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Medical image segmentation network based on dual fusion of
convolutions and self-attention mechanisms
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(1. College of Electrical and Control Engineering, Liaoning Technical University, Huludao 125105, China;
2. College of Mathematical Sciences, Bohai University, Jinzhou 121000, China)

Abstract: To address the insufficient fusion of local texture details and global semantic information in medical image segmentation,
which often leads to blurred boundaries and incomplete structures, a named dual fusion branch UNet ( DFB-UNet ) is proposed with
parallel convolution and self-attention. The encoder employs a convolutional neural network (CNN) branch and a Transformer branch in
parallel to learn local and global features. Before cross-branch fusion, a deformable convolution network ( DCN)is introduced to enhance
the modeling of irregular object boundaries. In addition, a dual-fusion module composed of an attention fusion module (AFM) and a
convolution fusion module ( CFM ) is constructed; CFM incorporates depthwise separable convolutions to achieve effective feature
interaction and complementary aggregation with lower computational cost. The experiment results are as follows: mDice/mloU reach
0. 89/0. 83 on the dataset Kvasir-SEG; 0. 810/0. 723 on CVC-ClinicDB. In cross-dataset testing, training on Kvasir-SEG and testing on
CVC-ClinicDB yield Dice/IoU of 0.751/0.668. On ISIC2017, IoU/Dice/Acc are 0. 816/0. 889/0. 965, and on LUNA16, Dice/loU
are 0.966 0/0.934 2. The results indicate that the proposed dual-fusion parallel encoder improves segmentation accuracy and
generalization while maintaining computational efficiency. The ablation studies further verify the contribution of DCN and the dual-fusion
module.
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4% ( convolutional neural network , CNN) A8 U B Z 1iZh %3
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AT S S 431, 1 A P % 2 BEUR AR 1 S 43 FIH R TR
PR KA HEL R AHRET T 18 S BIAERA BE . 4K, U-
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R AT WFS T U-Net HEZR7E FL Bk BR 3% £ A1
Gl R #) 1 AT T A AL B . Dual A-Net!” Ji I £
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AIEBIARAHUE, X 4 A5 2 0 RRAE 4T )= 350 Fn 4
SRR il 3G T PR AREAE B A s B X LGS
B4 R R T M 28T 23 RS BE AN SR AR A AL
P, WAL IUE T Fri it g B A R

1 KXTFE

A SR A FURI A T 5 1 904 T I BE A R G5 Al
G413 U B M2 (dual fusion branch UNet, DFB-UNet) , i1
B 1 Fs . Friddh Rgs sk HERS B LS IE17 8
X533 bt , LA TR] I B S A S0 Sy 41 5 2 Ry
T SCRFIE . 18 B2 290 b i SR A R D) |  JB6 AN i BT 55
J, AR SCHE WG 43 SRR AE Rl G BT 51 AT 8 I 4 BN
#% ( deformable convolution network , DCN) | L 38 5% Xt i1 77
IR RAERE ST o S ilt— 2D I AT 2540 rhon] BE Y BLAY
“HIFATICACH” G T R T BG4 35 B R
B3 SR SR A B A [) 3 B8 52 B 53 SRR AE
MACH S AN G o B2, 240 & 1 2 ) 1AL Y i
(EEt Rl T & 7 T

= = ; : Transformer
o
EEER :
Tl ] Transformer
DCN ‘-—.—_:_——l ————————————— >
Iy
L) &
DENY- - --- | SRR > AFM —> CEFM --- LT
1 1 1
! ¢ DCN / b ’
L} ‘ 2 o
. DON}-----J------------2 > AFM ——> CEM -----=--===-oo-- Mo -2 ‘
2
DCN
1 & =
® AddOperation = Upsample
= . =)  Maxpool
>k _ ! Concat Operation
C3 ==)  Conv
Convs Attention Gate » Reshape

B 1 A4 UNet FIZGHEZE

Fig. 1

1.1 BAFEZRERMNREE

WA B IERAZ B2 R AR IR |, v] AR 5 A0 5
KA RS T 250, P AR I (45 2 20 AN H) ) Je sz
HF (R, B o R e AR DX 22 B AT AS O i) 3 AL
AT AR T A BRI B kA S R0 1) B 2 AR oy ELATE
% o WUARSCHEMZ T T 6 ANl AR JE B BB DCN,
I HEE T CNN 43 % F Transformer 43 37 1%y HY 48R 1E g
G, AR O kR i FUE S

& 1 AT UL, Transformer 43 3 3 A~ B Bt 09 %

w H W H W
8y € 7XD0\gle§X§XD1ﬂ]g2€ZXZX

— X
16 16

Framework of dual fusion UNet

. H W
D, D}z CNN 43321 3 ASBrBeidiih 1, e 16 ¥ 16 X 4C

H W H W N
I egxgxzc%ﬂl2 EZXZXCﬁﬁ%ﬁﬁj(/J\

F3x3,EKN 1N | B BUR S T AR T 4
P D % B, LA IR R R T A7 B 8 IO kB AS R D 4
SRR, X B Z T AR B FAr S L, RRAE AT AT
A B, R R R T 4 Y 1R R R AR A R SR Y
PR T AR 2 BURRAE 5 22 0 T il SE 5 8 E T
% S
1.2 FITHSRPLERED(CBAM)

JR AT 2 ALH CBAM'™ Hy 18 18 1 B ML A



55 3

AU T T ILHRDOUR 5 19 1 2 PR 2350 0 45 - 159 -

23 ()R AL A, 7R 28 R T A S i ARy
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Fig.2 Parallel convolutional block attention module
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Fig. 3 Attention fusion module
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Fig.4 Boundary extraction module
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W e RIS LR AT (16) F1C17) BT
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i ; CVC-ClinicDB % 612 5k 8 R EUR SR R Rbrit: , &%
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2017 % 2 000 5K II1Z5 150 FKRIGIE 600 5K, HF Kz ik
P78 S E X L SE6 s LUNA L6 B3 42 J1 T il 348 43 B4 55
f053K [ 888 YRk CT 13 HY 1 186 /N4 15 1B, A SC %
8 2 HuBIFEHL R I R e A4 | BT G R 52—
Pl 352%352,

AR BT 48 45 4 -3 Dice & %X (mean Dice

coefficient, mDice ) |, “F- I 32 3 kb ( mean intersection over

R, TR ZIZ ARRE T, B 1A SURAIE S TR
Kvasir-SEG % 4E Il %k, £ CVC-ClinicDB |3, [A]
F, R 43 S A Ot X 1A 7 AT A SIE 50 Al 1) 4%
ARG IIRE . A8 R R T 33 A 4 0l 4 320 2% O 2 Xof
It 8 7 G I 46 AT 55 S e A R DL S I 2 T O 3 i
SO A AR 5 A P T RS A 45 R G4 B W) ), DFB-
UNet A J80 73 H1 48 BRAT G il 45 4, BoA R B ] fi B
PE T Im R BE AR B S TR S, e B X i
TERCERAEAT T AR L B T Rl 52 50, A3 TE S 5 B 1 A
Rtk
2.1 BASEMESMERELLE

T 1 MRS L5 10 Fh LAY [ 28 7E Kvasir-SEG
B Ly tERe A S R, AT LLE Y, DFB-UNet 7
mDice 5 mloU $8%5 FAKT SAM-MaGuP M %% {H#f = T
HAIZE | [ TE 352x352 Fig AT 7 iz A, 4
W] DFB-UNet 9258 7ETH53 52 % 2 R 43 B 8 22 [R] s 1
PEBR iy S i, 7E SE BRI R, FE A R Y 1R b B
#% ( graphics processing unit, GPU) PNAE T AI DAL EE BT K 1y
B F, AR e R T R T AT fE

%1 7 Kvasir-SEG #HiEE LR D EIER
Table 1 The segmentation results

on the Kvasir-SEG dataset

T mDice mloU GFLOPs
U-Net 0. 60 0.47 25.965
Res-UNet 0. 69 0.57 -
SFA 0.72 0. 61 -
U-Net++ 0.82 0.74 65.925
DCRNet 0. 88 0.82 -
FANet 0. 88 0. 81 -
MSRF-Net 0. 86 0.79 -
DeepLabV3+ 0. 88 0.82 -
SAM-MaGuP 0.95 0. 89
DFB-UNet 0. 89 0.83 10.213

7E CVC-ClinicDB %48 45 L 47 X b sL e it — 20
IR T M PERE . W2 2 F/R , 76 mDice Al mloU $8 45
A% F DUCK-Net ™ | {H )5 = F H Ath % 4%, % W] DFB-
UNet MZ5AP8K BLAT — 2 W38 4
2.2 EBBEESBESERLE

DFB-UNet 7F Kz k548 73 156 48 1SIC 2017 LAY 5K
A RN 3 Fis . ASCff ] IoU Dice il Ace 1E R Tl

BERATE M 28 Pk e, 5 IR AL N Transformer ) 7 1
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TransFuse A 1 , A5 ST R HE ToU 350 FHRE T 2. 1%,
1 Dice 43 [t MALUNet & T 0. 8%, 5 MALUNet #
o, A SCHE Dice F42TF 0.8%, #4h, MUCM-Net ™" 75 i%
i S B 45 bR, {5 DFB-UNet 38 1 5 2% 5 ) J55 350
HeRRHE, A SR AR S8 T R A4, Sk T
IFAT RO B R 28 70 v i AR

&2 7£ CVC-ClinicDB ##E&E FHEEER
Table 2 Quantitative results on the CVC ClinicDB dataset

Tk mDice mloU
SFA 0. 700 0. 607
ResUNet-mod 0.779 0. 456
U-Net 0.794 0.729
DUCK-Net 0.948 0.901
DFB-UNet 0. 810 0.723

x 3 FTIRHAEZEE ISIC 2017 #iE5% EHIHE
Table 3 The segmentation results on the ISIC 2017 dataset

ik Backbone ToU Dice Ace
CDNN - 0.765 0. 849 0. 934
DDN ResNet-18 0.765 0. 866 0.939
FrCN VGG16 0.771 0. 871 0. 940
UTNetV2 - 0.774 0.872 0.958
UNet++ ResNet-34 0.775 0. 858 0.938
DCL-PSI ResNet-101 0.777 0. 857 0. 941
SLSDeep ResNet-50 0. 782 0. 878 0. 936
UNeXt-S - 0.783 0. 878 0. 960
MALUNet - 0.789 0. 881 0. 962
TransFuse R34+Deit-S 0. 795 0. 872 0.944
MUCM-Net - 0. 849 0.919 0.970
DFB-UNet R34+Deit-S 0. 816 0. 889 0. 965

2.3 P EESEREILE

Xt il 23T 45 B %oF Ll P90 48 A /0 | A BB A ] 5%
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Table 4 The segmentation results on the LUNA16 dataset

WIR/S Dice ToU
U-Net 0.965 8 0.9339
RU-Net 0.963 8 0.930 1
DFB-UNet 0.966 0 0.934 2

K5 7E LUNA16 diidE A DFB-UNet BT L AL4S
Fig.5 Visualization for DFB UNet on the LUNA16 dataset
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Table S Quantitative results of the cross dataset

ViRiS Dice ToU
U-Net 0. 634 0. 543
ColonSegNet 0.613 0. 509
ResUNet 0.336 0.243
MSRF-Net 0. 624 0. 542
DFB-UNet 0.751 0. 668

2.5 HERSCIE
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Table 6 Impact of deformable convolutions on networks

DiRiS Add DCN ToU Dice Acc
D-1 X 0. 811 0. 883 0.963
DFB-UNet Vv 0.816 0. 889 0. 965

PG RS PR AL PCBAM X 9 25 14 RE (1)
SR A SCBE R BA 9 CBAM LA K2 PCBAM 43 I/E N AFM
By EZLEE, Horh D2 SRR H R CBAM, X Hegh S an
TR, WNFETATLUE A4 R8T D-2,
1E Dice 4845 FHEFF 0.5% , KW PCBAM X T’ 2% 1% fig
REVEVEVER U 25 B8 I8 R INA AR A
B,

&7 AFM f CBAM it BRI
Table 7 Impact of CBAM improvement in AFM

ik AFM Main Components ToU Dice Acc
D-2 CBAM 0.812 0. 884 0. 965
DFB-UNet PCBAM 0. 816 0. 889 0. 965

B X XSl B SORT X246 ) R S B an 2% 8 i, D-
3 RER AT ISR 0 S, AU T B Rl 40 3, AN
GRS SRS T SR IE . SRR 4568 T B
FE R IHLHI BRI 3 A 5 T3 T+ 2 i fig , he
2277 T RLA 2K F Gl 45 9 43 S A0 i LR ARRAE
*x8 WEESZHFM

Table 8 The impact of dual fusion branches

ik Composition  Fusion loU Dice Ace
D-3 Parallel AFM 0. 808 0.881  0.963
DFB-UNet Parallel AFM+CFM  0.816 0.889  0.965
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