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COVID-19 lesion segmentation based on multi-scale feature fusion and reverse attention
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of Henan

Abstract: A COVID-19 lesion segmentation network based on multi-scale feature fusion and reverse attention (MFFRA) is
proposed to overcome the problems of high variability and low contrast between lesion and background in COVID-19
segmentation. The residual network is used as the backbone network to extract features, and the global context aggregation
strategy is adopted to integrate different hierarchical features for obtaining rough segmentation results. In addition, the multi-
scale feature fusion module is added at the bottleneck of the network to enable the ability to segment lesions of different
scales using atrous convolutions and multi-kernel pooling. Finally, a novel cascaded reverse attention module is designed to
improve the low contrast between normal tissue and lesions based on the detailed features of complementary regions. The

proposed method has an accuracy, specificity and sensitivity of 0.714, 0.700, 0.958 on the COVID-19 CT test set, reduces the

areas of misdetection and missed detection, and enhances the segmentation ability of fine lesions.

Keywords: COVID-19; lung lesion segmentation; global context aggregation; multi-scale feature fusion; reverse attention

B AL T RN B T 2020 AR W TE BERAL G, S 8 e
BRI — 3708 W R RE S L . TF A AL A B 2
(Computer-Aided Diagnostic, CAD) £ AR Xt F 3t i5 87

[ ¥r#s H #7]2022-12-26

[E2TB EZK ARBFRS (61901537) 5 7 1 4 i A8 BHE A1 A
A S RI (23HASTITO030) 5 90 79 45 84 24 A DL BHIFFER A
T 5 b P R R 5 42 (2020M672274) 5 BT 24 B
FRMI AR T AR F 1140 (SD202207)

[VEBE N 12t 1, B2, Wb A S0, 2 BERFSE7 1 . AT
B HE 5 B 2R PR AL B, E-mail: Ibc@zut.edu.cn

TP A AR, b ik oy aT DO S B AR
FAEAS [ B A R R B, AN B T8 e A R4
WA B TR 2iGTT . THEALZ HH(CT)
AR AR — T BE 2402 R AR . AL CT
Y1 R 1 AT LA 3] i AR ) S g itk 78 SR e B
Jiti 9 (COVID-19) FL1H 5 80 H T B BT IR A TR ok, g
101000 2% B Ry i S AR 3l 6 CT 1 R JERGe FA [ AR
O ETEHY L BT R 8 27 R 2 A B
SRNT , N T4 20 i S e 2 — I SE IR B 1) TAEE
BEAb TR 2 A 1 R e e R e — 0L g 3 L AT
% G2 B IRG R M52 . Kk COVID-19 Hi 4k
(1) B Bl Ao E Rk Bz BT E AL



- 404 - o ] B 2 3

25—

FIOR A %40%

I, £ % COVID-19 9 k43 1 B8 B T 4
EHERRS BRI R IR AE S NI S Y
o A A 2 G I T ke T R R B Bk AR Wﬂﬁn,ﬂfﬁiﬁ
XIAR /N, 25 52 3OS CT U1 R AR B P Aa
A, COVID-19 JE& 4L [X I8 F1 1 E ,/\lﬂ?ﬂaaﬁttr“r
1%, LGSR, X LAVER 4021

Fan 574 H A9 Inf-Net F1| FH I 47 i A5 2545 B 1%
B4 R A5 B, () B ) FH e T ) A B i o ok e X s
(I RE 7, DT A 285073 0 il 2 J g DXk, (H Ve A ¢
H Rk E B 2 ROE(E S . LRSAR-Net R
Hﬂeﬂlﬁﬁa"ﬂéﬁﬁiiéﬁjjﬁwfﬁﬁ%ﬁﬁﬂ*ﬁxﬁﬁ@
(15 B, S50 @ 1 2 IO [ 4
fE& AR 2 AR 118 R e DX 88 TG 72 A 00 £ 1) WWM&?

o ZAES5E S BRI R T | B A I 55, R
*Haéé}%%—%ﬁ% 1 T IR PR Wang 4804
T — A BN 24T 55 M4 DeepSC-COVID, 43+l #4
T REAE B HLY 5 AT 55 FRAE 7 I T A8 43 1)
4995 725 1~ 0 L FH T 95 12 W 1 0 25 1 I, e [) s
A S 5 /AR Il 2 B A A b S 5 R IX 3k 1 43 1 4
o Amyar FURH TR THRBHSISHA R G L
1552 20 W R BB 2 ST BERY | R A [) 0 508 S B
PAT 322255 ) A e g, i A AL 5
FEZAAH AT S A S Bk o B kg . (0
ZRI AT BRI BUE , B SRR AL
YT REAIE .

SRy A AT A B P 25 ) 4% A58 B A il ¢ P4 43 )
H 7T TR 7 M /0N K 20 AR I N R A5 [ R, AR S 4
B T 2 ROBERHIE Al G 5 1 B I LA 9 451 0
% SCHLCOVID-19 2L X I iy [ sh k431, AT

BRANTR « (1) BETF—Ff S 1) 9 3 7 A, 1865 1 5t =
H AR B (A Y T i S e Jk e X3k, ek 2 A 5
TRAGE )85 (2) it 22 ROBE Al A B, 1) 25 3 46
52 AR R 0 2% Jk Az B, 395 6k AS R R H b
(943 B RE 1 5 (3) 15 FH vk REL 320 40 B4 43 51 SR s, 1) 4
Jai R SCR ARGl i Al A A K2 S 2 REAE
A B4 SR A B 5 OM I B 4 D T 5 (4) FE A FF Y
COVID-19 7> B4 1 UG T 384 1) s El 45 51
TR S R B G0 /L , 3 BIDRG B W 8 4R T

1 M54

1.1 M&&iE

SEE AN T rh R B A A oy SR, R S a4
Jry bR SO R A AR ORI 1% T 43 FD L R 2 R
FEFRAE LA B S E B LR R T i fe .
J6  FERFAE P BG40, 1) FH ResNet /5 A 3+ 0 £ $2 e
ANTR]ZE U B RRAE I 42 Jm) 3R G SR W X T A R
1&1&??%&‘1%1%@*%%6@%%%%0 K, TE P25 11

HEAL G N T Z2 RO RRAE Fl A A, 1 D) 2% fig 6% B
ﬁi’—i&ﬁiﬁzﬁﬁ SFAE , 380 D) 25 53 A [ RBE s A2
IRETT o BeJa, o T Ao IE 5 20 40 5 95 kX LU R 38
A Il @, 28 2 B8 T — P IR S5 40 1Y S [l 3 2 )
(s IR R e SR N il ) e I N R L S R
TN 53 IRAT 1) ARG T ) J s DX, A5 3 B AR DX
Y07 FRAE, HE MG 9R T S HARAXS TLEE . Hh i
A AR S8 B IX B S ok F T 2Z i AR v 2 AR
RE G S A AR T - — IR
TR ) SR ZE R A A 1 R

2 i

itz 4
B RE

R H \ﬂ%ﬂﬁ

HiE B

SLQOOD

HTE

L pitll]

) #=

O sz
() REEEs#Esk
() ZResms

s
\ J

1 MR EER LR

Figure 1 Overall architecture of the network

1.2 REEZNER
ResNet /4 3= W 45, 2R FH A 1% 32 AL A A 3kt
PO 265 A1 TR A Aot 2 18 K T 2 A T A, Ak 2 B L

HA— B (R 18 A 5% 22 451 A BEAE e ik
P IR AR 47 b 5C T S R IX ek, X 2 7 OB R )
AT . BEAT RO R 2 R IR S 22 B



4

COVID-19 - 405 -

GRRZBCE B, 2% T B SO0 B N4 AT By ok —
FE WA B2 S (HaX oy 2R i SR A 2 S5 TR AR
e, T H AT TSR RE TSR O PR R R R 4% TR Y

= AL AT LA R AR DG X, DL/ NI
B AN A U e kS E R A U T EE AR Y
()R, A B9 30 s B P 3 R 2 Bl e
D), sel A TR Ta R T4 A Y, 32 Inf-Net
Ja kT EE BT AN 0 R R R, R
PV RV DT A AR 21T v ) 53 it vy Je e X3k, 75 )
AR 2T REAE PR S R AR R R R 25 A
MR 55 HARA LU .

LA UL, B S0l i AR {f, =3, 4, 5}k A
FRYSHR UK IZHFE , -5 80 A, 617 s e A5 2
HERE R, B .

R,=C(F)® 4, (1)
Hr CFRREREAE., ZFEYIM e B B R
I 9 05 2 AR A8 SR

A, =¢(S(a(P(S..))))) (2)
Horp, PRIR L RFEEAE , 0 4 sigmoid S 15 pRERL , S &
7 AR B E sl S A FRIE O E . 175 e
FORBEY R, B IR R REY R 2] 5 R R
fIE—24.

WA, 2 Il B AR L ) T A T i o
W 1R, B A S+ BRI T — i
o BeE —R R IR s S, Zead —A>
sigmoid i BRI 75 1) f 28 0 ) Jit 0 e g X dak
ASCBETT Y Sl R BB A AU R R S
S Kt AR LU BE S5 29K AN K Bt FUORELRE 1) T 00 448 £ Ay
FERA AN ST R ) PN ] o el 3 2 A e i) S BN 1]
VAR .

13 2B ETXBARE
P REL 1) 28 4 B = — oA R0 3 80 7 i, AT DA

FHLIE 42 Jm (5 LN 2

FER 2B INAT 1 5 2 G o B I 46 b 3 8 R
FH 2t 05 25 5K il 5 T AT 1) 8 R RVIR SRORRAE |, 38 8 ) 6%
B AG IXIE Z MR & B R IR
BRI R ARk R BT UE R nE 1T
N E ORI RRE A DHE R E T R A HIEA
— AN xRl S SRR RAE ) 4 B AH DS FC, B )5 fF
%A 22 RUBERRAIE Rl G SR 1Y) 25— )2 IR S5 4
1.4 & REHEREER

B AR AT i S rh 38 B R AR SRR B
Z ROE M Fe 8, B[R — 2 2 O MRt A E B
A 22 5, LU AR A g 0 7 o P 25 S BRRST
S AN R AR S o I A RS R KRS B
PRI — [ R LT v o B AR A AT R AR TR R
FEEHPRAEEE, B, BRI B 45 BV R TR
BRI EBR 58 /N7 B 10 45 AU T ) T4 U
Hbre L2 A R IR R A 25 0 G, RIS HRBUR R
KN EBRIRFAE , ff 2 17 D00 245 Ja a7 B 4] 2 (14 [ R,
TG 588 X 45 %) 22 RUBE H bR i 0 %1 g

Deeplabv2 37 4 73 AL 19 7 &, 4 FlOR R R
FER Y 25 T & FROIF 178 12 . Deeplabv3 78 H: Hfil
AT MR GRS AR AR T A RREAE B
4R Ak, ke s A G4 T I A5 TR LB 22
CE-Net il it R FA R K/ A 6 22 RO | F SOy
TESEAT iy, T AN F5 B AMY I A E ™ 2 E
SCHR IR & BB H BT T — A28 0 22 RUE FRAE fil
AR, 5LAATH TAEARR Z Ab7E TiZ s 2
PRAN BB A3 20 %« 23 T S B R 2 A%t fb B . an ] 2 i
NS T PR 4y, 1 S0 R A RRIE IR A 41K
FERA RN {1, 6, 12, 18} B R K /N A 3x3 Y% il
GRS REGE B, FIEHR I —4~ 425 - 21t 1k
BEVEIRAG 2 R AR AE | SR )5 40 PR IR A1 BT AR(5 B
AlA AL TR 2R ik B

LR ESENF
EEEE NN ———
17 5 FAR S 1 - 22 Wtk 7 -
L O CEEI N
“ + _— R A+ 1x1 #HH
B B S — E] 1L B8 ’ i
AN KRS 1 42 R 1 > > [ -0
| | | | | |
AR S £ i sk |
1:/%, U%??:Hr@)% Emm —
R L SR 5 5 L O &J5-Fnbie - T
L . ) L . )
3L T R % IRy LA
IX 3ok 4 A 40 4y B2 %REBIEMAHER

#o Horp, AR

Figure 2 Multi—scale feature fusion module
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Table 3 Ablation study of global context aggregation strategy
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