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Spine CT image segmentation based on Transformer

Lu Ling, Qi Weimin®
School of Artificial Intelligence , Jianghan University, Wuhan 430056, China

Abstract: Objective The incidence of spine diseases has increased in the contemporary era and is increasingly affecting
younger individuals. Therefore, the diagnosis and treatment of such diseases are particularly critical. Using 3D reconstruc-
tion technology, computer-aided diagnosis, and segmentation of the spine area and the background area of the spine com-
puted tomography (CT) image can assist physicians in clearly observing the spine lesion area and provide theoretical sup-
port for surgical path simulation and surgical planning. The accuracy of spine CT image segmentation is critical in restoring
the actual position and physiological shape of the patients’ vertebrae to the greatest extent possible, thus allowing physi-
cians to understand the distribution of lesions. However, the difficulty of spine segmentation is exacerbated by the complex
structure of the spine, poor display of tissue structure, poor contrast, and noise interference in spine CT images. The seg-

mentation of spine images via manual annotation relies on the physicians’ a priori knowledge and clinical experience, and
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the segmentation results are highly subjective and time consuming. Long working hours may also lead to deviations that
affect the patients’ diagnosis. With the help of computer technology, the traditional segmentation method mainly uses low-
latitude features, such as texture, shape, and color of the image, for segmentation and often can only achieve semi-
automatic segmentation. Moreover, this method does not fully utilize the image information and has low segmentation accu-
racy that fails to meet the demand of real-time segmentation. The segmentation method based on deep learning can realize
automatic segmentation, effectively extract image features, and improve segmentation accuracy. In the branch of computer
vision (CV), medical image segmentation algorithms based on convolutional neural network (CNN) have been proposed
one after another and have become the mainstiream research direction in medical image analysis. Among these algorithms,
the characteristics of the U-Net structure itself and the fixed structure of medical images with multi-modality enhance the
performance of U-Net in medical image segmentation and provide a benchmark for medical image segmentation. However,
the inherent limitations of the convolutional structure can lead to problems, such as limited long-distance interaction. By
contrast, Transformer, a non-CNN architecture, integrates a global self-attentive mechanism to capture long-range feature
dependencies and is widely used in natural language processing, such as machine translation and text classification. In
recent years, researchers have introduced Transformer into the field of computer vision and achieved advanced results in
certain tasks, such as image classification and image segmentation. This paper then combines the advantages of the CNN
architecture and Transformer to propose a CNN and Transformer hybrid segmentation model called Transformer attention
gate U-Net (TransAGUNet) that realizes an efficient and automated segmentation of spine CT images. Method The pro-
posed model combines Transformer, U-Net, and the attention gate (AG) mechanism to form an encoding—decoding struc-
ture. The encoder uses a hybrid Transformer and CNN architecture, which consists of a combination of ResNet50 and ViT
models. For the sliced spine CT images, the low-level features are initially extracted by ResNet50, the feature maps corre-
sponding to three downsampled features are retained, and then patch embedding and position embedding are performed.
The obtained patches are then inputted to the Transformer encoder to learn long-term contextual dependencies and extract
global features. The decoder adopts a CNN architecture that applies 2D bilinear upsampling at 2X rate to recover the image
size layer by layer. The AG structure is incorporated into a jump-connected bottom-up triple layer to fuse shallow features
with higher-level features for fine segmentation. The decoder uses a CNN structure to recover the image size layer by layer
by performing 2D bilinear upsampling at a 2-fold rate. The AG structure is incorporated into the bottom-up three layers of
the jump connection to obtain the attention map corresponding to the downsampled features, stitched with the upsampled
features in the next layer, and then decoded by two ordinary convolutions and one 1 X 1 convolution. The AG structure then
enters the binary classifier and distinguishes the foreground and background pixel by pixel to obtain the spine segmentation
prediction map. The AG parameters are computationally small, easily integrated into CNN models, and can automatically
learn the shape and size of the target to highlight salient features and suppress feature responses in irrelevant regions.
These parameters replace the localization module via probability-based soft attention, thus eliminating the need to divide
the ROI, and improve the sensitivity and accuracy of the model by a small amount of computation. The experiments use
Dice Loss summed with weighted cross entropy loss as the loss function to solve the uneven distribution of positive and nega-
tive samples. Result The proposed algorithm is tested on the VerSe2020 dataset, and the Dice coefficients improve by
4.47%, 2.09%, 2.44%, and 2. 23% over the mainstream CNN architectures of segmentation networks U-Net, Attention
U-Net, U-Net++, and U-Net3+, respectively. Meanwhile, the Dice coefficients over the excellent Transformer and CNN
hybrid segmentations TransUNet and TransNorm improve by 2. 25% and 1. 08%, respectively. To verify the validity of the
proposed model, several ablation experiments are performed, and results show that compared with TransUNet, the Dice
coefficient of the designed decoding structure improves by 0. 75% and by 1. 5% after adding AG. To explore the effect of
the number of AG connections on the model performance, experiments are conducted using AG with different numbers of
connections, and results show that the Dice coefficient obtained without adding AG is the smallest and that the optimal
model performance is achieved by adding AG in three jump connections on the resolution scales of 1/2, 1/4, and 1/8. Con-
clusion Compared with the above six CNN segmentation models and the Transformer and CNN hybrid segmentation mod-
els, the proposed algorithm achieves the best segmentation results on spine CT images, thus effectively improving the seg-

mentation accuracy of spine CT images with better segmentation real-time performance.
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AT HE CT R4 A sl A7 #) , LU 2R U-Net 22 1 25
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(Ronneberger %5, 2015) 7£ = 27 K14 4 F L HUAS T1R
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SRR DY BURE BT AR 1 AG [ 3 ) R AE
R SRy B X BARAIE , 0 TE O X S, 2 )5, Xiao 55 A
(2018 ) B 10 190 H5 i 657 o 1% R i) K O T T4 55 4 1
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4F,2016) Fl U-Net BEAT T Rl &, B T 45 AOTRE
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2017) AR HY U-Net++, fif FH 2 42 04 Bk BR % 422 ,
I RRAE S ) 7 2ORE SR A B R AE 2 — AR
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1.2 Transformer 73 £ &I

Transformer ( Vaswani 25, 2017) 5 #) b FH T H 9%
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(Shi % ,2021) & if & 4 i (Chen F1 Rudnicky, 2022)
8o MR KL WFSEN G H S F BT S L 5 95
By, 75 B 15 53 2 (Dosovitskiy %5 , 2021) |18 X 43 &
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ViT BEALVE AL G ) CNN AT S m A TERE . ViT BEALfs
i A 853 U 22 RN R R Patches , 9K )5 3 i
28 1 A% i 45 3| Patch embedding, Jf- fiff | Position
embedding 4 1% 7 & 15 & , FR 2 DL E A L
Patches i A #| Transformer %) 2 it 2§ HP 3547 ¢ i $2
B, i )5 i i 2 )2 B HL (multi-layer perceptron,
MLP) 5 1572 . Segmenter( Transformer for semantic
segmentation ) (Strudel 55 ,2021) J& 5T ViT stk pY 46
Transformer B 18 53 AL, 2 —Fhog 2 2 T
Transformer %) 4 i 25— A 25 2844 , drtid 4 K H ViT
AL, i A g foff 8 A Ze Ml 5 mask Trans-
former, A] ARG M 3K 4w T UFEE T E
By HEITERE
1.3 CNN 5 Transfomer iR & 5 B4 8

XoF T B 2 R 43 B IR R, KR 43 O F 58 1A A
T CNN 43 FRL R JE I /Y, 3 4F 2K i T Transformer
TETH B AL 50 SRS T B R R S, W 5T R
CNN 5 Transformer FH 455 , 4 1 A9 1R & 70 HI A AL AL
A Y CNN AL EE B4 Ja FRAE B2 AR ) , 7R B 2 K]
& 53 F 0] @ IRAS T — 2 Y. Chen 55 A
(2021) 4 Hi #Y TransUNet 73 #4515 5 1] H] CNN
(ResNet50) S2IURGLAFAE , 85 6 1 VT BEAT 4 5,
Xt 4 Ry A8 B AT HE AR, I 45 A BE IR 3% 4% , 7F Synapse
Z B o EV B oy BIPEREIL T U-Net Attention
U-Net, Jili 0y B2 22 R B R R RO 5. Bl
— Z Y F T CNN 5 Transformer A9 5 43 #1455 71 AH
Ak 32 Y, U0 TransBTS (Transformer brain tumor seg-
mentation ) (Wang 2 2021) . nnFormer (not-another
Transformer) (Zhou %5 , 2022) . TransNorm (Trans-
former spatial normalization) (Azad 5% , 2022) % .
TransBTS 1 X fifi Jf§ 3D CNN ' f§ Transformer 43~ £
MRI (magnetic resonance imaging) Jixi I J& , 4 it 7% B
Jefdi ] 3D CNN $2 B2 [B] RRAE 1A, SR J5 6 A 14
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BraTS2019 (brain tumor segmentation ) ¥ #i& £& [ £ 17
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PERE , 43 # K5 & T TransUNet.

2 KXFHE

El X5 HE CT EM% 535, A8 SC45 A Transformer
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157 TransAGUNet ( Transformer attention gate U-Net),
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(Patch embedding)'ﬁﬁiﬁ?ﬁﬁ%(Position embedding) s
B9 2 1Y patches Hi A F] Transformer Zmfis 25 , 5 >J
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FEJG B IE LR T P42, SR 5 04T M 3% 3 45 A1
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R HEA 268  BAR R K R RS 5L 15 205
HE 53 FIT500 ]

5y HEHE -
e
Y3216 B
64 32 @ FFEEAR IR
v TR
N iRz =
I 945 S ()
TOEREE Bl
(Conv3x3+ReLU)*2
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gk e
D RIS

(a) 2 H A TransAGUNethERIZE#y

(b) TransformerZwfi 2345+

K1 B AREE R

Fig. 1

General structure diagram of the model

((a) structure diagram of the proposed TransAGUNet model ; (b) structure diagram of Transformer encoder)

2.1 YmALgs
2.1.1 Embedding
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S a2, xR SRR R MR B
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A FRIR
z, = [x:,E; % E; x:E] +E,, (1)
A, 2z, R A 3 Embedding J2 J5 15 2] 09 FRAE K,
EecR" " E eR"",
2.1.2 Transformer Zifih &%
Transformer Z i #5412 28 4 Embedding 75 2
(1) patches 1E A A, HAARLS W& 1(b) s, B n
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R R, AR SCR AR n 12, B—2ZHEL AT
71 (multi-head self-attention, MSA) 1 £ )2 J& %1 #1
(MLP)BEHRZL A, o MLP i 2 etk 2 4 1, 7
JZ 9 {#i F§ GELU (Gaussian error linear unit) {E A 815
FR%L. Transformer encoder 2 n J2 B % H A] FER N
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z, = MLP(LN(z)) + z! (3)
Ao, LN R ZAR L #EAE (layer normalization) (Ba
55,2016) ,z, Fn & i B EIR R

2.2 fEADES
2.2.1 FEEHIELG

CNN 7o % A8 T B2 B R Y = 2 P B R AT 20381
R, 3 R I A0S 2 56 R L, S JER Y R X
(region of interest, ROI) , B EA7 4%, = ST
PL AG ST /N IR 2 5 5 CNN BB R 47 %

xHxU'x(‘
u

L»tcOnv 3x3 ]—»[ BN

x’"HXU'X(C/Z)

JCEAM

xsfuwx(c‘,/z)

\T>[Conv 3x3 ]—)[ BN

RelL.U

—/sleom o > ST

&85 CNN 5 AG #4725 &, IS ISR . AG
H 3h2% 2] BARRYSMERIRT 28 1 Rk, 46
O DX I8 )RR T 3, 38 50 56 T A 44 719 soft attention BF
FRE MR ER, O 4 ROT, 3l 3 /b B3 R R =
RERY Y BOURR B SHERf R . AG I BARSE# 1] an &1 2
Bl

HAef g PREEIGYEE S H x W x C HYRHIE
Kl %, 5200 CNNERBUNAERE i H x W x C BRHIEE]
x, HEATIFAT AL B, 3 S 3 x 3 i B AR S A IH — 1k
(batch normalization, BN) 45 E 75 2] 4 &y H x W x
(CR2) B 2, A x!, T ) 5 2/ XN TR AIN, SR 5 64 7
ReLU (rectified linear unit) #24F , B J5 47T 1 x 1% HH
W TERCA 1B FWRAE , FHEH] BN sigmoid 1T R %K
TRENGERE N H x W x 1 T R o, i
x Tl a [FRNGERE R H x W x CHFEREIIFAERE 2,0

xHxWx(‘
"

S1gmot aux;yﬂ*ﬁi‘r@

x[IXU'XC
s

B2 AGHEHIE

Fig. 2 AG structure diagram

2.2.2 fRIEgEKy

fiff A 2 SR FH 11 2 CNIN 24 FH 2 XL
RFE 2RI 2 EMG R . TRk ERER: A R
A3 ETRELA AG S5 KR 2R S R R REE
T &, SCHURE Aoy 5 . LISE 32850 A, 1 ek
CNN 2 BUAYFRAE B x, € R" "¢ 2558 AG 133 1
NFER %, B 2, 5 F — 240 FRAEE R RRIE
NP ¢ 1= 5 v A A 7 o I 3 2| S R (T |
x, € RV SRISIEATIIR 3 x 3 EE N ¢
(% FREE AR, 1 B ReLU 38 1% oR %0, 75 21 FR 1F 18]
x, € RO T x 1 G E RO ¢
U E R e 13 2RI 2, € RV, ARICA R
R AR IS U G A B O i o [ 256, 64, 32,
16 ], Fefi — R LR AR IE B 20 PRIR 3 % 3 Je—Ik
I x 1BBEAEE A3 BIRHE B x e RV fif i
R ELRGEF AP 1(a) BT o

2.3 MKREH
2.3.1 AU RS SUR R K pR KR

A8 U 51 2% (cross entropy loss, CE Loss) & 5& T
I3 AT AR R BRI, 2 el A rh R B2 TR B SE TR
HAE R 53 SRS A pR A, XA 2 A AR TR
TR

N
L(lE:_%zzyijlog(plj) (4)
i1

i NFIR AN, m BRREAR ALy, B
FAl , p, AR WA

Xt B 2EEUR A EUT 5 AR CT Y R TR 1
PRI T AR F 432, R0 4 A om0 S X I 3l
B SR SR A AN R ) L, BRI R i 2
R SR 2w/ A L, S BRI 25 5 T2 > i
SRRAE AR 27 2] BT SRR | DA I B ARG AR o i 5
XI5 FIAE R . PIHXE CE Loss #E4 7240, AT
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F)H7AE 1928 A #12R (weighted cross entropy loss,
WCE Loss) , XSG IEAT AL, 13200

1 N m-1
Lycr :—szwjyﬁ log(pij) (5)
i=1j=0

Sl a0 SRR
2.3.2 Dice Loss

Dice Loss H Milletari 5 A (2016) 2 i X i 53
FMESS T IE SRR A A R RIS o SR IR T HIR
PEAR FE A B BE (1 B2 & pR UL Dice AL R AR, 315
B2
_20xNny

| X|+1Y]

2, XY 73 531 3 75 S AR 0 A G XS i,
USRS

Dice Loss &> X 30 A S (R 458 2% pR 45, RIS i
R SR B BE A5 12 i S HABAR 2R A5 R 00
{H S L 45 5 (ground truth) #15¢ . Dice Loss X [#]
SE R/ TEAEAS DX 53 g 401 2R A R 19, ELZE DI
Yk A v BB ) 2 A R DO, TR — S R
e IESREACN R A TR

A SCEZ S E A HE S AR O BB R R
DCOT R SEATT SRPIZE o Ol DR ME ST S5 AT 5
B EAF-Ai 0) 8, H 2% &3 Dice Loss Y2k AR ,
TES I 17 00 T 23t BURS BE MR 4 L PRI 455 WCE
Loss A7tk , #E A B 25 vp % FH Dice Loss + WCE
Loss V451 K s, DT H g A5 1Y 730K 1

(6)

Dice —

3 £ If

3.1 HESRmLE

S A CT 8 g ok B T [ B B2 2 R 3T
BN EALH B T B 323 (Medical Image Computing
and Computer Assisted Intervention Society, MICCAI)
2020 4F 2 I B 5 HE 53 1 96 B8 B0 R VerSe2020
(Loffler 55 ,2020) . VerSe2020 4 & Il 5 4 #0142
£ 100 ] , 445 BikE (C1-C7) M A (T1-T12) F0REAfE
(L1-L5) , J2 H A A 1k 5 A 5 B 48 o
FIFLSL R Lol BEAE T AR . A 100 191 %o dhi 42
ol 72 B8 A AU SR I 2R AR 5
RS, SR 7 IR Hh REATLIE B 16 1911 S AR U S 58
AR

SR R CT £ 48 48 — I %% Jy RAI (vight

anterior inferior) J5 [n] , B EAT V) AL FE . i T AHAR
FARHARL, B 1k 7= A i 22 TOAR B, AR RS2 5 R B
(] B 2 A7 U0 3 B4 % 3D IR S B i i 4k o 2D
BUR It 58 R AT R0 R, 295 214
FEEE 3 168 i, B ik 4 1115 403 7 , 3L 4 B &
TTAWG . S T WD It 5 B BT A -8
BTN 256 x 256 18 F , FH-FE Ak R X N BUE 4 1) npy
(numpy ) SCHF , DS e B8 52 G

3.2 KIINE

SZESHET Ubuntul6. 04 #24E R 5, i FH 4 B W A7
4 8 GB Y NVIDIA GeForce GTX 1070Ti . , 431
o HAE 117 (distributed data parallel, DDL) #5047
Z KA1k , 5 Python3. 8/E N FF L IET , FF &
HEZEJy PyTorchl. 11, SZ5 batch size 1% 4 8, epochs
100, 1 A R B (stochastic gradient descent,
SGD) LA , WIkh=F ] R BN 0. 04 . B4 0. 9 AL
HEECE R 0.000 1, 52 5K ISR KmE 76
PR AR R 2 2 FE R MR AR . T EAS A3
AR AR AT R AL , L6 G bt AN g4 B B A BN 2
DI P £ W 8
3.3 NERR

A SC 3 %R H Dice A 21 & %4 (Dice similarity
coefficient, DSC) . 3 22 I It (mean intersection over
union, mloU) . 4 [A] 3R (recall) 5 i & (precision) Fl
1% Z WEHH R (pixel accuracy,, PA)VE N TEA 45 b5 K 1
Al B L5 A CT R A o I vERE . b, (]
mloU Fl PA 1N PEM 845, AT 18 2 X B A Y 53
1 [ Ik 25 S8 3 8 S ARORG At AR e TR O R R
(confusion matrix ) 3L .

3.4 fEbRIE

R B WVTAS A 75125 10 0 MR RE , 7 AR [R) 52 56
B R HARAE T #4442 3 9 CNN 5 Transformer 1R &
73 FI KLY TransAGUNet 55 It 75 9 CNN 3 I 452 5
U-Net , Attention U-Net, U-Net++ , U-Net3+ } CNN 5
Transformer {f & 43 %] %5 %! TransUNet , TransNorm [#J
DR EE R ATR L, SEg A5 R AR 1R .

H 3% 1 AT DL, U-Net SRV HE S HI11) Dice RECH
0.743 1, KA EAE I I A — 2 i T Horp,
Attention U-Net /£ CNN ZEA4 (%t L 43 FI A 1 Dice
FEPE T o B 2 3T T 2. 38%, 7] L Attention
U-Net 7t U-Net B 5Ll Rl A AG J5 , B PERETS:
B 7 EFEHART, A SR B e b 25 &
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BT AGH Rl A . ¥ H ) TransAGUNet £ U 7E Dice
FH mloU K A R 3X 3 PEA 46 Ar AR B T %
HHIZER . TransAGUNet IS Dice 2400 0. 787 8,
A CNN 43 E] 45 & U-Net . Attention U-Net , U-Net++ .
U-Net3+70 R T T 4. 47% .2. 09% .2. 44%,2. 23%,
% Transformer 5 CNN & & 43 #] % A TransUNet,
TransNorm 73 B2 T+ T 2. 25%. 1. 08%; mloU ik 3| T
0.895 2, 5 LA I 6 F oy FIBIRLAR LY, 43 0 4 & T

0.78%.0.42%.0. 06%.0. 32%.0. 93% F1 1. 14%, [
BT TransAGUNet 4345 5 5 B B S AR U s B
[0 A F 1 0. 848 7, 3 WIAR R BE A v Afl i i 1] i S5
43 PATKE] T 0. 994 0, 15 50405 LK, PA
(T ZE R TR SRR U RE T . 25 b
AR AR SCHR T R 73 45 R 5 I A A DL R A
L BRI M IR I T B S 5, R RR L T H AR
6 FISLHY , A RO T 1 HE CT USRI 70 FIRE

R1 AEHEBITE VerSe2020 ¥iE & N IR XTEE

Table 1 Comparison of segmentation results of different models on the VerSe2020 dataset

LT Dice H{UL R 4L ¥IZE It FENTIE S H % S RURATES
U-Net 0.743 1 0.887 4 0.816 3 0.780 2 0.993 7
Attention U-Net 0.766 9 0.8910 0.815 8 0.800 4 0.993 9
U-Net++ 0.763 4 0.894 6 0.8187 0.800 2 0.994 1
U-Net3+ 0.765 5 0.8920 0.804 5 0.8397 0.994 0
TransUNet 0.765 3 0.8859 0.8250 0.782 4 0.993 3
TransNorm 0.7770 0.883 8 0.838 2 0.777 6 0.993 3
TransAGUNet (4% 3) 0.787 8 0.895 2 0.848 7 0.792 3 0.994 0

TE R TR R S e LA R

3.5 HRLSEIE
3.5.1 PRI AYMERSEERE Ko AG XA RE Y52 )

TransUNet /& H HIESHTHY 73 H PERERAL Y CNN
5 Transformer A5 70 HIIAY , A% 1 AT T, H Dice &
5 mloU #)5 F U-Neto H T 42 H A9F 8 5 Tran-
sUNet fJ Backbone #4325 8L, %% TransUNet A It , I
B IUAE AR R 45 1 e R BR3%E H o3 1RTR], Ry 1
T b Sz R M T CNIN i A5 235 ) B e Bk B 32 2350 0
filt A AG X A5 B BE Y 52 W, LA TransUNet £ O ik
BB AN BT RS, SERR A R NS 2 s .
Hr, Modell 5 TransUNet A [ Bt 28 T fift 15 &5 447
Model2 7E Model 1 {1 HE it} _1- 75 Bk BRZE 358 73 A 17
AG, BIASCH 1Y) Trans AGUNet 52781

MFE 28] UL, TransUNet Y Dice 22504 0. 765 3,
mloU 24 0. 885 9, 41 [0 0. 825 0. Modell 5 Tran-
sUNet M b, EfiEA T — & 2T, Dice ZEL .mloU
Fe 43 1143 I TE T 0. 75%.,0. 45% F12. 34%. H
AT UL 2R SCE T A i 5 235 4 T A 00 b il 75 A 0 245
PR RRAE R IR RN e Model2 £E Model 1 )
BEAl I Dice ZRBERTHER 32T T 1. 5%, AIATANA
AG & Hy o 1% 2 RRE R SR IR ), 3 FIPE RE TS

F2 RUMMBBEEHRAGIEEEEE RN
Table 2 The influence of proposed decoding structure

and AG on model performance

g el IR s g s
TransUNet 0.7653 0.8859 0.8250 0.7824 0.9933
Modell 0.7728 0.8904 0.8484 0.7707 0.9937
Model2 0.7878 0.8952 0.8487 0.7923 0.9940

T L P SRR 5 8 B A2 2R

2T BT
3.5.2  AGH#EBHCE IR AIPERE I 5

H T IRST AG 1E BRER I 1 A0 A
Xof A A B ) M), FEASE D 45 4 v 1) Bk R B v fil
FAAS RO 1 AG i#E47 5250, SEEG 25 R N3 3w .
Hrb,AG = 0 FRIRTEBRERIEHE T A INA AG, B2 |
SCHEY Model 1, AG = 3 B g 4% SCr 42 H) 1) TransA-
GUNet BRI . M FE 3 1] W, , Dice 2 %5 bifi Bk BR 3% 12 op
AG it B3I m, A A AG i3 2/ Dice &
B/ A 12, 1/4 18 43 BEF N - 1Y 3 41 Bk ik i
P2HMA AG, A3 AR M B fe
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F3 AGEBEHEIEIMEEENIIG
Table 3 The Influence of the number of AG

connections on the model performance

N baw R REE g
AG=0 0.7728 0.8904 08484 0.7707 0.9937
AG=1 0.776 0  0.8889 0.8315 0.7943 0.9935
AG=2 07811 0.8942 08356 0.7994 0.9939
AG=3 0.7878 0.8952 08487 0.7923 0.9940

TE IR IR R & 9 B AL 4 2R

3.6 SEIGERAHMLITEE

BT AR SCAEE R Ef TransUNet A5 280 (14 43 1) 45 51
PEAT B LY e s 55 60 B, FE I A 7 A Y 43
T [ 2o 5 Ak R IR FE L, I G 4 B , L4
[l A G B AR e F i 3 s o Horp 58 1L
32 P 4 3 B3R SR C1-C7 T T1-T2 5 55 2 i 3t 14
F9 43 BB K T10-T12 F1L1-L5 ; 55 3 i 32 & A 4
EIFRA A T2-T12 M L1-L5,

ME 3 (¢)H AT W, TransUNet 7628 1 5 43 ] & oh
XFHFHE S F A0 k= — 2 B BB AR A R o
PG, BN S 00N Ay STUME A1 5 7555 2 W 43 R ] rh
FETER ARG, K RE 56 88 43 1 Hh B Jm — 15 R IEAE
MEH 254 5 758 3 WA 401 1 BB o 8 S T 0 A iy
MEME R, SR Z X EAE Y 8 8 . 3 (d) R
B A P FE BR BRI E A T AG 258 )5, s T
XA 25 F ) RE 7, 3 A 825 Ak ) A 15 )
T ek, R AT RN RS, 3 B 25 R AR A

QNG

(b) EL{E
3 g R AT AR X LA

Fig. 3 Comparative visualization of segmentation results

(c) TransUNet (d) A3

((a) input images; (b) ground truth; (¢) TransUNet; (d) ours)

{8, 4> EIPERE T 4T,
4 %&£ &

A 45 4 Transformer . AG Fl1 U-Net, $2 ) — Fir
CNN 5 Transformer Y& & 43 E|#5 A TransAGUNet , 55
PN HE CT B 1 4 H 843 #) . TransAGUNet fiff
FH Transformer Al CNN VR 5 2244 V5 0 S fid & , $R HUH
SCHERE bR SCRAIE 8 CNN 5484y fi it 45
TEBRBRIEHAR 7 IMA T B TR AG, inss X}
F HAR DX R AE S 3, 40010 I8 ¢ XI5 £ P Dice
Loss 55 A 1 58 SUIR 22 M S 461 2R R 0 A o 1
TAREACR BB (0 (R, S 4 R AR A SRRl
HA 6 Fh T LU 0 25 A5 A0 4, 4% CNN 43 B A K Trans-
former 5 CNN R 70 FI L BLAE 5 #E CT B8 1Y H )
I3 EUE 55 IR T SR B9 3 BORS BE W) i 6 Y AR
Transformer 5 CNN & & 73 FI &L A hoin AT 1 17]
FERLHI REA B B 5 5 HE CT RGBS e . A
SCHR R PR BE 2 2) B 43 WIE HE CT B A F
FETARSRME T H S (BAT AR 0 H 4015 A R Y
()L, BIX6T T 8 S A 235 46 oA R 6 4 43 1) Hh R, A A
VA i B by, 3 2 4 Fe IR Y A
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