systems Discovery CT750 HD 12
GE Medical Systems BrightSpeed 12
Toshiba Aquilion ONE 33
GE Medical Systems LightSpeed16 64
United Imaging Healthcare uCT 780 272

H CAP/COVID-19 732£28§ [72]. RT-PCR A5 BN
255, CAP BEAIEHIZWTN COVID-19 B,

PG BB TS CT &, S MREIE
250~400 1 CT B, #MEHIE CT BEEEMNE CT
GRS IR B R E, CT R A
4 BrightSpeed. Discovery CT750 HD, LightSpeed VCT,
LightSpeed16, GE Medical Systems HJ Revolution CT. 7R
Z M Aquilion ONE #1 United Imaging Healthcare [} uCT
780, ARSI HIEUSGETER Table 111H1, CT Hi
FHERERN 0.75~1.25mm (F1% WE Fig. 7).

B. ¥ RAriE
BANEFRMNE coVID-CS BIEEH NIRER CT %

G ERGER AR T TR, DAMESCEIECS 72 28R/15
LSS, w bEAmIAR, BAIEGEE M 400 1 COVID-19
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Figure 7. The age, gender, and slice thickness distribution of the COVID-19 patients in our COVID-CS dataset. Zoom in

for details.
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50 4 COVID-19 BEM 1061 5KEG, MNFoEES,
FEMZHHEF 150 1> COVID-19 BREHEHIN 2794 5K
E1%, A6, BATIRENLIEE 150 FIARBESSHH], 7500 5K CT
EUGE AR IR T UIZR, ISR B S RENLIZERY 200
BREAHR BN 64711 5KEEFN 200 HIABEAHHFIN 68041
KEG,

PHEHEbR. N TR E5, BATLRAT [20) 8Tz
i R S R BURME R bR N T TS, |AMERAMRAD
WREE R, ie., Dice 74U [73] 5 ToU, N T2 2mM
PEA, BADBE—B A T 2 A0 B —— 58 5
& () [11]o

JHiBXEE. £ KR5S B, BAR T A EBIR S HORI
TR [65] R EMESS b, N TIRAPHEIRAIN JOS

B, BATRHS ZIhRERIISIMBIU AT ILEL, de., AITER
22BEGH U-Net [67], DSS [75], PoolNet [76], AT &

FEREII EGNet [77]o

B. £3.m¥y

TEBATH) JCOS ™, 3 ERERIFN 73 BIEEL 73 B ZRe AT
TR KAE 4 D gpu DA 256 AYtEE AR/ HE
AT, N TIREITERE, ¥ oT BgRRNARNEAEES.
224x224, FATRA SGD fifbds, WIEFESIZER 0.1,
30 DMEBBRLA 10, 722K28IZR 100 NEHL, TEEHRG R
JiE, BARA T RENUKEREAIBENEITHOR, FRH
TEBIRAEEOK [65] KIHEREEENRZE, BGIEAH Beta
SAFE o WEHN 0.5, N THHEIER, G/ NMEEHH)
CT BBy 4, JFERA CT BGRIAR/NZE,
512 x 512, FAIHI 2 EFHREAI £ T2 ImageNet _EFISE
MR [38)e FINFE] GAM AR PYANZRER I AK 2 5
A9 {1,3,6,9} F1 {1,2,3,4}, #IGRFESIERNF 2.5 x 1077,
The initial learning rate is 2.5 x 1072, FAT IR poly F#>J
UM, KPR SRR T (1 — Gatler jpower Hf
power N 0.9, 73ERERIHAT T 21000 RIERN R, BA1E
A Adam [78] EAbEs, ¥ 81, B2 73AIEEDY 0.9 #1 0.999,
M T EAEE R, BA M HBETUKERERIBENIEET, 48
PR R RYNGREHAT TR B RNR I b,
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Table IV
ARNEBME T 72 BB U F R R, ERZEEY, B&ITE
BEIZEN 25 (KEIT),

No. Threshold ‘ ‘ Sensitivity Specificity
1 15 96.0% 91.5%
2 20 95.0% 92.0%
3 25 95.0% 95.0%
4 30 94.5% 93.5%
C. %X

AR RGN, Fig. 9 /R TIER SIS E RIRIRS
B L R YIZRAT 73273 ST BRTE B (AMD) BYRTRRAK. [65]6
B, BATNER T BATI AT, FFTEBUR R 1%
FIAEAG T REFEITERE, (H2FATARIN, FATH 5 288
R AM B2 FHBENUKERIEEFRENLEET (Fig. 9 (a)
WZRR), AMUE R TR, i 20 HAE R X,
NSFIXAN AR, R MIT IS B 32k RGN
IRIZWTRIFE BTN, ATRIGX D, FAIFFRIT
e T EGIR A BOR AT DU RN R, @il 5 | AN EIERIR
BER [65], FAII 2B AM 245 T B HERITR I
XN E, W Fig. 9 (b) AivRe BAF Fig. 9 (¢) RRTEMS
KRB B NUIZRRIBARE) AM (2 EIHRK Lo, 1
SIIT-A4FR ) FEFUEY AM % T (49 7 AL B 1 o R R RS
Fo IR, TEXRVERE LRI EIRK Lseg HIEIER] DA
&, IXAJRER T 7R AR (No.3, Table 1V),

ARRE R PERE. fEHEEE R, AM fiBIEE TR
JOS RSHIMTNZE & Ef. N TE—RA, E—4% CT
B R DU IR, V2 B RTRE AR, At ATRAT]
HREE T —DEE, YAEREEN CT BBREKTH
EIN, BEWIZWN COVID-19 FAM:, @I k2 B, T
AR RS AT DATE UM E AN R e M 2 [ A TR, Table TVR
R THEBANIN CcoVID-CS HHREMMIAE LA RE T
SRR, ATLAEH, AR BENZ R G R
SRAVEREE, YEMES 25 I, BB REEIXRE] 95.0%,
RN 93.0%. SRTM, AM ARRESRALIERAIIR X 5
H RBEIE), W, BATE—DRABA 85 HIEEA
KA COVID-19 EHER CT EEHHITRMX I,

5r#15r% v EFM Ml AFF H#SEE. In SIT1-B FRATI5IA
TR #REER EFM F1 AFF, EFM () HRZE &
AR TE D By X HINRIRRE ). TERHMERIG N EL, RA
AFF B35, B/NRCTIORHEEESZE, MEamRE R
& A FVRHMEE —HLE{ =, EFM 1 AFF H{ERERFZEa0
Table VAR, BB—1MEERBRE EFM Al AFM YN

Table V
SEBAH EFM M AFF FHRISEE, HERET VGG16 M
B %A EFM&AFF (No. 1), BN T EFM f1 AFF, Jf/&
RTEMIEXRE (No.2 il No.3), HBPY/NEEFIE S EIBA 25T

A,
No. EFM AFF Dice ToU E,
1 71.0% 57.7% 88.0%
2 v 74.3% 61.4% 88.9%
3 4 75.9% 63.4% 90.9%
4 4 4 77.5% 65.4% 92.0%
Table VI

Iy HEL 5 7 R SE S IR T, S H45 RAAE F  H A
(No.1) A TEAIN BIMRHIEZ G, BAITE Dice E& (No.2)
JIHESEIT 1.0% RIS,

No. SEG +CLS | Dice IoU E,
1 v 5%  654%  92.0%
2 v v 78.5% 66.4% 92.7%

o TERATRHIEY EFM #1 AFF Al A TEMEZ 5, %
£ Dice BRI ARG T 3.3 Hit, EFM fil AFF *}
ENSCERAIRKAE B, 4455 EFM M1 AFF I, F&47]
1E Dice ERFTHIRE T 6.5 7€ IoU Fl E-measure [71] &
RITHSOES Dice JEREMLL, FIH, ASCHRHK EFM
1 AFF X BRI 2 AR A 25 1,

ob
He
ok
[E[=

51 BUBRL 5 5 JBURHES & AT RIS 4 §111-BAh IR,
KBRS RIS S, SRIEFENRE. AT
RUEXFERERE, FAIB1T T Table VIFFFTRAYSE S,
FE R — Sy EA (No.1, Table VD), {HERATH 22|
Sy AT 7 BRI 514 (No.2, Table VI) TE Dice
ERTTHA 1.0% KISGH, H BRI FBERIARERT A
HE B 7y B T 0 BE 4P A28 51
ST HIPERELLER. Table VII FIH T 4 Ridsos 5 #1757 A0
AT EIRRIR B R LR, PTABR N, IBRETE =
MR LEEUS T RIFIVEE R, 55 4 PoolNet [70]
Hitk, ETE Dice 3%, IoU Ml B¢ EXHIRE T 8.8%.
10.5% F1 8.8%. H4I, PoolNet [76] 1 EGNet [77] 1£ 3 I
febr ER1E TS e U-Net ££ ToU Lk DSS [75] Y
RKMGF, REENTE Dice 1557 LHHY, Fig. 108~ T
RITEREMNS R, AIDE, HRREERE, PE
FIEEE COVID-19 &G CT EG Hh X 28 DX I i il
ANHEFE R, (2B BRI Ef A T E
COVID-19 EHUKN- F AR AR X I,

H TR ERREN, BAES EIE B
BRI BRI BT T Gt 0#r. B Fig. 11 (a) R TA
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Ours
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Figure 10.
XIS CT EHEAT AR,

Table VII
S EMRERERE R,

PoolNet [

Methods ‘ Publication H Dice ‘ IoU Ey
U-Net [67] | MICCAI'15 65.1% 54.1% 79.7%
DSS [75] TPAMI’19 65.7% 51.7% 79.9%
EGNet [77] ICCV’19 69.3% 55.4% 83.6%
PoolNet [76] CVPR’19 69.7% 55.9% 83.9%
JCS (Ours) Submit’20 78.5% | 66.4% | 92.7%
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Dice 1SR IMAHI R R,

BRI Dice TF7r5 CT BUGIRIMXIBIIAHE M, IHIER,
BT > 8000mm? NZEIAXIER CT BEIGH &FE CT Bl
GEEN 1.0%, EATRGHIE Fig. 11 (a) Ho FATHEE]
95.9% ) CT EI& Dice 145324 (0.6, 1], MiHEAM 3.3% HY

EGNet |

AT B BIAE EREPER o 817, BoATME=ATHAEREE, PEMERE COVID-19 BHERFRHZE

CT E&I Dice TEAFE [0.1,0.6 Z[E, #EANBARRNE
fil, CT BB A 0.8% HEIE Dice 1$7HMKT 0.1, PAK
W BB, BATTEMNAFRI A ERN T8N s
W45 Dice TP Z HIFIX R, WA Fig. 11 (b) fir, CT
EURH AR LE O Dice PR IR AR RS K, X T
4 FORFERHRZS L, H 7 Dice 59T 0.8, 95.0% B
BEIXEN [0.5,1] FATEMELEN RO FI IR T4 < 2,
257 Ev A2 XI5 TR AR S2 R AT P RERMIR =R (0.8%)
TESE T BAT0 0 B AR E M

EWiHI. 31 JOS RATEH K RTX 2080Ti E@kf7iH
EL, BIZEDEELURFIEE 300 5K CT BB, Al
JOS RGN BB 1.0 #Y /A IR Rl 5E AT DA & 2
IWUEG, RIS, EIAE LD 21.0 PO TR
e E, Fi, £ JCS RGiH, BNBRERGINRS
AN 22.0 B, BDREBGIRBINRGRAN 1.0 7, E
SHERRZE, TORmB SRS, RN RT-PCR K
ERHEAER) CT LM RlFRE 4 /NN 21.5 535,

VI. &g

HTINGRT COVID-19 2R3 CNN #AL A&
XRGHI R T — DRI COVID-19 77285 7
(COVID CS) #Etk, BANEH LR T —THT COVID-19

W& 532153 %U (JCS) &G, TERNTNARGEH, 57
AR E T RELIRE R AN COVID-19 FHME, FHH%
MNEIRMIE AR, 1€ COVID-CS BIEER 73 RN E
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b, ZITREA 95.0% HIRBUEM 93.0% R R, AT
R AL B AR R TI, FATLI T — D B A B
COVID-19 ## CT EgH IR EREXIN, 55577
EHHEE, e.g., PoolNet [76], FATHY> BIBAERIG T 8.8%
[ Dice 1853835, A THIBETURA T SF0E, ERATNS
HIINASE B, HANE 0.8% WIEIG LRk, 78 95.9% HIE
BHHE T [0.6,1] B Dice 1547, BTN COVID-19 ¥it
(1) JOS LW RAITE LR IR PR L,
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