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Inf-Net (Ours) Ground Truth

Semi-Inf-Net (Ours)
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4https://github.com/MrGiovanni/UNetPlusPlus

Shttps://github.com/ozan-oktay/Attention- Gated-Networks
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CT Image DeepLabV3+(s=8)

DeepLabV3+(s=16)
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# 11
FEFAT COVID-SEMISEG $3i 8 I e 3w 7 E ) 8 4 21

Methods Backbone Param. FLOPs Dice Sen Spec. Sa ETean MAE
U-Net [57] VGG16 7.853 M 38.116 G 0.439 0.534 0.858 0.622 0.625 0.186
Attention-UNet [73] VGG16 8.727 M 31.730 G 0.583 0.637 0.921 0.744 0.739 0.112
Gated-UNet [74] VGG16 175.093 K 714.419 M 0.623 0.658 0.926 0.725 0.814 0.102
Dense-UNet [75] DenseNet161 45.082 M 43.785 G 0.515 0.594 0.840 0.655 0.662 0.184
U-Net++ [56] VGG16 9.163 M 65.938 G 0.581 0.672 0.902 0.722 0.720 0.120
Inf-Net (Ours) Res2Net [66] 33.122 M 13.922 G 0.682 0.692 0.943 0.781 0.838 0.082
Semi-Inf-Net (Ours) Res2Net [66] 33.122 M 13.922 G 0.739 0.725 0.960 0.800 0.894 0.064

% 11

FEFRAIH) COVID-SEMISEG H#a4E b 1 BB 52 FI Ml 451 e

BMEER . AR EERALL O P R . ST

TS HRATIIES .

Ground-Glass Opacity Consolidation Average
Methods Dice Sen. Spec. Sq EQW" MAE || Dice Sen. Spec. Sq Egm(”" MAE || Dice Sen. Spec. Sq Eglea" MAE
DeepLabV34 (stride=8) [76] |0.375 0.478 0.863 0.544 0.675 0.123(0.148 0.152 0.738 0.500 0.523 0.064|[0.262 0.315 0.801 0.522 0.599 0.094
DeepLabV3+ (stride=16) [76]|0.443 0.713 0.823 0.548 0.655 0.156||0.238 0.310 0.708 0.517 0.606 0.077||0.341 0.512 0.766 0.533 0.631 0.117
FCNS8s [72] 0.471 0.537 0.905 0.582 0.774 0.101([0.279 0.268 0.716 0.560 0.560 0.050||0.375 0.403 0.811 0.571 0.667 0.076
Multi-class U-Net 0.441 0.343 0.984 0.588 0.714 0.082([0.403 0.414 0.967 0.577 0.767 0.055||0.422 0.379 0.976 0.583 0.741 0.066
Semi-Inf-Net & FCN8s 0.646 0.720 0.941 0.711 0.882 0.071|[0.301 0.235 0.808 0.571 0.571 0.045(|0.474 0.478 0.875 0.641 0.723 0.058
Semi-Inf-Net & MC 0.624 0.618 0.966 0.706 0.889 0.067||0.458 0.509 0.967 0.603 0.767 0.047[|0.541 0.564 0.967 0.655 0.828 0.057

%1V
SEMI-INF-NET FBP @ sas . SeAEm g R DALt RiE
AR EIR.

Methods H Dice Sen. Spec. Sq Egzean MAE
(No.1) Backbone 0.442 0.570 0.825 0.651 0.569 0.207
(No.2) Backbone+EA 0.541 0.665 0.807 0.673 0.659 0.205
(No.3) Backbone+PPD 0.669 0.744 0.880 0.720 0.810 0.125
(No.4) Backbone+RA 0.625 0.826 0.809 0.668 0.736 0.177
(No.5) Backbone+RA+EA 0.672 0.754 0.882 0.738 0.804 0.122
(No.6) Backbone+PPD+RA 0.655 0.690 0.927 0.761 0.812 0.098
(No.7) Backbone+PPD+RA+4+EA|[|0.739 0.725 0.960 0.800 0.894 0.064

H=V
XPEA 638 5k 4 CT R (285 ARG AN 353 A
F) B9 ANESE =4 CT (RGBS TR PERENL. fedEiy
PSR DAL A (PR 2R .

Model Dice Sen. Spec. Prec. MAE
U-Net [57] 0.308 0.678 0.836 0.265 0.214
Attention-UNet [73] 0.466 0.723 0.930 0.390 0.095
Gated-UNet [74] 0.447 0.674 0.956 0.375 0.066
Dense-UNet [75] 0.410 0.607 0.977 0.415 0.167
U-Net++ [56] 0.444 0.877 0.929 0.369 0.106
Inf-Net (Ours) 0.579 0.870 0.974 0.500 0.047
Semi-Inf-Net (Ours) 0.597 0.865 0.977 0.515 0.033

e DRI HIATAN 7> VAT RE— 207 I, RATREDRTE—
A AL AZZWRSE, RAGRF PNt AT, Al
AR R AL R A B g E S e AR, X
AT Z RIEPARICHELR, FATE SR Inf-Net A&
GePIg, AT T4 A ] 2 ) R SR 1 22 2 A
ice MTRAFR Y, FRATUEAT T2 s ok SL B2 PG AR,
X ATHE B T BORA . FERRM TAEF, BATREDIIE
Hey i — i B S A HE R 5 AR 55« LAk, 2425 R

GG, AT IR RS A B . 1T
WM o R 0 2l (BN, S vs. RIEGL) K
Vb2 G R, RS AR A G R I PERE T e
(A RFRTT 5

V. g5

FEASCH, FAHRI T— 224 Inf-Net BT i%R
HiliER CT JRRGE DRI B 265, 12 0 45 A1) ) B URe 1) 388
I 3 G T8 ) SR o X g XS 0 UK BE . e Ah,
FATLFL LT — PR T HE 2 I R TT R Semi-Inf-
Net, DAZffws bric Bl iz, fEFAT1 COVID-
SemiSeg BRI LI =4 CT KBEHE EIEFTIIR
REIEM, AL Inf-Net Ml Semi-Inf-Net {51
R, PR T RO EORRIERE . AT RGP,
Bl A (ST, I ARG I I B RS Ak
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