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WXEI AR LuQJ, Bai Z Y, Fan S L, Zhou X and Xu Z.2022. Multiscale codec network based CT image segmentation for human lung disease
derived of COVID-19. Journal of Tmage and Graphics,27 (03 ) :0827-0837 ( liffi 7% , #11E 5%, B 3610, JAI 2, 14 #L. 2022. COVID-19 JilidB CT % £ R
ARG o) o R R K 44,27 (03 ) :0827-0837) [ DOT; 10. 11834/jig. 210523 ]

COVID-19 i &8 CT BE 2 R E&wFEL 5 E

mEA MERTEZR, AT, FM

ZEREFREGE, B 650500

W OE. BE  HEUDREIEMIZ (corona virus disease 2019, COVID-19) [ ik AL Z 494 ( computed tomo-
graphy, CT) IS EA W5 (55 A RFAIE , DR I VA b DGR A IR CT PG b 43 B i KR, X COVID-19 fB 5 it
W EA FEE R Y, COVID-19 il Rk X IRE Z2 248 A J7 k4 BIRE FEAS , BB M e R 8, &
ORISR AR R IR A RGUE RS, FiE AR T — AR 2 T 1 22 L S it 1 1) 4%
(MED-Net( multiscale encode decode network ) ) , i% P £ 5% I % 5 1) FJ %€ 5 | 7155 38 £ P Y HarDNet68 ( harmonic
densely connected network ) 79 1, & 3% 1 5 4> harmonic dense block (HDB) 41 A%, B 453 5 5 423 A 23 1] : A it
k4 58 (atrous spatial pyramid pooling, ASPP) %} HarDNet68 (%45 1 AR 1.3 4.5 4> HDB 42 IR £ K %
fiE, BEHEAEIFATIRID 2% ( paralleled partial decoder, PPD) 3&Ail 33T T —AN 2 R BY AT M %5 ( multiscale parallel
partial decoder, MPPD) , il % 3 ANAN RIS SZ BT 1) 43 SCHAT AT | DR T fith 238 43 (15 5, 25 2R B/ Nk 43381 PR Y
SR, A THRTE CT UGS BIRGEE | R IR 225 ST HERE | I 45 A T R W B AL , T4 22 RUBE gy 2, 386 0m 17 %F
BRI S AR B R A, 258 7F COVID-19 CT segmentation $035 5 b Xt A< SCRI 2 9847 T I3
T LE R MED-Net 1] UG R0 X B AEREAR > | DL R 4380 AR A S0 RS R AR S R4 ), 2 A
50 BEIZREUR AN 50 DEMHR MR IR 4R 1, A EI 25 R Dice RECN 73.8% , REGE R 77. 7% K5 5N 94.3% ;
5 Inf-Net (lung infection segmentation deep network ) FIZEAH LY , 73 BIFETE T 8. 21% .12.28% \7.76% . .t Dice RECF
RPUERE T HATEE T 28R B AR 53 Ty e HEK . 818 AR T COVID-19 Jifi% CT [EI15 43 Fks
TAEE AU T B B /D /N 43 FIME B RS ()8, B 4> [ 343 COVID-19 fili%k CT EHRIRET)
KEEIR HARGEIRIE TN 52 (COVID-19) 5 CT BRI 5 22 RUBE Gt i Bt 5 TR FE W BEHLR] 5 /v 43351

Multiscale codec network based CT image segmentation for
human lung disease derived of COVID-19

Lu Qianjie, Bai Zhengyao™ , Fan Shenglan, Zhou Xue, Xu Zhu

School of Information Science and Engineering, Yunnan University, Kunming 650500, China

Abstract: Objective The corona virus disease 2019 (COVID-19), also known as severe acute respiratory syndrome coro-
navirus (SARS-CoV-2), has rapidly spread throughout the world as a result of the increased mobility of populations in a
globalized world, wreaking havoc on people’s daily lives, the global economy, and the global healthcare system. The nov-

elty and dissemination speed of COVID-19 compelled researchers around the world to move quickly, using all resources and
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capabilities to analyse and characterize the novel coronavirus in terms of transmission routes and viral latency. Early and
effective screening of COVID-19 patients and corresponding medical treatment, care and isolation to cut off the transmission
route of the novel coronavirus are the key to prevent the spread of the epidemic. Due to the rapid infection of COVID-19, it
is very important to screen COVID-19 threats based on precise segmenting lesions in lung CT images, which can be a low
cost and quick response method nowadays. Rapid and accurate segmentation of coronavirus pneumonia CT images is of great
significance for auxiliary diagnosis and patient monitoring. Currently, the main method for COVID-19 screening is the
reverse transcription polymerase chain reaction like reverse transcription — polymerase chain reaction ( RT-PCR) analysis.
But, RT-PCR is time consuming to provide the diagnosis results, and the false negative rate is relatively high. Another
effective method for COVID-19 screening is computed tomography (CT) technology. The CT scanning technology has high
sensitivity and enhanced three-dimensional representation of infection visualization. Computed tomography ( CT) has been
used as an important method for the diagnosis and treatment of patients with COVID-19, the chest CT images of patients
with COVID-19 mostly show multifocal, patchy, peripheral distribution, and ground glass opacity (GGO) which is mostly
seen in the lower lobes of both lungs; a high degree of suspicion for novel coronavirus’s infection can be obtained if more
GGO than consolidation is found on CT images ; therefore, detection of GGO in CT slices regions can provide clinicians with
important information and help in the fight against COVID-19. The current analysis of COVID-19 pneumonia lesions has low
segmentation accuracy and insufficient attention to false negatives. Method Our accurate segmentation model based on
small data set. In view of the complexity and variability of the targeted area of COVID-19 pneumonia, we improved Inf-Net
and proposed a multi-scale encoding and decoding network (MED-Net) based on deep learning method. The computational
cost may be caused by multi-scale encoding and decoding. The network extends the encoder-decoder structure in FC-Net,
in which the decoder part is on the left column; The middle column is atrous spatial pyramid pooling ( ASPP) structure;
The right column is a multi-scale parallel decoder which is based on the improvement of parallel partial decoder. In this
network structure, HarDNet68 is adopted as the backbone in terms of high resource utilization and fast computing speed,
which can be as a simplified version of DenseNet, reduces DenseNet based hierarchical connections to get cascade loss
deduction. HardNet68 is mainly composed of five harmonious dense blocks ( HDB). Based on 5 different scales, We
extract multiscale features from the first convolution layer and the 5 HDB sequential steps of HarDNet68 via a five atrous
spatial pyramid pooling ( ASPP) . Meanwhile, as a new decoding component, a multiscale parallel partial decoder
(MPPD) is based on the parallel decoder (PPD) , which can aggregate the features between different levels in parallel. By
decoding the branches of three different receptive fields, we have dealt with information loss issues in the encoder part and
the difficulty of small lesions segmentation. Our deep supervision mechanism has melted the multi-scale decoder into the
true positive and true negative samples analyses, for improving the sensitivity of the model. Result Current COVID-19 CT
Segmentation provides completed segmentation labels as a small data set. This research is improved based on Inf-Net, and
the model structure is simple, the edge attention module (EA) is not introduced, and the reverse attention module (RA)
is not quoted, only one MPPD is used to optimize the network stricture. The quantitative results show that MED-Net can
effectively cope with the problems of fewer samples in the small dataset, the texture, size and position of the segmentation
target vary greatly. On the data set with only 50 training images and 50 test images, the Dice coefficient is 73. 8% , the
sensitivity is 77. 7% , and the specificity is 94.3% . Compared with the previous work, it has increased by 8.21% ,
12.28% and 7.76% respectively. Among them, Dice coefficient and sensitivity have reached the most advanced level
based on the same division mode of this data set. Simultaneously the qualitative results address that the segmentation result
of the proposed model is closer to ground-truth in this experiment. We also conducted ablation experiments, that the use of
MPPD has obvious effects to deal with small lesions area segmentation and improving segmentation accuracy. Conclusion
Our analysis shows that the proposed method can effectively improve the segmentation accuracy of the lesions in the CT ima-
ges of the COVID-19 derived lungs disease. Our segmentation accuracy of MED-Net is qualified. The quantitative and quali-
tative results demonstrate that MED-Net is relatively effective in controlling edges and details, which can capture rich context
information, and improve sensitivity. MED-Net can also effectively resolve the small lesions segmentation issue. For COVID-
19 CT Segmentation data set, it has several of qualified evaluation indicators based on end-to-end learning. The potential of
automatic segmentation of COVID-19 pneumonia is further facilitated.

Key words: corona virus disease 2019 (COVID-19) ; CT image segmentation; multi-scale codec; depth monitoring mecha-

nism; small lesions segmentation
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H T 8 56 IR % B Bl R (corona virus disease
2019, COVID-19) # & LI, i3 7 42 BRE [ N A%
Er IO DN YA R i e 0 ) A R R 1) I

Wang %5 A (2020 ) 42 5 #Z B2 4 ( RT-PCR) J&
i COVID-19 Wil iy 271, B2 % i FE 7
— S SR ARSI TR A (R | R
IS, PRI 5 2 0 — 25 i R G 0 3k 38 AR A B AR
kT ) BB A T SR B I S T A B RS RN 24 1)
Il PR 345, Mahmud 5 A (2020) 42 H A9 B35 X 5926
FTFE AL Z $ 4 ( computer tomography, CT) fY H
i CAE N COVID-19 2Wi il 245 Bk IE, CT
Hi e £~ COVID-19 2 Wi ik 4 78 F Li 46 A
(2020) F5 1 HBLA B0 v 0 BB PE R s Y 3 4R
PURGL AT AL RS AR CT A B iE e T —
PRI AR AR | 1 50 35 e il 8 7 B s A RS W T
H AT EEE L AR B A, SR I TR 5
T HV NG AL RO ) SR NG 2 Rl
BHEEAE i Z Gk, PR, AR T & 1T 5L
B RS, SR T A sh CT B4,

FH T 8 I 285 1) PR R TR K L s AR M B
P RRIZUREAS BA B P b N THAE $E ks
HEE 5 3 B i 203 (kM 4%, 2020 ), Shi &F A
(2021 ) 48 HH R BB 2 2 22 45 n L3 2o i S Aok A6
DRGSR e il 58 1 A . R IR 27 2] 1Y COVID-
19 Jili R 43 F0 J7 Wk W AEZ AL &, 14N Yazdani 56 A
(2020) & T — A5 A 4k 25 3 e i 0 Sy e g8
JCIRERY AT R Sk T e il 4 f o S AR E R
2 BIR B A 22 N 45 19 i3 &, Gunraj 55 A (2021)
PEH T — Py R AR S 28 I &, AT DL Rk s
ALY 2 2 D7 vk R CT & A I COVID-
19, HRETAMTER X COVID-19 Jili 812 Wit il v
207, RZ 2% FE COVID-19 fiti 4 i 51
Lo HFAE CT 33 b RO IR i) g B iR R
PR 5t HLFERT Y, R — 1~ MedSeg Team
(2020) $2 H B B HE £E (COVID-19 CT Segmentation )
FEHET 100 sKArEIBRZS , BT LIRS J5 % COVID-
19 Jili R Jpg kb A TR 0 2031

HHT, COVID-19 B3 i % CT EIR i) o kb5
BLA T EIFELELLT 3 R IR

1) COVID-19 F) 95 k- 8r B R /INFI B 728 Ak %5
K, H5IEH AL 22 55N, 8 3 FIRBE T (4 3 oy
kT ERMPAL, [FEF, 4 COVID-19 H iy /Mg &t
DI, S S5 A BRAG I o 28 v T I 1 — A
FEXE

2) B W AR bR T T o R, H R Ik
KL M HEFA 100 ©~ERY A1) COVID-19 CT
segmentation ${HI 4RI & B e fili 48 431 7 1k

3) R WA — 3k, U0 Inf-Net $2H T —Fpf
W 387 BRI B B AR A &
FERT B R Jovk kA 7o ) i i 43 B, 1l BB E 45 5
HH BB BRI 1) ) R A A5 3 A R

h T HERHUXT COVID-19 B fiti % CT G iy
kAR AL AT 43 F ABEFE AL X COVID-19 CT seg-
mentation ZXHEAE | 2 H T — N/ NEESE W BEHER
S EIRERL, A8 A 50 iR EHR B9 ZREE AT 50 M A
B b Bk E T 73, 8% BT R %L
77. 7% WS F 94, 3% (R HF S, A SCRERLA
SR T A B B B T XA P A S T B I
ARG Mo 7 /N kb o B IR S ), v S
P RO R B E] T H i Tz RS
Il %] 7 7 =X ) etk K

1 tHXIE

BT 28 W 4% ( convolutional neural network ,
CNN) % el | & 07 HIFEA [ (14 315 LA 5 4548k,
IF BAEBE G BUE 55 P WA 3] 7z ay i

Shelhamer 3¢ A\ (2017 ) $#& t 7 H T EI§ 7 H4E:
519445 AL 4 (fully convolution networks, FCN) |
TR 1057 it 38 i )1 R P A6 AR 28 0 4 o JRR v i)
FAME R IEAT 43 2R IA 4 ) o s ek i AR
Ronneberger %5 A\ (2015) 7£ 4 4 B 43 9 2% 7Y
BEflt B T AL RS B AR Y R EAR Y XS FRU JE
P25 U-Net, 12 9 25 I J5 32 b 1w 7 15 2 PRI A 40
B, Zhou 5 A (2018 ) #2 M T U-Net + + Xf
U-Net Y BRERE e 07 X gE A7 kot i 1 U AU
g R T ESRAEFNT SRR R B — R G )R

BT JLAF , 35 R 28 0 2 7 [ = RG0S 431
RIRAS TR B ) SEE AR 2B R T
GFH CNN, B 5T T i B PLHIR e 1 & 1Y
B 45 Diakogiannis %}\(2020) 2 H Y ResUNet ,
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Jha 2 A (2019) 2 15 9 ResUNet + + Al Jha %5 A
(2020) 2 Y DoubleU-Net , 38 i< i B 419 3= 1,
175 W0 25 ELAT T A TR B T, AT EL A T A )RR
TFHEERAE ST, I 38 0 v 2 s B R T 4%
e WK L R I L R (1 S N e L
AFIRSE - BB, S8 o IR B, s et
BN SE SR 2] TR IZ MR o 7 AT E
SE(2021) FERFIEFEER M 26 i AR AL, 85 T
FRAE BB 4 JR R SCI A ek, 367 A AR OE 58
(2021) 441 I HILA 5 1A PR 265 0 g RS 4, 3 el 18 K
A BT LAZE ) AR X I A5 = T

Fan %5 A (2020 ) $2 1 7 3 2 0 7 A A S 1) 7
FAHOR SE R L P B 2 A BRIV AL X sk, R
SRE S AR R TAR KT (RN T/ kL A
IR DX I, 43 FUBCRAK AR AN AR RS A&
Valanarasu % A (2021 ) #2 i T KIU-Net ( kite, KI) , 1%
W24 U-Net 1 30 _E 38 i 7 — 4> BR il j8 sz B 119 43
S, DS/ N BAR XIS S 20 A B SETE I

% KIU-Net FJ5 &, 1% COVID-19 Jifi & kL X
S IR R R R s, AR SCHRE M T — PP IR
272 1) 22 R 9 i i X 2% ( MED-Net ) FH-F COVID-
19 il ) H 843 #, B Je A SCM 2% DL HarDNet68
RRIEFEEU 3T, I 45N DenseNet BRG] i,
TESEH T DenseNet Ak 5, TR Wi 7BF S5 45 15 1Y [H]
I, BEAIC 1 R0 45 19 8 A7 o5 . HarDNet68 42 %2
5 4™ harmonic dense block ( HDB) ZH %, , 5 2 4~ F15H 3
A1 RRAE BRRST A D J5 DAY HDB 4 3 R AE 14
RBERIEE . A4 HDB JE 35 H— 1 1 x1 1)
GO FHEMIES, A TIRIEIR R R ER
FRIE , AR SCHI 23 T 23 18] 246 Bt Ak 42 3% (atrous spa-
tial pyramid pooling, ASPP) 73X HarDNet68 %
I MERUZFEE 1.3 4.5 4 HDB $EUZ REFRHE
it T — 2 REIFAT A 8% (multiscale par-
allel decoder, MPPD) , il i 3 D IFATH#IS#S ( parallel
decoder, PPD) X 4 fith #5534 tH (4 5 ASFRIEIEL(f,
Sl s SO TS ) s S ) (oo So) 2351
PEAT IR FEARAD , LIRS [R) Bz BP0 H bR, 5550
TERH i A A 0% AR f b A D 4 A i AR P 15 B
FI IV R 2 ERS 2 | (] s XIS FE I AR A 1 2
[ 1) A — AR A 1 43 LR, 43 B 45 S e A%
Z AR B ZE LR IE = e 55 B 1 IR A 8 s T

R
2 F &

2.1 MM

AR EERT IR 1 iR, ZMBIE T 24
TR 2% (fully convolutional network , FC-Net) H1 [ 4
s —Mr i &5 25 0, Fo b /2 30 o g A 4 5 41, LA
HarDNet b 321547 KHL I 110 47 1 412 5 o 18] FH 4 3
23 [A) LA 4 - B A A ( ASPP) S U2 RUBEAFAIE s 4534
FEET AT 25 (PPD) Btk Y 22 R I AT A
(MPPD) , 7E I SCH A ELAAR 7 S B 4 S 1) i
i SRS DL BRI B LA
2.2 YREEEE

Huang 5§ A (2021) #& i T HarDNet-MSEG , 1%
2% LA HarDNet68 A %1, i i Ji 37 BF AL HRL ( recep-
tive field block, RFB) it 3 J2 & HAFFEZ , (UUH
T —ANIHAT YRR g8 (PPD) X% 3 SR 2 R T i
i AE B R A E kB T Y B S AR . HarDNet
o] DL & & DenseNet BYXE 27 A, W/ T 3k B
DenseNet 1 KB4 2% , PABFAR A5 #E . HarD-
Net Z€ H IRF SURMRANAE 5 R BT RLIA 3 5 3
by o0 265 AH [ A9 A8 B2 AR S99 45 19 4 5% 2% LA HarD-
Net68 1E AR AE L BUA) £, T COVID-19 ii %
ok X3 R 2% FEAS AT B B, Ll RN B ARERAS
FHIE] 7655 T B AR A [R] B , 208 B o 5 DG TR AIR G
fiE, HarDNet68 955 1 EFUZ A 1 4> HDB & A
FEMRGAFIE, 25 2.3 4~ HDB (4% 458 AF R A
A, T4 2 4~ HDB JCie X R R 18 J2 15 G A i
I TTERERANE , N T 08T S50, AR SO W3R 2
A~ HDB 17 R AE $2 B, PR ot A SC ) 4% 43 0 X
HarDNet68 1955 1 &2 1.3 4.5 1 HDB H
ASPP FEATHFAESRIC(ANE 1 FroR , b 07 1 £ v 7 A
Pss 1.4.9.12 .15 2) , Rk B RF 43 5118
176 x 176 .88 x 88 44 x44 22 x22 11 x 11,

ASPP 7£ SPP mySEhilh L5l A T 2 WA, 7E 3
Tz By i IRl e 1 Ak 200 ok 15 B R 46 )
AT DA G b PR R 2 ROBE R AR, FLZ5 R an &l 2 BF
ARLVPHIRAIT 1A 1 x 1 BRI 3 43 x 3 fZs i
M rates = {6,12,18 | A ZS I &R, A 155 B R 1E
J2 W B R 2 T B 2 RS2 B RN | o e M 4% Sk
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SR S A RBEREEL (f,  f, o oS oS S 1E
B H T 3 4~ PPD S 4L E 2 ISR AE 2 (f, L,
L) (b)) (S fo) BEATRRAE R &, 153 T
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Fig.4 Multi-scale parallel decoder
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Fig.5 Multi-scale supervision mechanism
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B (EA) BB 5 R e B i (RA) AU
T —A 2 REE R I T i 4 ( MPPD) X 9 26 45
AT  FE A AR S I HLHI A RTEE T, Dice
R R UL HRXERE R (B ) ML R 22
(MAE) 7£ Inf-Net f95Eaf &4 542 F+ T 8.21% .
12.28% 7. 76% Fl 1.46% , HIRGEMEE (S, ) F
B 7 0.064% B ZHIRE] T HFT et K,

R TG i bR g BCHE N 2 Y [R) B, Fan 4§ A
(2020) $&H T — B BEF BE ML £ 09 1% 386 0 s 1) 2
B EIRE SR 2 3R g R K R brid i CT BI&

A AR 2 R A Y e B 4R . S UE
LR RENS R RARETH 2% 1) 7 B B, (EUR A Db
SRR R A 2% FLRERS 120 A AR 2 KA
BE50 h X T 1600 5REMBRZE B I, 7E batch size Ky
24 [ETHE FFTE 3 h, HIGEIE B AT

W 2 fpin, ol LAE ), MED-Net Jois 4 14E 7]
AR AL P A T 5 AT AT A9 3 5 A e, A 50 1R
EGE 25 100 4 epoch YIIZE 15 min Bk #] T
5j Semi-Inf-Net 25 AN Z [ PEGE, H R B E R AT
6.69% ,iERH T MED-Net A9 201,

®1 ARRBEZVIXE EHIEIRITEE

Table 1 Comparison of the indicators of the different models on the test set

m et

Dice SE SP S, Ey, MAE
U-Net( Ronneberger %,2015) 0. 439 0.534 0. 858 0. 622 0. 625 0. 186
Attention-UNet ( Oktay 5%,2018) 0.583 0. 637 0.921 0.744 0.739 0.112
Gated-UNet( Schlemper %5 ,2019) 0.623 0. 658 0.926 0.725 0. 814 0.102
Dense-UNet ( Li 5%,2018) 0.515 0. 594 0. 840 0. 655 0. 662 0. 184
U-Net ++ ( Zhou %%,2018) 0.581 0.672 0. 902 0.722 0.720 0. 120
Inf-Net( Fan %5 ,2020) 0. 682 0. 692 0.943 0.781 0. 838 0. 082
RCB-UNet ++ (B0 FIZEF5TH,2020) 0.715 0.754 0. 952 0.769 0. 884 0.073
MED-Net 0.738 0.777 0.943 0.776 0. 903 0.070

E UL AR BB B A

%2 MED-Net 5 Semi-Inf-Net 7EiZ iR £ AITEFR3T LE
Table 2 Comparison of the indicators between

MED-Net and Semi-Inf-Net on this test set

TR Dice SE SP S, E' MAE

Semi-Inf-Net 0.739 0.725 0.960 0.800 0.894 0.064
MED-Net ~ 0.738 0.777 0.943 0.776 0.903 0.070
G VL7 B9 e AL

3.5.2 ETESSR

T 9 E MED-Net 7E 43 HIKG BE | 72 SR8 LA Kot
ANPIASY RS IR T, A S5 U-Net U-Net ++
Inf-Net .Semi-Inf-Net MED-Net £47 73 %] 5056

SR NE 6 Frs, Bl 6 iy 43 145 R ] A
MED-Net {73 BIRCR & e it IRy, TEIA
AT B I HLE B ETHE T, MED-Net 1973 % 45 R
ARG 4R 15 B, HLI G g s fE #5468 1 53 Ak

UMK LT, R TR 6 a3 HER R4
58 2R /N K X B, MED-Net 58 5 Ml 40955 4 43 &)
Tk ARG 2253 38 T AT F R I O, R T
MED-Net BB A7 i U 431 B bR i 808 ST FI
A7 e A S 1 [ A
3.6 HRRLIE

T B UE MED-Net H 22 RUE #4755 ( MP-
PD) BA RN . SCH AR IAE— A IF AT A A s R0 P 1
FFATIRRS 28 B I8 00 T A7 I Al 9255 5 MED-Net (1)
EE S RPN AN

Wz 3 fi7n, 5 HardNet_PPD x 1 #H k., HardNet
_PPD x2 1y Dice FH{UL R £ IR A T B 042
F+,MED-Net 1) Dice #H{bl 5 H0F1 2 B X AE Hard-
Net_PPD x 2 (56l A TS a4 T, ik 17k H
2 R FFA TS 28 ( MPPD ) 75 fift 2R /N ek [X 888 4 1)
(B A T3 RS B 7 T AR AR B S RO
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Fig.6  Segmentation results of different models

( (a)original images; (b)U-Net; (c¢)U-Net ++ ; (d) Inf-Net; (e) Semi-Inf-Net; () ours; (g) labels)

®3 AR PPD M TRIEB M REXTLL
Table 3 Comparison of models with different number of PPD

EsL
A
Dice SE SP S, Ey MAE
HardNet_PPD x 1 0. 683 0. 667 0. 947 0.750 0. 870 0. 083
HardNet_PPD x 2 0.710 0.725 0.943 0. 760 0. 886 0.078
MED-Net 0.738 0.777 0.943 0.776 0. 903 0.070

E R B e L fE

4 & it

COVID-19 [ kESCHL /NI B AR LK,
TRV RN 4380 bR 5 B2 1 J Az BF R ] 5 %o kT
REEAE 2200 X, 7 SR RE 7R 4 U 20l UIE B
T of-ths RE eI 30 % £ 8L s %0 /N HUARREAS | 75 2R Ak
AR & 153 0 Sk, LB % T hn S TR B . 4T
Xof DA b AR, 383 A 00 2% T B2 AT AN [) A JR A2 17 4 <2
FEHIA WK /NG E b, HLTR 2 22 RO 25 1o %o 43 31
HFRIEAR S A4 A M), AR SCH 1) 22 IR G A 43
#| M 2 MED-Net , i 8 4 BUZ KRB R AE ARl A 22 R

JERRAE, 7E COVID-SemiSeg U4 4 | 1) 52 56 2 1 .
MED-Net REfSAR LT MR T RAE R P i 15 2,
P AP B 1 BT SUE R TEORIIE S R 5 ]
IR R, 414 COVID-19 CT segmentation %1
PR | A v B o Y 2 & | TS UG FE br rhogl
KB T YR R RE, 2EHT i 4% 12 W IE Al
HAAR KA R Y T

T A SO 28 A TE— B 5 B AT ZRAn
R, H B A A D 2 B s A A 100 7K BT
FRIBREE BT | DRI A SC I 2% (1 7 1 b I 52 0T &
Wk, AN, BARSCTP T — MR R B T M,
{ERAEARY o T2 22 RUBE G AL R s iy, DRt o FH
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