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Suvery of Medical Image Segmentation Technology Based on U-Net Structure Improvement

YIN Xiao-Hang, WANG Yong-Cai, LI De-Ying

(School of Information, Renmin University of China, Beijing 100872, China)

Abstract: The application of deep learning in the field of medical image segmentation has attracted great attentions, among which the
U-Net proposed in 2015 has been widely concerned because of its good segmentation effect and scalable structure. In recent years, with
the improvement of the performance requirements of medical image segmentation, many scholars are improving and expanding the U-Net
structure, such as the improvement of encoder-decoder, or the external feature pyramid, and so on. In this study, the medical image
segmentation technology based on U-Net structure improvement is summarized from the aspects of performance-oriented optimization
and structure-oriented improvement. Related methods are reviewed, classified and summarized. The paper evaluates the parameters and
modules, and then summarizes the ideas and methods for improving the U-Net structure for different goals, which provides references for
related research.
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Fig.2 Medical image segmentation method based on U-Net structure improvement
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Fig.17 CE-Unet network structure diagram!™
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Fig.20 DFA-Net network structure diagram!?*!
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Fig.26  GP-Unet network structure diagram!**
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P s SRAE AE I ek R v SR FH 4% AR M 3 90 A1 X 199 4 3R AT 1T 5
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o B %
g £
i °
= &
Legend
! ""i 4 Recurrent Conv. Unit with Rely
——l" Recurrent Up-Conv. Unit with ReLU
— Max-pooling (2x2)
— Conv. Trans. 3x3 + RelU
— Conv, 1x1 + Rell
Concatenation or addition
Fig.30 R2U-Net network structure diagram!®®
30 R2U-Net [5d 2% 4 g ] 16¢]
Outputs Outputs Outputs Outputs
A A A é
Inputs Inputs Inputs Inputs
(a) (b) (c) (d)
(@) HHL U-Net 48 FH 1 J7v%;(b) £ (a) i 2l A AR IR AR A
(c) AR =M T 3, (d) 2505 R 452 (0) A (c) IR Rk 22 4 B B
Fig.31 Structure diagram of Recurrent convolution in R2U-Net[*?
31 R2U-Net {5 45 A 46 1 14 12
(a) ~ sampling farsoto (b) ~ Training seqmanmon T
1
__‘ 2 CT Scan ) o Cross-
Jﬂlu.ﬂ S Entropy
-
. . |:| O nxRes-Block
| @ Prior Block
o ' B Posterior Block
meR iy Ground Tuth —=  Skip Connection
lul. nl_:_ ” :‘_-., " 1 Concatenation
o " ” N Y/ Down-{ Up-Sampling
4 Subsumed Operations
2x2 i 1 Bl
T . Kiiglp) /

Fig.32 HPU-net network structure diagram!*®!
B132  HPU-net 9 45 45 iy [ %)

3.1.3 k. FoREESE

FERRAN A YR A b 3 B B T R S 1 7 R T 43 R AT Y BB EUR R 1 R U SRR B )
7, Hasan 25 N 1400 2% fig B A5 AR S 30 AN 50 T 8t 2 UL AR F0R 10 04 % 1) FBL 3R H T U-NetPlus I 2% 45 1,
¥ VGG-11 A1 VGG-16B g S i 45 1 b T4 Y11 5 1) G i s 80 3 3o 388 15 11 o 500 T DT () 400 A 0k e, o e
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T e Sk i 18O,

Wang %5 A4 1 7 Non-local U-Nets*! 7 U-Net f LAk b, 6 T A f B bR 1 5% 22 450 60 T 1R SR ke
KA AR TR 28 45 K 10 4 JR 3R A B, DTG ik 55 B — 45 AR 4 T s S 145 8L 25 2K 1) L.
32 EFMAEmBAIBEHA

P2 0 25 1 ot AR o A 98 2 ek B0V S A OB AR 4 R S S 2 TR IR ZE B N T 4R 5 N — 2B IR IE
A 00 7 1) R AT A58 2% bR B S A R I R A STl (1 e B, R AN BRI AN PR IR B &5 S AN
A1 HEAT S5k
321 A 5k

Dice loss B# 1 — N RIBRPEAE T FP 5 FN BUAL IR T AR 553X K 5 35055 0 1A 55 o IR I SR R (R 1) &3
[0] 8 AGAE B IR I6 38 2 A B B AN 47 J N 3 X SR A /N PN 75 22 b PP s 1R 22 A g i i 44 1918 Venet @ it 7
— LT dice coefficient 1451 2k BRI, g 2 6T 3 1 K it 5 5, AT AN 75 2 A AN [R] 28501 43 T A R, gk ] DA e ST i

S W R

D:M o
Zi pi2+zi g|2
D, 9(X pi2+zaN9i2)‘2P;(ZZiN n) -
® OIS IS

X}-T Dice loss ¥ 72T F 8247 Bl B SR AL 51 72 3% 11 1) @, Chen WL 558 A& HH — A8 43 2k el 44
Cos-Dicel i 2k i 4 e ik 27 S HE B2,
Lesepics = COS° (g DSC], Q>1 (18)
322 MWIANERERA
B0 = 25 B AN AT 119 1] 88, Abraham 58 A ZE T Tversky index $& H 77— SUIRT48 2% eR 44 Focal Tversky
Loss(FTL)™. 55 Dice loss b0 b, 3% A b8 5L VI A /0N 45 K T LA 405 M ASUAE e Aff 2 15 49 [ 3R 2 ) ) o R (L
e 2R, Tl 4 Tversky index).

1
FTL, =Y (1-TL) (19)
C
ifii AnatomyNet*®'F1 3D-HDC-Unet™™% i Dice % %F1 Focal loss 4145 & [ 77 2 A X — ] B
L=Lpicet AL Focal (20)

S SE R, A=0.5 I U B AT
RAUNet™2 i ) Cross Entropy Log Dice(CEL-Dice)4h#r 1 A8 X i A 5 # FI A V-4 AN S 1 Dice loss
(14 1, PRI UL, 25 45 L Dilce loss S8 4 1 B 4, L A SRS SE 4 i e 2 /S SF- 4 1) ) K6 (H 28 XUJ9,D 4 Diice loss).

L=(1-a)H-alog(D) 1)
Zhong 25 N\ P8R 4 T 25 R HT Dice loss 471 2 41 & 3 i 20
L=(1-a)H+aD (22)

3.3 SRR EE R BETTE

BT B ) S 2 B e NP AN T I A2 R T DenseNet ) JEVAEL 5 i 194 2 v AN [RI R B 2 i) FR) 3 2 —
FERE U-Net 19 25 £ 4745 9 2, the it ot MR 32, AN T o8 80455 SR e i et e 1y H .

U-Net  F) A il A2 4 A0S £ 15 Zi B A A-B o5, LIS 0 1 ol it e A2 B0 2 A B AR Zhang 45 A HH ) MDU-
Net®'f4 DenseNet [ BUALN A -G MRAD % BIE rh, 1 Pt £ 1o J2 R0 J2 A 408 110 AN [) LU A9 R AR E e 3 18
SR 2 VR AL AR H XA AR OCRERE 3 1 LA AR 20 At 8 2 7 () 33 BT me).
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Fig.33 MDU-Net network structure diagram(®"
33 MDU-Net [ % 45 1 [ 54

! Concatenation & conw [x1
=+  Up Dense conpection
—  Dovwn Dense connection

Cross Dense connection
= Conv block
=&  MaxPool
—#  Up convolution

convixl

539

Zhuang % A\ J2 (4 LadderNet!®) 3L 45 My AL T Wit 2, 55 2 e KX UE TP 25 56—, LadderNet I inik B
8 U-Net Hp8k3% SR FH 10 2006, 15 A AT U-Net i B B2 10 R FH v 24 = LadderNet SR T — AN #7 1) L =BT ik 2
He(n & 34 JioR) vk T 2 G 28 MR i 5 23 ORI S50 2« WAk 5 18 I 10 il 05X A L A Bk 22 ey 3
AER A B IE . BB LA K dropout 1E AL HAE R —Heh A SR Z L EZ S BT LR — NS )E,

WA EUZE Z I dropout i 4 i 1 45.

1 2 @ 3 4
/" et
‘Hl——I=1-1——H
@ (] @
N | ] li ] =
c IB—=2 -2 |
p mWE —© S -mm - © ]
£ == ==
| =) = ®
Addition af

twa lensors

Fig.34 LadderNet network structure diagram(*®
K 34 LadderNet [ %% & f [&][49]

3.4 ETEHRRRMMBERRIMHT E

3x3 conv

Batch
normakization

il

2
— |8 |2 | — |
o <

33 con

Batch
notmalization

acd

el

Ken 28 A\ {55 T 45 45 145 R (NAS), 32 T SegNAS3DP2 = 4k [&] {5 43 31| % 45 45 1 485 22, LU vhe = 2 12 4y
F| o K T B S R 2R R SRR )L I 35 BTR . SRR T AR — E N — AN H G B A
Mg-BIk, Z B 45 # 2 th l 2% > e Block®™, 25 [ dropout 1] 326 43 5% 22 3% #3241 . S o g 7 B 1 R X AN W] 2% =) B
block 1127 > I 5, 3C ks — AN P g 4 R a8 e — A T JE BRI, an ] 36 s, B — 1 AR — MR L — 4%

LA gk AR A W 26 TR TR
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Image Gaussnan MgBlk MgBlk ! :
(sz=128%) 7| "O'%¢ . N i & Conv (1X1X1) + BN + RelU
* (std=1 (n) (n) | B

ez ). A d * . # Conv (1x1X1) + softmax

I /MgBIk 77777777 ECISN I | § Max pooling (2x2X2)
7| (2n) 4 {!» (2n) + {! 4 Upsampling (2x2x2)

MgBlk(ny) . .
np . . : b
Optional residual connection P} Lo n —number of channels in first block
r : veek| L | ~ np - numEer o: channelsI in a block
Spatial 0.5) ) T : p —number of max poolings
Block - (©. (2Pn) N
o~ L= eWe Ll | N — number of labels )

Optional deep supervision

¥

——» Copy and concatenate

Fig.35 SegNAS3D network structure diagram(®?
Kl 35 SegNAS3D I 44 4 ) [ 5

4 4
1 3 2 1 1 o2 1 -~ 2
0020 T _o0h 0T v
5 5
Output node Output node Output node Output node
01 2 3 01 2 3 01 2 3 01 2 3
go 100 go 1]5]0 Lo 1100 o 1(5]0
21 3]0 21 ola 21 ola 21 olo
E] ER 2 52 2 52 2
g’ - g g g
=3 =3 =3 =3
ops:{1,0,0,3,0, 2} ops:{1,5,0,0, 4,2} ops:{1,0,0,0, 4,2} ops:{1,5,0,0,0, 2}

(a) (b) (c) (d)
Fig.36 SegNAS3D expansion coefficient selection®?
36 SegNAS3D 4k Z $ik %%

3.5 ETF#RF(bottleneck) By i 5%

Bottleneck J& U %Y 5 1 45 4% 12 R0 i B A2 v i) 400 20, B0 2 242 52 7 0 R A 4 8 2R 4R B W AR 145 R,
FEA 2 T (1) 1) GO0 T Ad AT s 1 2 21 A 40 5, DR g G 7 S W ARG 1. — O T bottleneck ¥ it 2 3%
J11 attention HLHI, LA S -4 5 7E 43 1 40 15 Wang 25 A3 H IR 2> BB ScleraSegNet! ™ 7E bottleneck 1% ] 4
F attention L i, K630 3 1 2 Jy B0 1V R 3 46 4, LLSE 2 LI Wang 5 ABUSE GRU R R 7E
bottleneck &b 4 181 SRU #5284 1 (R TiE 43 T 52 1) 7] B, SO S B0 22 3 SR 1 5 i

i Li 2 N2 T8 ol 77k BSU-Net® 056K U-Net 4 fi g% LL & bottleneck HEAT Bk, I T
Inception. Dense FHRFIH 7k & B, HFRi1Z M4 Base U-Net.ZR )54 Base U-Net %M 215 2 kit 70 4
Encoding U-Net FI Segmentation U-Net, 555 % & (1) bottleneck %4334, K 22 2 1% 19 4% 4= A N\ J HE A B, oy
BSU-Net il it #5 U-Net ek, Fx 1 304 5 4%, 5% b T bottleneck ¥4 4,3 H AT LAHE— DX bottleneck At )
T UG EEAT BE L1 43 0 0 2 4 f 6] 37 .

. |
Dice Loss

Segmentation U-Net

Fig.37 BS U-Net network structure diagram®”
¥ 37 BS U-Net %45 & 4[4 0
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4 U-Net £5 ¥y 28 it ' A 45 M0 AR 3R

FH T B 23 BT 55 100 H AR AS [, 2 0 285 455 R o AN JSUAR ) 200 sk S5 A8t e 10 3880 1) 23 208, AT D Jsh 5 U 9l 1 3
TN [ I 50 114D A 4% 58 R ARSI, I TG 335 B8 DK S S5 AN [ ) 8, R 3ok e 381035 P PR ASE B DA A I 9% 485 4.
41 RELWN

— Rk U0, B T £ D 5% 11 B PR RH IR P T A R ) % 1 2 IS 2 e A SR TR B b i TR 8% 114 2 A, el 4 T R
0 55 R 2 B 2 o T R M0 i) AT L T 25 N g s B L T A 2 9 4 T8 e A g 2 o % o 88— AN RSE , AR 184
S BT AN ) 55 0 2% 10 2 TK T g Bk 25 A Mt ) 38 TR AE V-net?], MultiResUNet!!®, RDA-Unet!245 &
AR K, T DUBCE T2 0 AR At 4% 500 A8 T E TR EER A

X
identity

Fig.38 Residual structure®
Bl 38 B 4
4.2 Attention#& ik

Attention ) 32 2L AR SRALRFAE, 75 B2 2 S R BLH T T 20 B4 A9 40 22 I A o et G oA S 5 A AN [ 2, T
YR SR A & B AT 8T B R A ME I BR 4 Spatial Attention. SRiEIEIE A Channel Attention.Attention
U-net®l, CASUI, RAUNet!"), CIA-Net!® ¥ & ¢ fift i %% i A attention 45, Attention U-net f¥] AGs & HIAT]
545 5 LA BRI 5, CASU ¥ AGs SR Up-link DUZEFERFE JAM 2K 4% B PIAMRID 4% 70 S5 B & X
= A 1A LT TR AR AR SR AR T AAM R o 5 H b 38 AN 1T 58 B4 41E; ScleraSegNet!® i 78 i 45
AETINAN CAM FI SAM e, =5[] I A P> J7 T EAT R AE 28 4536 1 45t T AR Attention BEHRL ) 51 46

Table 1 Network model with attention mechanism
£ 1 A attention HL 5 ) 45 kR

W 2% TR T ERn] B S Attention L] e
Attention U-net™ fiR A B K5 AGs 745 g W BRmEE S
CAsUL! T e K6 AGs Uplink 5 £ REAE
RAUNet!”? i K7 AAM S H bl
CIA-Net® fif ) s K8 1AM TR s RS
ScleraSegNet'®! T K9 CAM+SAM i+ [ attention

43 SEEHR

TH 3 () s 208 R0 0 0 3k R B A R AT T T i X — 38, e 4 AN A DG IRl T, DL 9> 2 5 AL S R
J¥. 7516 AnatomyNetl®! i i Roy %5 A4 Hy 0 38 30 045 [0 355 s 38, 46 32 1 7 3% — JE AR SKNet®) 7% SENet
FIFERE b 454 T Merge-and-RunMappings LA X attention on inception block, [ 2 X BEHsAE I 545 8., R 4% F i i
Fig 00 T A FH IR A A2 1) SR AT, T 9802 T 2 B3 n % 45 0 B A5k B TR T AR 2 U5 1 S 43 L e AT LA SR
SKNet T th 1) 77 : 40 SE 4544,

4.4 DenseNeti&i

DenseNet == f R 45— J2 19 I 288 520l 21 — 2 10 4 0% 4 45 4, 185 5 500 Al 3 1) [ e s 2 T B s 22 545
Sy EIRE A Dense N F4hD 88 5 AR I 28 (0 40345 . G fif A 25 1) 5 0, ATk 3 98020 2 B8R TH o 50K 12
H-DenseUNet™ I FD-UNet™e14f 5L 71 4 i i % (¥ 8. 6 F 5| ) Dense B, AN [ £ T % /2% 2D Al 3D Dense
RO 4 ] 2D %95 S 3D 94 4 BT IR # DUOLAE S B4/ 5 TE 1) Dense LU LA 2

© TEBREEEEIEDT  htp/ www. jos. org. cn



542 Journal of Software #f+% 4k Vol.32, No.2, February 2021

¥.Dense Multi-path U-Net" 1 1VD-Unett® 1t 9 itk 45 #4) K 50 53 A1 7], J 2 70 B AL Gt E o0 S ) 4 160 0 s ki
THEN T — AT 10 0 B K AN R 25 2 1) 1 455 JE B 7 58 T MIDU-Net ™ 485 8 45 (1) 8BRS 5 4 B 8% (1 64> 0
ZTa) PR 25 (0 AREAS 70 2 (8], I HLITE 0 A T 5 52 O R AL 25 0 12 J2 (38 82 SR FH A 2 1 U7 K w2 R
FUERGAE BRI RLA R, 2 45 1 T A2 B ) S 4
Table 2 Application of DenseNet thought in network
%z 2 i DenseNet /AR M 4%

A 244 i ¢ ok 5 K Dense J& i\ YEH]
H-DenseUNet™ 2 i i 2% 2D+3D Dense it TRAEAE BR
FD-UNet!*®! 2 i T 2% Dense block W BH
Dense Multi-path U-Net!?” i AR A B 2 3 SR [ R A 2 ) £ R
IVD-Unet!?®! gt g N ) AR 25 08 0 A o 8 0 AN R 2 1 4 R
MDU-NetP®! ARG S . BEE A X 4 R 0 A SR )

4.5 Inception&Eik

TE B 225045 o3 kT oy DX 3 7E A [ 1) A5 A AR, BR1 T A5 AR 9 £l T 22 AR T /D I G U &
B JRERAE B BRI PR B IS A i 4 R A R4 B Inception $4 47 TR AN R] . KNS [ 1 5 AR B A A0 Y
T AN i) R R HCHR AL, M T 35 K it B UCRR A8 1 H 1, 0t CE-Net™ I i) DAC b it S o 77 o 4 M 31 B £iE
Mk H it F Inception A EFEAFEKPMMERZ KEREMLFIAERZITHEELRLS FHMW
MultiResUNet! ™13t ¢ il 3x3 8% 5x5,7x7 [f125 R, 1M Dense Multi-path U-Net?™F1 1VD-Unet®815% i 4 % ik
inception ARHR K nxn B ARPRAR L nxL,1xn AR, AT FEAR T 52
4.6 CycleGAN#E#R

Az R 9 2% (G AN B 15 A — AN AT e 0 1l 3 Ak — AT, 451 45 BXE 0 A6 ol o AR B 2 A% b i TS
[ 95 458 1) B 5 A — 2 W ok 5 SO K 1 ) 7l g B4 &0 CycleGAN FEAT I, AT 328 31 T 4 1) 91
R 90 51 Unet-GAN(tn B 39 Jif )R8,

Fig.39 U-net extended structure technology development flow chart
K139 U-Net § R M HA K R
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5 SE5EI

X ESCA I U-Net 37 & S5 4 150 A Tk 2% 6 45 i 11 39 Jir s, 42 I 17 4 B D10 A AT T 1 45 44 5t 2
GENAR 3 INIER A EENM YRR . kgt ey B VR 20X 5 AN TRk AT B 4

1) WKRYERE T2 2D, 3D, 2D M1 3D (IR 42D M4 N FEA M £%:3D M4k Ay H B AT 2D MR kE
)T 3CfE R 2D F1 3D W& I RlG DL 2D 2% i od 43 1 45 ROk 48 5 3D MBIV A% 5 IR St 43 1,
TR N TR A

2) X FEGAR LR g R0 85 . bottleneck. Bhi%. BRUERIE. L TORFE. BURREL. AMEILMh S
A UL S B A 25 o 08 T 8 %) 00 60 4% St R D 8 PR ) gt . B RORAE L SRR 1) St 7R O
i 0 A N T AR B B bR X S et A B N R VR IR RS AR AR Ed A ) L

3)  FEERAE T A VAR T LT ANAH [ 0 B0 4, S LA E I i (BraT S) AR AL A L JFFIE
JRRNE . FEREE . FLIE . WUAUNRSE. BT &b 7 VR A B SR AN A [ AR S H B e AR DA ARl —
ANEARE LR RG] i T AR 7 vE T TR B 0 B0 SR AN R AR [, B LAAS [ 7 32 3 AR AT B8 ) BRI

4)  IEbREHOT I, UL EIER S8 bR Dice scores, IOU R . H B 45 T & AT SRR PR F bR LA
B AR, B K FAEE P MBI IN AT — NS5/ L.

Table 3 Based on U-Net, it classifies the performance optimization and compared from
the aspects of improved structure and highlights
F 3 HT U-Net (i m Ve U AGHEAT 73 98, 0F N SUdE &5 8 . 5 s 55 0 ) AT 0 B
N CESHE MRl | 4ERE | plolRgh i 5 e RS PR Hfl
#TF 3D @l . BB 2D Enopus kidney
i 3D U-Net 2016 | 3D | ZifiREDds % 3D embryos loU 0.732
g llib] 2] o 7l 1PN £ PROMISE Avg. Hausdorff | 571+
it V-net 2016 | 3D | ZfRI4E o 2012 distance | 1.20mm
Concurrent s o 7 e global Dice 0.843+
Spatial...!) 2018 | 3D | L scSE MALC scores 0.062
Aljt_(:]r;tt'[%n 2018 | 2D AT 25 AGs (c;:r?::re:rc Dice scores 007f372i
cAsul 2019 | 3D R A% AGs DRIVE ROCAUC | 0.9157
RAUNetl"! 2019 | 3D i1 2 AAM Cata7 Avg.Dice 0.9771
8 . HRES MoNuSeg
CIA-Net 2019 | 3D fit s 2% B H(1AM) 2018 MICCAI F1-score 0.845 8
T 4/~ Attention UBIRIS,
P ScleraSegNet!® | 2019 | 2D | bottleneck L H k% 4 MICHE-I Precision 0.9211
FEAE, bottleneck £ and MASD
ELEH| [10] IREESN R R
e DA 3D-UNet 2019 | 3D ok DUpsampling LIDC MloU 0.894
R AIE —_— W% MEEBE LR 4
RDA-Unet™ | 2019 | 2D %TQ Ef”‘* PICEN= )] 79 7 b DSC 0.965
ot gk B CT B
N 164] . WAk 2 gk, 5 #1)5 0.9505+
GIU-Net 2020 | 2D iR 2% A 3 codalab DSC 0.0132
b o Attention LiTS/ . 0.9815/
ANU-Net™ | 2020 | 2D Bl Rote CHAO Dice 0.9479
B ZRE 2PM image PSNR
(3]
Mu-net 20201 3D | g U-Net datasets (N1-B1) 26.41
_ FD-Uneti® | 2018 | 2D | %tk e Circles AVg;QGE %?gf
X917 MICCAI
4. | H-DenseUNet™ | 2018 | 2/3D Uﬁ”“ff\ 2D+3D 2017 LiTS f1 | Dicescores | 0937%
e HoAth &5 4 Dense Net 3DIRCADb 0.02
L N MICCAI head
ey [46] . " SE ¥k % and neck )
AnatomyNet!*®! | 2018 | 3D | Zif#fid4e s segmentation Avg. Dice 0.792 5
2015
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Table 3 Based on U-Net, it classifies the performance optimization and compared from
the aspects of improved structure and highlights (Continued 1)
F 3 KT U-Net [ /¥ e OUAHEAT 2028, 0 N CSOdE &5 0 o 5 s 55 07 L EAT % Ll (4 1)
e S %) 4% fi Bk W | iR | SOksi TR K 4 WS K Kt
DMFNet™® 2019 | 3D I RN 5% DMF BraTS-2018 | Dice scores 0.850 9
Partially -
Reversible 2019 | 3D i iR T 9% ”B;i\mz BraTS 2018 Dice scores 0.856 2
U-Net] gk
N DyfefE NIH
PBR-Unet!?!l 2019 | 3D U,gr'\ﬁtﬁ;é\ REH IR 1) Pancreatic Avg. Dice Bg'ggi
SARE 5 U A segmentation :
At ) . [19] 2D/ b 3z MultiRes 5-Fold Cross 78.1936+
1 MultiResUNet 2019 | ‘5 Bk block BraTS17 Validation 0.7868
T — Ve oy
o Vnet-St#2 2019 | 3D mﬁﬂf B B Zgﬂl'ffﬁ's Dice 0.96
T Jii\ Dropout
Eigiid e 4010 11 HHURH] Dense-
o HRRAE i
J7ik DENSE-Ince 2020 2D/ R SEER Inception bk, MICCAI Average 0.958 2
ption U-net(?! 3D SR B RFEAL A BraTS 2017 Dice score :
w inception bk
421 % NPC
B TIW,
MMMDFUS | 2020 23DD’ G R Z?DREZSSE? T2W,T1C Dice 0.805
3 Pl fi 45 4
MR K%
A3 Ve 1 subset of the
GP-Unet! 2017 | 3D Kol b AN — Rotterdam Sensitivity 0.62
T4 AR 2% Scan Study
&t Bridged GiY) g b Mean
NEEA U-netie2l 2018 | 2D U U-net HiZE % PROMISE12 VDSC 89.56
PlEAS [33] " . DU S0 1 2 45 Vienna . 0.8943+
- R 1 - D
el U2-NET 2019 | 2D Bl b R bR Reading Dice scores 0.04
1 ek pimEcs Rl
Recurrent ¥ 75 (DRU) A
U-net.. 31 2019 2D bottleneck WA DRIVE mlouU 0.849
HI6(SRU)
1 k3% B B
UNet++23 2018 | 2D PRk K AJe P cell nuclei Jaccard/IOU 92.63
IR P 4%
Glioma
Segmentation J—— I3 2] % )
with Cascaded | 2018 | 3D i g B AL L BraTS 2018 Avg. Dice 0.908
Unet??®
Dense Multi- 3D P 0.635+
4P Fil BA. B AR &7 W SA
path U-Net2" 2018 iy % L R ISLES DSC 0.185
IVD-Net®® | 2018 | 3D | i ”;ﬁ;”é:&‘; LITS Avg. Dice 0.961
Bt =
AT CE-Net™ 2019 | 2D | #ifef2# | DAC Al RMP ORIGA Accuracy 0690505;
Gy ;
. 1291 - 5-Fold Cross 78.1936+
MultiResUNet 2019 | 3D Big Res path BraTS17 validation 0.7868
Augmented MICCAI 2017
RA-UNet®! 2019 | 3D oS3 Attention LiTS and the mDice 09771
Module 3DIRCADb
oi25] . SR o . 0.97+
MFP-Unet 2019 | 2D Az pens validation Dice scores 0.13
Nal24] v FHIER & . Dice (WM | 95.84,94.91,
DFA-Net 2020 | 3D 7/ $23 HEH FAM brainweb GM CSF) 94 68
BkI%E Bi-FPN,Mish
_ [30] y ~
U-DET 2020 | 2D WO T LUNA-16 DSC 0.828 2
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Table 3 Based on U-Net, it classifies the performance optimization and compared from
the aspects of improved structure and highlights (Continued 2)
F 3 KT U-Net [ /¥R OUAHEAT 20 28, I NSOl &5 0 o 5 s 55 07 L EAT % LE (4 2)

PES %) 4% fi Bk [T 35 Utk 451 SR LETES W S Bl
xR Unet-GANP® 2019 2D U-Net A48 CycleGAN GE Dice scores  0.867+0.035
AL 3DU2-net®™ 2019 3D WG Adapter Base0O1 Heart  Dice scores 93.26

Table 4 Based on U-Net, it classifies the structural module improvement,
and compares the improved structure and highlights
F 4 HT U-Net (i &5 M BEH b 04T 50 28, JF AN SGHE 4548 o8 s 85 5 ) R4 T 0T L
ES GEOES B | e Bl SR LS W S ol
B RRAE P,
AC:CtStZ"d[giﬁ‘b‘ 2018 | 3D |  FRAEER |E§§§Z§ ISLES 2015 | Avg. Dice 065391i
KRB o '
DUNet®! 2018 | 3D o R Al JEAR 4 DRIVE Accuracy 0.969 7
Yy L e 1L 2% (% Retina
_ [42]
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