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[Abstract] The Transformer model; owing to its excellent global information capture and powerful representation
abilities, has been widely used in medical image segmentation and has achieved remarkable results. However,
when serializing images, these methods divide them into fixed-sized blocks and extract only global features of a
single scale, which, to some extent, fragments the semantic features of the images, ultimately leading to poor
segmentation accuracy. To-address this issue, this paper proposes a Multi-scale self-attention Transformer
architecture (MultiFormer). First, continuous convolution and downsampling modules are used to process images.
Then, the original 1 X1 projection module is replaced with a multi-scale convolution projection module. Finally,
deformable convolution is introduced into the feature maps generated by the self-attention module. Compared to the
traditional Transformer image serialization process, this continuous convolution effectively enlarges the receptive
field while generating features of the same resolution, retains the spatial correlation of 2-Dimensional (2D) images,
and avoids the loss of semantic information caused by fixed-position and fixed-size image blocks. Meanwhile, the
multi-scale convolution projection module captures contextual information in the images using four convolution
kernels of different sizes and achieves multi-scale feature fusion through channel concatenation, reflecting attention
between local regions at different scales, rather than being limited to a single scale, which enables the model to
aggregate semantic information at different scales and further alleviates the problem of semantic fragmentation.
Deformable convolution introduces an additional convolution layer to learn and generate an offset field, allowing the
convolution kernel to flexibly adjust its shape to adapt to morphologically diverse lesions or organs in the images and
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enhancing the ability of the model to process complex medical images. This module is inserted into three network
structures—SETR, TransUNet, and TransFuse—and experiments are conducted on the ACDC heart and ISIC
2018 skin lesion datasets. The results show that the Dice coefficient improves by 3.63, 1.06, and 2. 30 percentage

points and by 1.22, 2.31, and 3.01 percentage points, respectively. MultiFormer is a plug-and-play tool and can

be easily integrated into various downstream medical image analysis tasks.

[Key words] medical image segmentation; Transformer; attention mechanism; multi-scale convolutional

projection; deformable convolution
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Fig.4 Visual comparison on the ACDC dataset
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. Ji F2 TEISIC 2018 HiRE FMSR AR LE
Sa}SET_R (b)SETR+MultiFormer Table 2 Comparison of experimental results on
b b T FR AR EE
S the ISIC 2018 dataset
! ; X 45 AL A Dice 2%+ /% HD 95} /mm
i SETR 88.13 24. 60
i SETR+ConvFormer 88.73 24. 03
[ S

(c)SETR (d)SETR+MulnFormer -
%IOI%S?%EJJE] W10/ A I SETR-+MultiFormer 89. 35 23.08
TransUNet 86. 26 27. 66
TransUNet+ConvFormer 88.46 24. 47
TransUNet-+MultiFormer 88. 57 23.53
TransFuse 86. 28 25.08
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Fig.5 Comparative analysis of the baseline model before
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Fig.6 Visual comparison on the ISIC 2018 dataset
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%8 MultiFormer #5535 43 51| 48 1%, 21) 33 26 9 2% 25 44
mr, SEERZE R ANEE 3 N, MultiFormer 75 T A 8045

& FIPERE L TR AR L 7 vk 3R T 2 RUEABTR
PEE AT AETEEAH (De-Conv) 2 MEHZH & 1A R .

R3 HMIEHER

Table 3  Ablation experiment results

— ACDC ISIC 2018
Dice %4 /% HD 95 y /mm Dice 2%+ /% HD 95y /mm

SETR 87. 20 16. 38 88.13 24. 60

SETR-+ MCP 90. 74 13. 64 89. 26 23.20

SETR+De-Conv 90. 69 1372 89.13 23.42

SETR-+MCP+De-Conv 90. 83 13.51 89. 35 23. 08

TransUNet 90. 80 14.58 86. 26 27. 66

TransUNet+MCP 91.73 13. 34 88. 48 23.93

TransUNet+ De-Conv 91. 68 13. 45 88. 45 24.12

TransUNet+ MCP+ De-Conv 91. 86 13.13 88.57 23.53

TransFuse 89..10 14. 98 86.28 25.08

TransFuse+MCP 91..30 13. 67 89..06 22.21

TransFuse+ De-Conv 91. 14 13.82 88. 93 22.42

TransFuse+MCP-+De-Conv 91. 40 13.55 89.29 22.10
NEIEZ R BEOE JZRA RO Bt BUREOR/INN 1,305, 7 AR 38 18 1 4% 08 1 P e 6

BUWE R/ N LR T 9580 . L TransUNet 52k,
7E ACDC $#fi 4 L 31-fli MultiFormer £ RUZ 4
R JZBITERE  SERER AR 4 R, f Fon M
BLBIR/Ne INFE 4 AT LA I 0 S A B R G 4 AR
REIRY R TR T L (R BE 2 35§ 01 0 B PERE
FAR 2l 2 RO R ALK/ R 1.3.5.7 14
G FIRCR W AL T HAL A s A 5 X
KU TR ERBHGARNE. SR RIE— D
T 2 RIEEREGEZAE Transformer 48 i i) 5
BEAE R ANOGE A 3 RS2 B T TR 1Y) 4 ) Ja
BE ) T A A AR A () IRE B R AIE £ A 5 1 A
BRI I

F4 ACDCHFESE LERBRNMEEIRBER

Table 4 The results of the experiment on selecting

convolution kernel sizes on the ACDC dataset

BRI Dice Z%( 4 /%  HD 95y /mm
Baseline 90. 80 14, 58
=1 91.52 13. 45
/=3 91. 37 13. 75
S={1,3} 91. 53 13. 17
f=1{3.5} 91. 45 14,23
f={1,3.5} 91. 54 13.43
F=1{1,3,5,7} 91. 86 13.13

X F AR RN B9 46 FRAZ X6 HLHea 1 3 18 () A
BEATIE BN SLES , L TransUNet i34k, 78 ACDC %%
P b X8 A5 FEAZ i 114 30 A () S R AT VP A, 52
IS ZERAINZE S Fin, Hday vasvas~as LR E

JOL Y T T A
RS5 ACDCHEE LERRAHBEENEREIRER
Table 5 - The results of the experiment on selecting the output

channel weights of convolutional kernels on the ACDC dataset

i 1 S TE A

(ay vy oty sty Dice 2% 2 /% HD 95y /mm
Baseline 90. 80 14. 58
1/2,1/4,1/8,1/8) 91. 65 13. 38
(1/4,1/2,1/8,1/8) 91. 55 13.51
(1/4,1/4,1/4,1/4) 91. 86 13. 13

TR AT AL S R RN 13 1Y
HERREEAERE R 1/2 tHE, XS 4 BRI
A AR A S I 1/4 I AR RUERAS T
HER o EITERE. SCIRARFRI & B B B IE
RO P] DL 25 i M B A 22 RUBE R 2T
TG FSCR T B — R

4 SR

AN MultiFormer #5881 1) 15 11 47 TR AR
W R BIE AR A B B o 0TI 5 BT DA S 22 ROBEAR R
BB ESE T m i T A R, HOE T2 RE
BOL R E R BE O T IR AR R85 2%
W2 Sl I Ik B RS B /N Ry 5.7
()5 FURRSZ BT il IR B AR S 4 A R B R
JRAZ B UL S Al A% RN R 3 1/ ING BT ) SR AR
BRGBARLI 5 ok B 40 530 45 T 6 DR BRI A2 Y
— U R AT B AS . DA TransUNet ShREZE,
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ASCHE ACDC %dis 8 LAy 7328 w4k, sk 6
JIE7N o fiff P A FR 0 7 i U T SR 2 BIASCR
BEW] T ASCE Y 2 RS TRES Y RE 08 A R
FERA AN R RUZE B R AR AR 2, DT fnb 25 B THB AU 1

I FIPERE . IR B 7 A SR ORI
JER T HAE 22 ROBEAFIE RS 7 T TS ). 3k Se s
LU N Se itk — 2 Ak MultiFormer B 42 {1 T
Jili

R6 ACDCHEE LEMAXNEFIRER

Table 6 The results of the convolution mode selection experiment on the ACDC dataset

BEn Dice ZEA /% HD 95§ /mm
HO=E AL L= T F
Al S 89.16 89.10 95.73 90. 31 13.48
R 89. 90 89. 07 95. 65 91. 54 13.45
NG T 88. 81 88. 70 95. 46 90. 99 14. 67
R Rk 90. 28 89.49 95.80 91. 86 13.13

AN T T S I M RS R e 2 B Y
TN A SCHRE ol FH v 30 5 Tl M2 5 X A AR M
AR s 7E 2 NSRRI 7 T B T 78 Transformer
HhRE LR Query I Key #EATAHARLEE 115845 211 &
T153 80 15 Value #E47 IMACK AL H4 5 4G Value {H
LB 38— AN BT4 25 18] R L s ASCUS AEV R Al

v TS I MR e s T 0 R Rl ML, 1
FOREH M. eS8 VRIS 1 0 R VAT
PANGRBGE . M 1 FOoREHZ NEERE . Hil
ZRBCEAM AL SIS RN 7 PR, (R TEE R
Je s AT BRI S5 T R M HL Y (A
FREBGEHGS 7B AR mif i M BV 2 R

HEZ RGBS TR . ESECE . T S RBCEIE Ay R — 2tk Rede 7t
®7 ACDCHIEE LSHIEEIRER
Table 7 The results of parameter selection experiment on the ACDC dataset
SRR Dice ZEA /% HD 95 y /mm

M v fLE AL Fril % -3 V-3

0 0 89.91 89. 24 95. 52 91. 55 13. 66

0 1 89. 28 89. 02 95. 59 91. 30 13. 53

1 0 89. 66 89. 05 95. 60 91. 44 13. 30

1 1 89. 50 89. 45 95.72 91. 56 13. 28
5 wiE 35 s HAUR RHSE R Ji 28 oA 5T 55 5l BE S R Y

AR —FhZ N B EE S Transformer 42
¥4 MultiFormer, 5 7E I X I8 2 5 43 #4536 v 9
FEEPE AR . MultiFormer 38 3o RO JERNIC B 1Y) 3 28
AR L patch (977 200 B G 25 1R AH SC (] i
38 1 22 ROBE G ARG F ] AR JE A6 B SE H 22 RUBE RRAE
RE G FOES BN R IR EERE ). SRR
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Bor FVERAR LU T B M Re B T, DU AR Ab
HOEAS 248 19 H br ik 2 90 1 B 2 A0 3 X el T
MultiFormer 75 £ 2 853 I 55 7 A A RS2
HIE,

SR« AR SCATAFAE — 26y BR P 23— 2P e
B, MultiFormer (1) 22 ROEE 3% 1 145 B ML
BARAETE T 40 HIPERE (B T BEAH R BS 1T
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