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Abstract: Medical image segmentation is a crucial component of clinical medical image analysis, aiming to accurately
identify and delineate anatomical structures or regions of interest, such as lesions, within medical images. This process
provides objective and quantitative support for decision-making in disease diagnosis, treatment planning, and postoperative
evaluation. In recent years, the rapid expansion of available annotated datasets has driven the swift development of deep
learning-based medical image segmentation methods. These methods have demonstrated superior accuracy and robustness
compared to traditional segmentation techniques, establishing themselves as the mainstream technology in the field. Exten-
sive research has been dedicated to improving the structural designs of segmentation models and further enhancing segmen-

tation accuracy, leading to the development of various segmentation approaches. Current deep learning-based medical
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image segmentation methods can be classified into three main structural categories: convolutional neural networks
(CNNs), Vision Transformers, and Vision Mamba. As a representative neural network architecture, CNNs effectively cap-
ture spatial features in images due to their unique local receptive fields and weight-sharing mechanisms. These characteris-
tics make CNNs particularly suitable for image analysis and processing tasks. Since 2015, CNN-based methods, such as
U-Net, have dominated the field of medical image segmentation, consistently achieving state-of-the-art performance across
various downstream segmentation tasks. Many studies have focused on modifying and innovating the U-Net structure to fur-
ther improve segmentation accuracy, resulting in several derived segmentation methods. Despite these advancements,
CNN-based methods are still limited by the inherent constraints of convolutional operators, particularly the local nature of
their receptive fields. These limitations restrict the capability of the model to capture global contextual dependencies,
which are crucial for handling complex medical images and performing fine-grained segmentation. While techniques such
as attention mechanisms and specialized convolutions have been introduced to address these challenges and help the model
focus on global information, their effectiveness remains limited. Since 2020, researchers have begun introducing Trans-
former architectures, originally developed for natural language processing (NLP) , into computer vision tasks, including
medical image segmentation. Vision Transformers use self-attention mechanisms to effectively model global dependencies,
drastically improving the quality of semantic feature extraction and facilitating the segmentation of complex medical
images. Transformer-based methods for medical image segmentation mainly include hybrid approaches that combine Trans-
former with CNN, as well as pure Transformer methods, each displaying unique advantages and disadvantages. Hybrid
approaches capitalize on the strengths of CNN in local feature extraction while leveraging the capabilities of Transformer in
modeling global context. This combination enhances segmentation accuracy while maintaining computational efficiency.
However, these hybrid methods remain dependent on CNN structures, which may limit their performance in complex sce-
narios. In contrast, pure Transformer methods excel at capturing long-range dependencies and multiscale features, leading
to remarkable improvements in segmentation accuracy and generalization. However, pure Transformer architectures typi-
cally require substantial computational resources and high-quality training data, posing challenges, especially in the medi-
cal field, where large-scale annotated datasets are often difficult to obtain. Despite the notable advantages of Transformer
architectures in capturing long-range dependencies and global contextual information, their computational complexity grows
quadratically with the length of the input sequence, which limits their applicability in resource-constrained environments.
Researchers are developing new methods that can model global dependencies with linear time complexity to overcome this
challenge. For instance, Mamba introduces a novel selective state-space model that uses a selection mechanism, hardware-
aware algorithms, and a streamlined architecture to reduce computational complexity while maintaining efficient perfor-
mance in long-sequence modeling. Since 2024, numerous studies have started applying the Mamba structure to medical
image segmentation tasks, achieving promising results and positioning it as a potential alternative to traditional Transformer
structures. The hybrid method, combining Mamba with CNN, enhances segmentation accuracy and robustness by leverag-
ing the feature extraction capabilities of CNN alongside the capability of Mamba to handle long-range dependencies. How-
ever, this approach may introduce additional computational complexity. In contrast, pure Mamba methods excel in tasks
that require global contextual information but still face limitations in capturing spatial features within images and may
demand higher computational resources during training. Overall, this paper systematically reviews and analyzes the devel-
opment trajectory, advantages, and limitations of deep learning-based medical image segmentation methods from a struc-
tural perspective for the first time. First, all surveyed methods are categorized into three structural classes. Then, a brief
overview of the structural evolution of different segmentation methods is provided, and their structural characteristics,
strengths, and weaknesses are analyzed. Subsequently, the major challenges and opportunities encountered in the field of
medical image segmentation are analyzed from multiple perspectives, including algorithm structure, learning methods, and
task paradigms. Finally, an in-depth analysis and discussion of future development directions and application prospects are
conducted.
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Fig. 1 Segmentation methods classification guide
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(deep supervision mechanism ) , B[} DA k% % 422 h £ B
R By 22 A v gt SR R T T8 SRR XA s
AL RE S 52 B X ANk S U-Net B30 57 55 27 )
[Fi P e 8 4 B R R A, T LA A T IR AR 4 FLAA
555K A RIS . FE 2 TR EE 4
(45 043 UEI T UNet++A9 A %501

Y B BN
: ’
’ - R

O #higis e
- B
\ TR
7 LRI

%15 UNet++%5#4
Fig.5 Structure of UNet++

Huang 25 A (2020b) 7E UNet++ ) 5 7l |- 42 H
UNet 3+, 750 B T2 Wi BIL A A () Ik, xof 9k 2 14
254k . UNet 3+09 Q1357 s 78 TR A 4 RF
B VE R UNet++H i JH A0 A FE i 42 R HABBR 1
FrA )R . 2R Bk S A RR S H 4%
Vs G i 255 )2 AR GLE SCRFE 5 A 25 14 15 90 L
FROEEA RGN ELRE S T P )= 5 | AR BN
I Ah , 5 UNet++ (1 M S A [A], UNet 3+5R H YR
J& B AL 2 5 A T AR BT B BT i o ) LRk ik
AT T 53 IR RE 38 10 2508/ 1B Y S 80
AT 1 A5E 280 (1) 1) 5 R o 38, LA 7R 45 ey 2o
K6 iR .

O BB

.y ERSF
B e
N FREE

6 UNet 3+45H4
Fig. 6 Structure of UNet 3+

SRR UL, AE R U-Net FRAE @l AP0 A6 B9 48 38 1
TAFE, UNet++F1 UNet 3+7E k5% 1% FEHLH E GG,
i AV 2 B2 R BT 55 L BUS TR R B,

v Fof -t R 6 2 A ] 157 137 5% T X6 B A SR80 1Y
ik BRILZ AN, 384 MFP-UNet(multi-feature pyra-
mid UNet) (Moradi 4%, 2019) . MultiResUNet (Ibtehaz
F1 Sohel Rahman, 2020) Lk & DFA-Net (deep feature
aggregation network ) (#7715 45 ,2021) % — R ¥ K
g5k e AR B R B R 2 RAT )
B B A [A) 1 SCRY B RS RRAIE BE % B 4 b
B, 30 5 4 R S R AR BT LA — 2B 0 T 25 53
4k
1.3.4 JEFERHLHIAY U-Net

KT ARG s — A A5 1 ZEA T 2P A
RUMFHERINEE ), — L TAEFF 25 AT TS
HLH (attention mechanism) . X FAIL il 38 52 A 5
(A T 7 5 K AN ] A AN, (A 18 R 8 £ v b B
PG r i) S B DI, A Bl T 82 v 81 1) R e R
K 4, Attention U-Net (Oktay %5 ,2018) 48 i —7Fi
HTHTE R (attention gate, AG) AL | A DL H 22
A RETARIERA RN BArg5t . @i inA
AG B B RE S R 227 > il i A EHR b B9 AN AH
KD, (]IS 5 8 7 o R s A 55 AT I AR S 25 R
B, B BLR Z2 AT B TR s T B i
FEW B, MR AR 22 1 4 it 4 i B 1Y) R ik T
— 2R as s i BO R IE RV E A . EET]
() F2 T RE A8 i % b R WS g A R AT — AR B4R
PE IR — TR R SR X e &
BSAZ B G i as O BORHIE R RS . 1R
VRS i A ol A b D1 (0 R 1] B G TR A ]
H R A S R A X, e D PR v TS S B 3 B
I A O I 5 8] 5 4 55 85 UDAH G B SCBRERRAIE. L A AR
TE T ARG 2075 4 SRR VR R B OIS 2 . X e
TrdpeAl TR TR I W AR T R X A
FIEZHOCH: , TSR T BB A PERE . tesh, th T
i F T Soft-Attention , 5 Hard-Attention A kb , T A9 AJ
SRR A A A AR ] LA B G bl 3 2% 20 SR R AR 3 )
i b AL 248, )5 2L 1% CASU-Net (connection
sensitive attention) (Li4%¢,2019) X} Attention U-Net [
AG G5 HEATOAL A8 T S BRI )y =X, iR
U REAS B — D4R T R T Ok AL Y
AR

R ERE = WILyIN il IR S Eo - v =S N ]
SRAVRYTE R IG5 — B AR AT HAMURR A )
BRAYE. WFFEN SRS b2 R A T D AL A A
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| U-Net S5 2 B RS DU T3 BIROR . Bk
Ui, 15 U-Net Z5 5 (19 F 0 BT HLHIA LR LA

1) %5 [A] 1 7 77 (spatial attention) o X FH ML &
VE T EUE b 5928 A2 B AE B, MR R R Z 1 A AR X
(BRI R TE R IAE . TEEF RGBS EUE S,
23 (A B LA 2 1 vz 0, R AT AR Bl
R B Gl G T 7 X s, DA T 42 v 20 BRG 491
A1, SA-UNet( spatial attention UNet) (Guo%%,2021 ) 7E
U-Net (LR 51T 28 [ L], i 3
UE ] o A A o7 ) e PR AN R A 5T A AR A8 T
O HE X, AT SR AR SRR e ) o Bk UL,
R 3 5 A B A A i — R I R B
P45 SR R IE 1 72 0 3R AH R, L) 2 Y B D4l
il AN A G 5, I AR A RORBE T o ANTET
Attention U-Net, SA-UNet fif FH 142 58 Sy L 1135 fe M1
o3 HEA )2 (RIS 40 ) B RRAE T A9 3 22 0, AT A
g A H . R TAR (Fu 2%, 2021;
Mei 45,2021 ; Fu 55,2023 ) i 78 2 3 AL Rz 2 fie
B GTV (gross target volume ) B9 73 & v |, [m] £ HUAS:
TAREEIRCR

2)ifiE 3 & /1 (channel attention) . ZIE= SIHL
il P H Hu 558 A (2018) 1 7] K8 73 24T 55 4t 1Y
SENet (squeeze-and-excitation networks) o H: .0 B
R R — 0BT 09 “RRAE AR e " SR 1 2 A
AUF 380 3 2 ) P RH B G R o FLAOR B, St i 2o
¢ 2 177 2Ok A Sh AR IR R TE A R
SR G AR B A B AR T 5 WO R RT3 5
UHIAT 55 oG RRIE | 3X A7 Bl T35 5 45 AU 28 00 245
PR () T A AR AE R 7R o T 7R B 2 R 03 F R R
v, R [RI3E 3 AT X A [ i ZH A 25 AR SO A2 5 o
i 3k 2 ] 3 2 R (A S T VE R LT L A
T b 36 e A DG (1438 T8 B[R] RE A AT R3S Bl 9 2%
H 2l FiR BAR S R A I W U R B s
5 FPEBE . Channel-attention U-Net (Huang 55,
2020a) Fl AnatomyNet(Zhu 55 ,2019) 7£ U-Net #Y FEfil
G IAGHE A R B T S R B ) B
9 0 Sk S A ) 45 6 B9 2> FD o e A, SUNet++
(Zhang 25,2023 ) W i FH 308 18 T 3 7 R 58 368 3D PR
G N HBR A2 E0R E

3) 4 Ja i & /1 (global attention) . %7 & S Al
il A% O JE AR o S BBOR A T LR Y 42 Jmy 7R S
TR EURAE 1 42 SR RO OC 2R, AR AN{LRES

T A Jay 0 DX, 30 i LA 8 A PR v (8 R X o
A JRR it . B RESR L B A p i E B A B T
PR S W 25 A A 42 Jey BT SO, AR Y (1) R AE R R
PR T, BRI o R 2 L H ARSI A 3
SEAT S5 HUTERE o X AR BT RR I A A A 5 A T
Fa (UM A5 22 3R W B 22 KM% . GAU-Net (global
attention) (Gan %5 ,2021) Ll &2 DGFAU-Net(global fea-
ture attention upsample U-Net) (Peng 55,2021 ) AR & 18
T TE U-Net Hhm A 42 Jay T 5 0 R 3 i A AU 110 4>
JRFRFHERR R BE Sy NI AL 73 FIRSCR
4)%%5&:_%&7[3 (local attention) o Eé%ﬁ%ajj
BT AR Bz, J) BB T ALl U 3 2 G T P 5 A J= 7
DI, 5 A P45 4515 2R i N X 2 [ ) 240 B
KF o XI5 R T AL S R AR 0 AR Y R A
FH R AR AL 3O 2R ) BLAT A SR B AR
Jr B T T RS R A SO B M A B A B L DGR
JRTR A ZCE B O IR AL . LiSE A (2022) $2
XUEE Jag 8 3 2 g A e DA S AR B R AIE L S0 T
U-Net 75 0 R iU 73 HIAE: 55 i L
5) R4 & 71 (hybrid attention) . [ iREE
B o 00 o A A AN ) TR 5 3 T AL 9 E B
DU 2 388 5 255 AN TRl T L, A — 2 i A A
RAERE ) . Horh O B RIR & & LA
CBAM (convolutional block attention module) (Woo
25 2018) L M BAM (bottleneck attention module)
(Park 45,2018 ) , CBAM 25 [H] F1 i 38 14 7 S L 14
THESE B4 T BRI, T BAM JUZoRe 3 A i 2 5 Pl
A 45 R B EEEATAI N . SE R TAEIL A Focusnet
(Kaul %% , 2019) | ScleraSegNet (Wang %5 , 2019a) Fl1
RDA-Unet (residual double attention Unet) ( #% 7% {4
AF,2020) , 3 i i A (R T B HLA R
ORI R B BRI EIRRE R . skmiiedE A (2023)
WA 4 Sy i R ) AR T B4 PR IR L AR
AT B RE A B>/ N NP B R iR A R,
SCREIE T B 2H A TR AL A A AR R R
S, TR L — b R B A R R A
FAERESIALTT 125, BE NS L LA Y 7 4ib P AT 2 Al i
H 3l R T B AH ARl X3, 980 T IUAR (5 B
AL . XA B T ks A R A S B BE L i 18
P H S R B — R W] R (T AT AL
e o PRI, 458 AN 6] T 2 LTI Y U-Net 7E B2
UG EUE SRR T2 LIRS T AR
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R
1.3.5 BETHRPRETRY U-Net

A FUR T2 CNN 23 IR B LAt 20 el 14 , 7
HE BB IE SR IO G BT 55 o TR IR 9 U-Net Al
3D U-Net ZE44 v, B3R JHAR ME ) — 4k (2D) i = 4k
(3D) BRE TR A H 4 A UG ) 2 25 B
L PEIUER A FIARIE . SR, AR PR T
TESE BRI i AA e T B 2 W R BR P . — 5 T, bR
WG TRV T HA 818 G2 B, X R T R
BAEEIR i sh & 1 X NRTE R s soe HA
ARRY o X YRS B R ) 1A AR A AN ) R
JE RN Z SR FFAE I A RV . Rl 2 7 Ak BERAY
2 RUBE R IR 179 B2 2 PRI o] 5 Je a2 B e Ll 7 4%
i RO FE IR B H b, S ORI e R A 3 B A v
AT RETCTE 7843 4l 412 2 A G ml RS i G R . D)
— )7 T, B R AR AE RS CAn3a B 450 i, bR i iR
AR RMSEE 2 IERIUE K . XAMUTE
IR A b i 53 B0 A AR B 0, i A
TEAE BRI B i) 8038 32 3™ H 5200 o

T v e FOA PR, DTS SR 2 Rk gk i
FURAE , s IR AR R B ] 43 B A AR AT A2 T A R
G R BB RRIR A R 7l o AR RS2 BT s 28
AT AR, B E R T TR R R TR
fff T A S PR FH A 5 A oK

1) 75 7 4% # (dilated or atrous convolution) . A
TAEARRS IR G 2 B R R O T 9 RS2 B, T
$THE S A HE, Yu Fl Koltun (2015) 48 Hi %5 1 45 1
(PR iR o k5] AP 5Kk 4 (dilation rate) ”
ZH, A B A B P B I 2R Al A IR, A7 2%
YR T RAZ B N AT IR AR R 21 3 % 3
U HEAZ BP R 2 5 x 5, i S 40 AT B A
FEARAE . BE T DeepLabvl(Chen %5 ,2018a) 55 25 $L [£]
B FIRAY 23 ) 45 AR 15 2 [RUAR 70 ) 40U e 75 3]
T Z MW H o % W ACNN (adaptive convolutional
neural network ) (Zhou %5 , 2020 ) 25 & 2 15k 43 i 5 FRAR
P k22 2 2D M SLIH Ak, JF 2 AR 5k A8 1 1
B J7 & ; CE-Net (context encoder network) (Gu 4% ,
2019)7E b T SCER U tp g | AT 4% 4R 25 3 4 PR
Yo, 555 Z AR sk 30 2 W A A, DL 50 A [\
RoT B PR RIE S CRE

2) VB 0] 43 25 46 B (depth-wise convolution) o
Howard %5 A\ (2017) 7£ MobileNet H1 42 H —Fh i 20

BB E—RE Ty B B, B B &
W25 TS S HOR o 20T R R T TRl
TR JE 2 UM & i 45 PR 25 < TR 45 P (depth-wise
convolution ) A1 37 4b F 45 ™ iy A 8 18 DA 48 2 [) 4y
fiE, BB RFZAUE T 5l B B (D x 1
B ) W3 2ok e P 2 5 AN TRl T 1 . SRS
FUAH L, R B 7T 43 85 6 R0 SRR AIK T 3153 42 2=
SRR Bt T TR . ST IREE T Ay
B4, Wang fl Liu(2021) 7£ DeepLabv3+(Chen %5,
2018b) f) e Atk b i H — Fft 1T g o 5 A A R
X-Net (Qi 55, 2019 ) 75 ili 2 i &t 53 1) 491 4ok 3 21 5
H RRE SR R ] 23 B B BRIt A, LV-Net
(Lei 55, 202045 TR ] 73 B 5 B H T = 2E R 73
FIM 28 V-Net, S 1T BA 152 8 A0 H AR

3) 1] A5 4 F (deformable convolution) . Dai 5§
A (2017) 32 H 1] 28 FE 2 FH (deformable convolution) ,
188 3 7E b 7 A AR ) B SR A SN R O B
(offset) , i 15 J5EAS KLU ) L E 465 BRAZ BE S 8 JE JAS
FLNFEAR , A1 7 Frzm o 33k 26 {7 it i i o > 4R
PRI, A5 AU REAR A AN W) A L3S LR R AR
AHEE T [ SRAE AL E R bR e B, n] 2SI B AR Ak
FAZ IR ) W A isf 22 B R SO A RICR, R )3
T EEAL BRI AR i B A A 1) B2 2 5 00 )
fE55 . B4, DUNet(Jin 2, 2019) K Al 22 T BUE A
# U-Net HEZE P, F T4 S A8 [ AR AR F AL
B L7

25 b prid s gl AR R AT A
] AR IE A R R BURAE , U-Net B84 (1 R AE E
NAFE T RFERT . XA TR R
Z R RROR IR IGR T HARR I e 2 M AL
B 27 [R5 23 WIAE 55 vh i PR FORS A 1 o Aok, i
PG5 3 19 B AR AT AR HARAE: 55 F1 H
G st e AT AU , LASE BRPERE 5 AR 0 fe P4

3
- e

bk
L]

K7 AR A

Fig. 7 Standard vs. deformable convolution

1.3.6 FETIEZE MMk B A% U-Net
B T X U-Net #E47 850 oAk, AR g5 1y
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TET (A5 0 18 5 451 2R R BRI A ) A SO 5t B
T kEE . HP, nnU-Net (no new U-Net)
(Isensee 55,2021 ) 42 U-Net 1£ 3 25 ¥4 P gie 38 7 1l B
HARERMEM AR o Isensee 58 A (2021) 45 ), fE = 2%
SRR, AN [) 1 37 5 19 53 BT 55 R AN [ 1Y)
BCE o 3 22 10 N R R I 2 235 4 T 8 5 S5O A X A
FEBAEE AT A R AR SS MPE  EAE r FE 55
PRI A R E R

nnU-Net & J—FplURe 9 7 v, 5 LATEN B 45
TGS R IR A T7 VA AN ), B BN O TR AR Y )11 25 4
P4 R P IR 2L S, A A5 B A B )1
i rp S B0 BOE DL HE BRI 1 SR S .
55, nnU-Net 2 $2 BOEL 38 45 19 “ 48 8UfF 8.7 (finger-
print) , RPECHE S A BEACHEAE , QMR ZERE 73 BRI
FAG R 9 SN 45 . Ji A Hrix e 8 205 L nnU-
Net RESSTETC T N T THAMEEL T A shik il &
R AL BTV, 2 B A S R AR AR R
HOTFERAE

I Ah  nnU-Net 2 1 3 FOR[R] (1R 254 4
A 3EJ5 %€, 43524 2D U-Net 3D U-Net LA K G5k (1)
U-Net, 1EEBCERERTESUE BG HEZR 2 A5l
2D U-Net #1 3D U-Net #EA7AH I A9 BC &, G145 I 2R B
w7 T AT S BB 1S 5 05 2. VAT L nnU-
Nets&— M 135 I A TR B2 25 2] J7 4k, BEAE AR I AN [ 1)
A B FURARAT 55 B Shik £% e e iy X 26 24l Rk 2
Heuc &, N2 3 TH o HIPERE I F s A I 2
TRk MEEIR ORE , nnU-Netili i R4 40 F A sh4k
(A TC B I R, 7E 45 48 1 B0 J7 T A U-Net 3 515
ROk T B HERe T, R T AR R A Ry
FUE S5 Th iz 3 AR

2 ETF B Transformer B9 £ 5%

JRUEBET CONN 1y B& 22 R 43 0 5 vk 2 U
FCR L AE A U [ A Ja sz B PR A 1 A
PE42JR) bR SO OC R BE ) L X TEAL B AR AR i B2
UG AR B o) H AR IC R . AR E AT
LR ARG A BRI E—E R ¥ F 2 13X
— [l S TE TR 4 R B B OCTE , (HASCRAT AR
AR B 2020 4ELIK , A58 TF I A NLP 45k
Y Transformer 2544 (Vaswani 55,2017 ) 5| ATHEHLAN
4T 55 (Dosovitskiy 55 , 2020) , Hip AL 45 = 22 K5

538 o MLGE Transformer 38 2 [ 7 22 AL, fg
A RO R OC FR | 3 BT SCRMIE Y £ 3
i, %52 A B R o3 ) B B AT

AT E JCA 4 Transformer 45 F4) ) A T 3 % H:
TE AL AT 55 v i A0 4 5 B S B B A 19 5L T Trans-
former (1 B2 KR 43 BT BRI p 2 . — K2 S
CNN 45 & MR A 45 ) 5 55 — 28 J2 4l Transformer 45
F s e i RS T R AT TR AR 253k TR AR BE 22 K]
8oy B g R SRR
2.1 f3% Transformer B E 7 FHIE

Transformer J& — F % B 2 2] AR | 3= TR 61 T
%3k H 12 /7 (multi-head self-attention ) #L i i &b #
FP 90 EE (A1 SCA) o W], Transformer #3531 T
NLP Gk , 15 7 58 Ik A% G2 17 1AL (CARAE P14l 28 09 45
(recurrent neural network , RNN) ) 7E 4 $i2 4 1 25 i
RAMEIIATHH I m R BR e, FEAEH AR I
e Transformer AN{YAE NLP AT HUAS T 035 1, iR
TEH A FH SR b e 9 BRI T o I, Trans-
former Wi 45 ML A CNN A 358435, JF w21
T LAFEH CNN R0 R AT 55

5 CNN # I , Transformer ELA& 25 1 B Z L #
B 5, Transformer 19 H 1 2 S AL JC 75 X i A B
4K B R R T B, BB T SR 0T b 3 1 A [ K B2 AN
MBI AT 51 o 3K (15 Transformer 7EAL PR ZFE AL
A iy 2 B B v A E L . HU, F R I PILA
FOVFAE RS I ) 25 AT IRAT 58, AT @ 2 bk 1
ARV I 2R % . e J5 , Transformer H 45 B3R 1 4>
JR MBI RE ) , REAS TE A A R A T g R
SCFE R $2 T T RERL S AR RN B 2 G FR 1 B
it HE 11 . ViT (Dosovitskiy 55 , 2020) i) H B, bR i &
Transformer 7F 1153 AL 56 S5 88 AT 1 SR PR 9 8
VAT 3 3 B B30 43k [ e /N BT 8 (patches ) JF:
W HA R P A I T R 3 AT 55 s
T Transformer 7E ML BEAT: 55 HH A SR KW J7 . VIT AL
Ptk 17 CNNTETH AL 8 40 1) 3 AL, i8N e
ZL LT Transformer P00 LB BE g 1 KAl HES) T
AN AR R

WA 8 Fiz , ViT & Jeké fan A UG K 43 1)
8 LR/ B, B 5 8 e - I 1 ] Bl i 2 e
5 2 e 4 o Bl B4 A (patch embedding) o H1 T
VIT s W1 B3 T B 03 24T 55, R A P Bk A
FEHN B BB T — SRR 200 AR RAT bR
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PURE XTI 1) i 1 B Ay e 28 ) RIAR S ) 45
JIT A T Pt A5 RE R 0 57 G AR I ey A )
Transformer ZifibgefBidhrh . )5, @ — 12 )2
FIHL (multi-layer perceptron, MLP) 432 3k A= jl fiz 2%
Mg 2R . SEERTEI Y WO ZR e 2 KL 2 %
KIS, VIT BB 5 X Ja 7514 -1 B AN 28 P 55 A 40
i B A , 78 Z M SN SE T IR AE 55 Th R B
TAE4 CNNEAL, BT, KZEHE T Transformer [
PR AL R F VAT VR SRy SRR S ift 47 it , wl LA
SR AR AL AT 8 R {f F Transformer BV 45 6] F A
ViT,

16 ViT 9 Z &l I, Swin Transformer (Liu 45 ,
2021) BT MG I A Bl L, (ERTR RR g 2 o) %
W 15 R . HeAh, Lk T RAE)Z , Swin Transformer
REAE AL 3 = 23 HE R G, TR PR AR5 4 ) [R] B
He o 42 Jey AR R AR B R BRI, AR LE T VT, Swin
Transformer i /0 111555 24 B HoAZ 24 S
ANBMERAF B2 E R . BEE BB TR B A 15
Swin Transformer 3% A & I EGR He | 44 2 )25 16 1Y

iR
ALk

Transformer 2544 , i H g byl T B8 4325 Bk
W Kz v 435055 Z2 BT 55 1) AR S i T I 2% . X
—AHT R 4l Transformer 76405 4558 A9 7 FHAR 37 1 A%,
Uratol, F-4E sl 1AW TR A R .
b5 Transformer 75 Ao €500 Y 1 ] H 23 824,
WF5E % TF IR R R AL AL B Pl & Transformer 5 CNN
B 77, LATECR B8 CNN X B 5 B A 35 i i i) o 22
V20 i B A [RT R , s AR R () 4 Sy A e ) . PRI,
T & B &R A TR S L B8 Transformer 5 B
(hybrid vision transformer, HVT) , H 2.0 JEAH J& 6
Transformer H ) 23k B v & S HLH 5 CNN #1195
R VEAR S &, DA B A 50l A 4 v 1 Jmy 38
LR &R . WS (Chen %5, 2021 ; Hatamizadeh
55,2022) KW, 4l VT SR TR 2 3k A 11 &
FIHLH , AT RE Z AL —LE 4, 520 3 ARG i 1k o
HVT #5803 35 45 & ViT A1 CNN (0 a5, AR AL RE#E T
D b PR Ao S v ) BE B ARO[ B, L 3 BE A RSO
Jay R SC, IR Z2 AT 55, UL PR 2 IR b 3
GBI

) i

G ELRA

TransformerZfidif
W 60 @) 6060 6)E) 6) &) @) —
| XA YE TSt ] —ft
T T | T ] |
BNERRES
TransformerZifidas

K8 ViT4ity
Fig. 8 Structure of ViT

M, 2T Transformer 19 15 22 EG 43 51 5 vk &
FAY RS — 28RS T Transformer A1 CNN, B 7
LUK Transformer 15 4 050 15 41 4 i A, 5 CNN 22
NI AT, SR Transformer FH A8 2 1 HLHH]
SRR A AR ARG 5 B A 1 CNN B2 44 5 55 — 28

K AR A A5 Transformer 45 48] 3¢ 512 30 355 2] 3 1) 43
Hl o DU R S5 i A T o R R E A 4
2.2 B4 Transformer #1 CNN By 75 3%

WA BT A , Transformer 45 #4) (1 00 #57E T fig 08
B4Ry R SCRYMRIS DG | 1 CNN DU & T 42 5UR
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BRIAZ B N 138 SURAE . Ry 1 — 2D B MBI A i) Ry
TESEICRE 7, T4 i3 20 FI PR BE , — > EOUL A0 B B 2
W e Gtk AR, SR T AL & 07 04 BE
43 )% ¥ Transformer FI1 CNN 1945 H AL 3, 22— 5
L. 2020 4F LA, A2 WF 50 Fl 580X — [ Jg
TF, 855 Sihth de— At 2 44 | 5 ) Z2 Fh il 5 Trans-
former 5 CNN (R G 4514, IT7E T Ui B2 27 BHR o )
1155 S T4 NIl E I ER

MG 7 0 A BE R A 5 ik 8] DLy
NP 5 1 2 Transformer BEHAE 32 2 1 HL
i) BRR A Rl 5 AR B R A AT A CNN 3 HI AR
DLAE THRAAE Y o 6 o 3% 8 07 ¥ 08 75 CNN Y 4k
FERT FE P 5| A Transformer BEH 3l [ 7 & 1L
w4 R BRSO R MR R R IE R R . 22K
D5 ¥ ) 722K H Transformer (1477 91 4Bt 5 X0 1 3
7 9 W, SR 5 8 AR 42 BB B 52 s AT 1l ]
Transformer MIE R F, S A E BILHE . X
K7 VR AT B R AR S U A RE DR B T
CNN 7£ Jay f R AR $2 U7 T A A 38, LR 5 T Trans-
former 7E 427 A I 1Y fiE
2.2.1 ¥ Transformer {E R 1E 2 SIHLH

TransUNet (Chen %% , 2021) & ¥ Transformer 5
CNN Filt & B 7 B2 2 R o F i L 22l . BT
& 4211 U-Net, TransUNet 1 JE %) CNN i #5153 21 11
FRAE B AT P ) gt R E R — D& 24
Transformer JZ [} FBIH DL R B 1IE , £ 5 B CNN fif
T 24 2 0 Ay ) o HARZER Q& 9 B, iR A
TE g i oy Be [ B FH T CNN Al Transformer , H: 77 A9
Transformer F5 H A] DL AHCRR 3k 19 4 Jmy 3 2 D1 #L
i, F T %) CNN A2 B AR R SEAT 0k . X A 1
FE—E R P T 2R 1R ORI HBLRR S Fn
R AR AL BRRE ST A TR T3 FIRG E

Transformer
H (E R
(@Fs7t
B
N CFORFE
7 EoRAE

oS- -8
19  TransUNetZ544
Fig. 9 Structure of TransUNet

TE TransUNet [ 2& fili I, TransNUNet ( Yang #01
Tian, 2022) £ LR35 4 i 45 45 A2 I HTHE T 5 A
TR B CBAM SR AR AL 5 25 1 1 RAE I A 5
TransClaw U-Net(Yao 55,2021 ) W 78 J5 45 g s 45 1)
filt b ) Bk i e O3B T A G BR T RRIE AR B
A SRlG . BT S X 2e Sk Iy s R T
CNN S & AR 1 1R )2 R/ AE , 28 )5 R Transformer
Xf CNN &b 15 AR R AT 4 S 8T . A 3 o /]
B Rl 7 AR T S5 h S T —E W PR RE
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Fig. 10  Structure of UCTransNet
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Fig. 11 Structure of UTNet
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UNETR, % JH Swin Transformer U Fr4E VIiT VE N 9%
s, DLOL AR AL i RAE BE ) T BRI 42 O
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Fig. 12 Structure of UNETR
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Fig. 13 Structure of state space model

((a) macro-structure of SSMs; (b) flowchart of SSMs)

X SSM RIS A B € =AM A P A AL A
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Fig. 14 Structure of U-Mamba
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Fig. 15 Structure of VM-UNet
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F1 AAEZEGMIELSEIE R
Table 1 Comparison of different medical image segmentation algorithms
P Tk Hhy  kER S SEH
LB R 2% FCN 2015 CVPR 2D AEBULE, ks
5 U-Net U-Net 2015 MICCAT 2D XFRAY U RS0 AD 25— a2t 1 , SR Bk i 1
3D U-Net 2016 MICCAI 3D RAI=4ER9EH ik
V-Net 2016 3DV 3D GIABRZE S, RG2S hiL2
H-DenseUNet 2018  TMI 2D GIABELEE
Res-UNet 2018  ITME 2D GIABRZETEE
R2U-Net 2018 arXiv 2D 5 ATEIRERZEHLH]
UNetis 5018 DIMIA 2D ﬁé&%m%% SR I &S AR LT RV 3
W
e UNet3+ 2020 ICASSP 2D R4 Rk
CNN Attention U-Net 2018  MIDL 2D FEERHE TP A B T AL
i [ié;‘;t E/Jg'? SA-UNet 2021 ICPR 2D {ERRSERAIAZE 15 5
Channel-attention U-Net 2020 IEEE Access 2D B AGEiEERE 1
Focusnet 2019 ISBI 2D RJNR G R L
nnU-Net 2021 N oD [ Shi s G R A
Methods
CE-Net 2019 TMI 2D GIABAE S AT
ACNN 2020  ICRA 2D GG 28 T 4 B
LV-Net 2020 ICASSP 3D RHEEF/HEEH
X-Net 2019  MICCAL 2D RIVEREE /34
DUNet 2019 KBS 2D CRARE AR
TransUNet 2021  arXiv 2D {fi Ff] Transformer AbFH CNN 2 5 45 H HAY FEAE
TransNUNet 2022 ICPECA 2D 7 TransUNet FIfRS %% FP 43N CBAM A5k
TransClaw U-Net 2021  arXiv 2D i T TransUNet A4 Bk % 4%
CoTr 2021  MICCAT 3D fliJf] Transformer Zb 3} CNN 45AE 42 B 45— )2 (0 i
VedT 5001 MICCAI 2D %;Hé)%—)%%wll SRR BRI B X 43 AN TR
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Transformer
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UTNet 2021  MICCAT 2D %54 CNN I Transformer, £ Hi — s 5 7 2 7 HL il
Sl Swin-Unet 2022 ECCV 2D R4l Swin Transformer F4 4331 R 4%
Transformer MISSFormer 2021  arXiv 2D HE SR AY Transformer R
ity s 1% Segmenter 2021 ICCV 2D R4 Transformer i i 23
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Continued Table 1 Comparison of different medical image segmentation algorithms
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Mamba H Mamba-UNet 2024 arXiv 2D 7E U BIZ5 5] A4l Mamba
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5.1 &N

SRR AR (R BT 2 AR R e 2 1 43 RS 2
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LR AR (MR SRE i i e B 38 1 25 00 S 2 240
73, 0] DA 225 25 MIRTBS48 oRS v 43 31 s 1X
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15 rpE DL S B AL S BN BT 45 2
Fe kR EO RV EIE AU AR H AR DX Y
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Tl R 45 1 (Wan 55,2023 ) 558 RURTH H 2R,
Al DL 250800 R UE Transformer BT, 2T
Mamba ZEA 7 | By F Mamba 45 B 5l 2 A5 31 25 R0 4 BE
B ERICE, nl DL E R e — R e T B
BEAb 38 AT DR FH— 238 FH AR5 8 e 48 5 AR (Lo £
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