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Abstract: Objective Medical image segmentation is a crucial and challenging task in the field of not only medical imaging
but also modern medicine. Segmentation techniques can be used to precisely locate and measure tumors, blood vessels,
and other structures, which facilitate the early diagnosis of the disease and the evaluation of treatment outcomes. In addi-
tion, accurate and reliable medical image segmentation can be utilized to monitor disease progression, assist physicians in
formulating long-term treatment plans, lay a solid foundation for clinical diagnosis and pathological research, and provide
valuable data support. Feature fusion in medical image segmentation can comprehensively capture detailed and global infor-
mation by combining multi-level, multi-scale, and multimodal features, which improves segmentation accuracy and robust-
ness. This method not only enhances the capability of automated medical image processing and reduces dependence on
large amounts of annotated data but also increases the accuracy of clinical decisions. This approach helps doctors make
highly reliable judgments in diagnosis and treatment, which promote the development of medical automation. In medical
image segmentation, upsampling strategies can effectively restore high-resolution features and detailed information, which
enhances the capability of the segmentation model to recognize small structures and boundaries. By adopting appropriate
upsampling methods, the spatial information of the original image can be preserved and recovered, which improve the pre-
cision of segmentation. This enhancement not only aids in the precise localization of lesion areas and the extraction of bio-
logical features but also holds significant importance for clinical diagnosis and treatment decision making. The advance-
ment of artificial intelligence has facilitated the wide application of deep learning techniques. However, these deep learn-
ing methods often employ top-down or bottom-up approaches for feature fusion, which can result in the neglect or loss of
intermediate layer feature information. Moreover, existing methods still encounter issues with imprecise segmentation
boundaries of lesion areas, which leads to the omission of critical information when dealing with fine structures and complex
background information. To address these concerns, this study proposes a detail-enhanced medical image segmentation net-
work focusing on global and intermediate features (DEMS-GIF ). Method First, to address the shortcomings of existing fea-
ture fusion methods in capturing complex structures and integrating intermediate features, this study proposes a
Transformer-based bridge feature fusion (TBBFF) module. Compared with other feature fusion modules, the TBBFF mod-
ule focuses more on intermediate feature information and leverages the capability of the Transformer to capture long-range
dependencies between different regions. These features enable the network to better understand the overall structure and
contextual information of the image, which further enhances the segmentation performance and robustness of the model.
Second, to address the issues of excessive smoothness in generated images and the lack of precise boundary segmentation in
the areas of lesion using existing methods, this study proposes an expanded and scale-region-enhanced upsampling strategy
under reverse attention (ESRU strategy). By incorporating a reverse attention mechanism and combining erosion and dila-
tion operations, the model can better capture boundary and detail information in the target regions of medical images,
which enhances the integrity and continuity of the segmented regions. This enhancement, in turn, improves the accuracy
and stability of segmentation. In conclusion, the DEMS-GIF model, which integrating the TBBFF module and the ESRU
strategy, effectively extracts image details and global information. Thus, it ensures the integrity of the segmented regions
and further enhances segmentation accuracy. Result We evaluated the superiority of the DEMS-GIF model by comparing it
with recent and classic methods through applying them on three different datasets: CVC-ClinicDB, digital database thyroid
image (DDTI), and Kvasir-SEG. The experimental results demonstrate that, on the CVC-ClinicDB dataset, the DEMS-GIF
model achieved mloU and Dice scores of 94. 74% and 94. 82%, respectively. Compared with recently proposed segmenta-
tion methods, the mloU achieved by DEMS-GIF outperformed those of MSUNet, MBSNet, and SCSONet by 3. 98%,
4.42%, and 20. 13%, respectively. With an increase in training iterations, the train loss of DEMS-GIF decreased signifi-
cantly and was notably lower than those of ResUNet++ and SCSONet. On the DDTI dataset, the DEMS-GIF model
achieved a precision of 85. 52% and an mloU of 84. 56%. Compared with traditional network models, DEMS-GIF showed
the most significant differences with ResNet++, with precision and mloU higher by 13. 97% and 10. 96%, respectively. In
addition, the train loss of DEMS-GIF was noticeably lower than those of other models, with the most significant difference
observed with MFSNet. On the Kvasir-SEG dataset, the DEMS-GIF model achieved mloU and Dice scores of 87. 44%. Its
mloU was 12. 69% higher than that of ResUNet++, and its Dice was 6. 82% higher than that of UNet, which demonstrates
substantial superiority. Compared with those of other models such as MBSNet, DTA-UNet, and SCSONet, the mloU of
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DEMS-GIF was higher by 6. 77%, 3. 84%, and 25. 02%, respectively, which suggests the best performance. During train-
ing, the train loss of DEMS-GIF was significantly lower than those of other network models, except that of MFSNet. We
also conducted ablation experiments to understand the effectiveness of each module and structure within DEMS-GIF. The
ablation experiments were divided into module ablation and parameter ablation. The module ablation experiments were con-
ducted on the CVC-ClinicDB, DDTI, and Kvasir-SEG datasets, and the parameter ablation experiments were performed on
the CVC-ClinicDB dataset. Using Res2Net as the baseline network, the module ablation experiments thoroughly discussed
the impact of the TBBFF module and ESRU strategy on model performance. The results demonstrated that the combination
of the TBBFF module and ESRU strategy allows the network to focus more on lesion areas, which results in more accurate
segmentation. Parameter ablation involved experiments on the threshold and adaptive parameters used in reweighting with
erosion and dilation operations. The findings illustrated the contribution of each parameter in the DEMS-GIF model and
identified the optimal parameter values. As a result, the model settings are optimized to further enhance the overall perfor-
mance and reliability of the model. Conclusion In this study, we propose DEMS-GIF, which integrates the TBBFF module
and the ESRU strategy. The network effectively leverages intermediate layer feature information to integrate features across
different scales and levels. It also enhances the focus on boundary and detail information of lesion areas, which realizes effi-
cient extraction and refined processing of image features. This process results in more complete and accurate segmentation

regions. Experimental results show that the proposed DEMS-GIF network model outperforms other advanced segmentation

methods, which demonstrates its superiority in medical image segmentation.

Key words: medical image segmentation ; feature fusion; upsampling; reverse attention; erosion; dilation
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P 2 G O B X 28 B 7 DSGA-Net (deeply separable
gated transformer and attention strategy network ) 1, 5
T TIRG =00 SCTE R, TR i b SR i 7
HP ) R RS  [) P 90/ A AR A2 R i 3 I 0 IR TAR
AN B RFAEAS AR o Xiong %8 A (2024) 2 1 Y
SEA-NET (spiral squeeze-and-excitation and attention
net) RS TP, b SR AT i R O BEHOR SE K, Jd i
BORHIE K 1) 2 [)4F R B IR 2 R SUE SRS 22
FRAER b b S R 200 SR BRI L PR AR R
B, AT S A R O B O 1 i/ s BRARAE 32 55 00
FIRORTEERIZCR . Zha 55N (2024) B3 T — R8>
YA X Rl A ™ 4% (dual-branch cross-attention
fusion network , DCFNet) , H: [ SR A2 38 o Fr1iE 28 X
Fill & (feature cross fusion, FCF) #& Bt 158 18 7 72 B
(channel attention block , CAB) #1719, FCF #&Ht
TRG 2 R R, DLIG SR it ok 72 vh 1 R ik
iko CABBIHHE fUsR A FoRAEFFIE S FCFRBEHA: i
I 2 T B 38 3 R I, E— A0 R A % I B ) 407
RGeS . ZHILFEEM (15 DCFNet BERS S B
RCEAGHR A FoRFERE L, 2 TH 0 RIS R HER I
Khan 25 A (2025) #2 Hi WaveSeg-UNet 5 it oA |
b R R R G 3R I/ 78 4 (discrete wavelet
transform , DWT) K52 I b EUR RT o FE St 2
BB, 30 DWT B T ARIE LSS , DU 4 93, Of
OB BP0 5 R LR R R TP A5

Bt
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(ER, ERAE SR MG AT AT — SE PR A .y Tk 2t
5 YR8 HO PR R B0 SR T AL BN R
B e R B 0 SRR AR A I 7 e T R A
B AR, LA T IS5 R = A e A
KEmRPE R, infar ik — 2D AR L SRAE SRS, B R X
S 2% 2 2 B A 88003 B RNZ W S35 1 25 T F
FEH)— KT 17

2 DEMS-GIF t&%8Y

2.1 EKRZEMILIT

[ 1 2 7% 3C DEMS-GIF 1Y & 2 25 #4 [, i
Res2Net (Gao 45 ,2021) YN £ T M 4% . Res2Net il
1L 51T AR BE 1) 43 2 46 U f 51 3R 22 B k)
53 R AN R AR L AT RRAE AL B DT 5 T
TE R S A0 E A ZREE . 228, AR MR &5

— RN G HZ AL Z B, TEAR R ZE R A TR
[F) RUBE ) RPAIE 18], 73X e R AIE P 7 5 22 gt B BofE
3 T AR R AR b & 3 URHIE it 2 )2
M B 118 5 BRLHRAS W 38 SRR A 1) 1 T B AR A B

N T BB J5 S SR S 2R B [R5 5 45 i B
A SURAE , TS AR A — A RIS PR ECRE S =B
BOHY g T R A 0 1B R0 S8 — & 32, HO, A AT
Transformer FHF HERFAE Rl G A B ¥ 25 251 3 18 R 4
A PRAFFIE AT RLG , 5800 R P E) 2 B R RS S
TV 14 JRy A T, DT S 3 PG 4t 40 4 R £ B
AR, TE AR B B, BEAY % S fdT T 4 YR ]
BN A4 DI 5 RATE SR Ok A AN [+ 2 VR Y
FRAEIR], 2 — AP b i FURN AR 15 R A o3
F X Sy s eV S HERYE . RS LT 1 x 1R
RO P21 I S BRI, ol FH R P A (R AT B SR
R i R A A A5 R

HiAN
IO
Conv + ReLU + BN I
! TBBFF <
Maxpool T
Cony + ReLU + BN Conv + ReLU + BN Conv + ReLU + BN

Res2Net Layerl

| T

x, — Res2Net Layer2 — x, — Res2Net Layer3 — x; —— Res2Net Layer4 — x,

l l

ESRU ~ +——x, ,«——  ESRU  <«—x_
|
+
R— > BI > hith
AR EATEL

w2

T

l v v

ESRU < X, ESRU

new,1 ¢

—

K1 DEMS-GIF Z2f4
Fig. 1 The architecture of DEMS-GIF

2.2 E-F Transformer B 451 Al & 4R
FRIERLS 7 R TE B UG o b B SR
A S, E R R S [ RRAE 22 (8] ) B AME B 42
o 0 R A R A A B R . SR AR S R R
TERLA 7 IR AEAERRAE R AU BT A () R, 76 4k
PR 2 R RHIE R A 2= 45 A i s DUAT RO A A T R
FZ U FRRAE , S SO B AE U RN 53 52 2% 45 44 Bf
eI R . BB B i —SEARp i Al G vk AR AT 5 |

N TE T ST HL S5 H AR i e ik ) 4 ORI 5 28R
{FGE 2R TR F i T 8 R g A 7 A TR
LR, 20 1 P2 ARFAE . A )R R AR LAl
SEEMG AN M & R ah kg I R 2] TR RIER], B
BEEL& 1 s 2R AFIE 2 a5 B, XA
YR OGHE E R IE RIS RALS, A =4
TIE X 02 2 5 AR A NI e B U A o 3 LA
BRSSP, B0 A AR Rl S 5 VAT 3 5 A
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XEL, #hEk, Xe, EEE, T6E
BEsRES5HEENATEEEZERGS 2

SR ANEE G b (R Z AR D5 T AN R A SR A
HE T Transformer [ 422 R 1F 7l 5 A B (TBBFF) |, A
B HAWERAE @A A H  TBBFF A5 5 in 56 142 o [i]
JZREEAE S, R B A1 H Transformer $8 AN [7] X 38 2.
[i] Py B B A4 08 G R Y BB ), (445 I 2% T8 405 T 47
PR AR AR S5 R R0 T SO B i — 2P PR Tt
R B o3 F 1k BB RN & 2 PE . TBBFF 152 He 45 14 4 1] 2
NS

H 5 SEREE I FH Transformer %) 4 Ja) HEAR RE 1 $2
WO =8 A TR, AR SCOe B i AR R
fEE L e Hox W, i=1,2,345 513547 & (flatten)
F%G & (permute ) #AE , LA I Transformer 2 it 7% 119
AbFEAR K, AR

L = fre S (B C.H X W) ).(2,0,1) ) (1)
SUrp BRI/, R TR, HOR W43 S 5

FBERE . KA 6] RUBE YRR I e VO T e & s L i
AR (S [ 4R ) g AT 3% £ R AR 1,
AT TR AR A 3 A A, fel A 30 ] DL 3R 50 b 2
2 FNRE AN [ R RRAE o

1 T Transformer 2w % % AT DL A 52 2] 4¢ 1F [ b
R 4 JR A G 2R, DRI 22 A DR R 1 T, i A
dr 3110 A FH Transformer B9 42 Ja) 1 & 1 L) A=
BN E B R R s, DT O T 3 Ay ARRAE
Kby ir AR R R, i h R EFE . A
L]

1, = frsomertneoed L) (2)

BERS AR 1 A RS A (H X W+ Hy X W, + H, X
W,.B,C) . #4E  WFFEEIHETI0 5, X AL RE S TR
FA P 22 [] 1) 25 1) G A%, T LA RE 6% 07 158 ) 2 1Y)
(RCIEEY S

: i Conv

| : E TOREE

! &P — b |

! : R ;

i | : T R

UL > FP— C — Gifihti — R —> I, —> - .

l I I J 3 x Conv

| |

1 I

| | o I

[ 10 4 I
FP JRPRIEN: C PHE R B . AT TR

2 TBBFFFIHLAE
Fig. 2 The structure of the TBBFF module

SRR 3% T AR TR Iy 20k A R RUBE 1Y)
RRAE Il 7E — L , (A5 A5 0 BB 005 7 9125 (R v B
FEAARFEZRNER A & 5 4 f e s
T SRR R o KRR RLG SR s RE 6% T 5 v [B) 23 4
TERVEH K A RO 25 & B e 2 R IE 2R T, 1
T 2205 B A ORI, s R 5 4451
M TRUAIRE J1 , DT 44 i85 B 2 R e R s i . L
A

& = (O3 fopamn(15,)) (3)
K, © RN EZAIPFIEEZICE AT, 1 £ 45T
Transformer Zi i J5 15 BN AUFFIEIR i = 1, 2, 3,5, %78
WO RRAE BB R FE R, B R s, =20,

S (15 5.) F2 7N FEAE P 1! LLLL B 5, HEFT LSRR
Ak

Htt— 2R 2 R U RS AE A B, BT AR 1Y
FEAEF IR AR J1 L 1 S0 LSRR IS (AR 2 KRR I o
e () 22 A 1] o AT B4, A DEBE IS (5 1
X, AR — R, BRI 52 U R A
SRIG L T J2 U AiE PR o, 1 SRR S G A PR X,
PEAT B | IR R DB 5 (0 B ) X, 38 1o 4 AR 2 T
WCHEAT LG o 1A 7 2 30 43 ) F o 1) 2 455 iF 7 4
A1 A P B AR R , R RS A b4
G515 R4 RS B B T AR 2R AE 2
] 4125 S 3 N 2 PP, 41 085 20 B0 f v A . L
K
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(4)
X, = fu €5 fip(#1.2))

X, C(A, B)FTRHEFRAE ) AR B TR E 4 B ik
TrPis , RO RAE BT AT B AR AR

R, PR 285 DFHERIRR S 75 2 A9 R AE 1] X 2E
TP FRARAE , (A5 55 B B A% 75 1 ) 22 U2 3R
Rl AR b, R — 2D SRR AL B e RRAIE , DT A
TSRS 240 1) e 2R AR TR 1, R J5 B2 4 AT 55 e it
SE PR AN BT BOAFAE , SR TR AR P fE
2.3 REFEETHY HXIEIGE b RERRE

TEBE A B FUE S5, ERAE DT A 1
BRI, D0 T5 B9 EORAE SIS A RE £ T R Y Jot
L0 AR P R R R A R R RE . (EARGERY A
DX I i 3 SO T i St DIy 200 S A A
LRI A RN NS I, TS R AR IS B Pk
ZIEMTR AN SRR . TR RGBS
MBI LA 22 00T A5 B, B 5 52Ut e X6
AR AEAS R o MEAN AL GET7 ik A A R R TR HA
o B2 B ROR , S E0r ISR A 1 S, A A
THAEAEEA B0 F], IF AT RESI A D2 5OR A AR A AL
B SZWZ W 9 HERRME o DR, B AR R Y
JEE OV i 100 0 R LA 5 12k R e DX 3l 4 81 300 R AN
A0 A [R) R, AR SCBCTT 1 — B 1) T T B4 46 X
agik [ SRAE U ME (expanded and scaled region enhanced
upsampling strategy under reverse attention, ESRU) ,
M 5 A I B I, 255 18 A KA
S RE A% B 4 M4 B2 2 MR b H AR X Y 3
SN AE L G5 I o8 B A S, A
T 2 5 73 31 RS T ARG E P o ESRU SR W 45 44 T
K3 s

T e UL R 7RSS 1R FoRAE I, R AL

Conv

1
|
HIN — Bl — [ —>~—>—>1<—>-

T

X
i

BI AP ~ SR

— —

Al Z IR R T, e H x W SR PEAR (5 )7 %
g SRR B A /N B R Y 14, {8 5 Trans-
former T HEAT 4R S BUAY fe/INRFAIE T8 R/ MR A5
5 A5 250 T f/ INVRAE R B TR A . [R]I, BilS
Z 5 BRI 6 A TR R R AR B, A S I
B 3OZ R A e . HAAY

I(u,v)=22[o(x[,yj)(l —|u —xi|)(1 —’v—yj’)

(5)
EVC L ,Io(x, y)%%%%/\#%ﬁ@loﬁ:%ﬁ?(x, y)ﬂ/ﬂ%%
fi,x=4u,y= 4v,xﬁﬂj@%§ﬁ<ﬁ%ﬁﬁ‘]44\%§&%$ﬁ,
(1= = x|)A(1 = [0 -y | ) RATARA T, 575
B (w, o) FUS IR AR BRI B S o 7EJ5 2200 TR A T 7
o UK il b — YR SRR SR 14 R AIE P Ay
N TR P U 47 5 R i R 5 4 R A D
Kol 245 o
H SR M ER LS . HAEg L 5e
T e XSRS S 4 A A AN ok 220 ek (4 R AT 1
S X 20 R R R SRR SR R R 28 SR T A
TR RAERIBFI 4 268 7 o BRI, A% SOl B ) 1
HTBAE A5 B AN S A HERD &, 76 S5 SERHE
A 14 3 R v S R P SR R IS S AR T2 35 3 AT R
fit., B4R Ny

x=1-0(I) (6)
2, T3R8 Gl XU M A 1 7 12 Ak 345 3] ) R AL
K, o FEn~ sigmoid TG PR
A RS SRR A A A B, , 1245 L i o B
HE AR Sy 220 38 O 5 UG FAE BT (Trans-
former ‘B T4 A K/ NE TEECS YR G 1) 238 18 R
TEFEI AR ] ) 72 T0 2R AHFe , AT Ay e fiE A B4 A1 5 fim =
B ETCFER . ARl SRR, DR R

,_' JE i, —l Conv

IR —> —— ReLU —> fith

!

SAHERE e MR X R SR

K3 ESRUSKM 45
Fig. 3 The structure of the ESRU strategy
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XEL, #hEk, Xe, EEE, T6E
BEsRES5HEENATEEEZERGS 2

TiE P ) Sy B AR BT A TR R AR B, o J5 AR
W IRERAR . R)E S AT Ak e . e
G5y E v JE o o 2 SRS ERR I 0 2%, TR BR A E 1
9 74 DX 3, AT A 745 0 5 R F i 728 DX I am vy
TR A o P e H A X G 5, i — 2 9 IO AR
DX 35k, ol DX 2 A5 7Y B A% F B O TR AT RE 1095 A8 X 8o
T 1 255 A T T R ik 3 R RO 2 25 AR, MU S
A B BREMG H A ES RN AR, 18 RE R I 45 7 I 2k
(49 Ak B 3 A P R Gl R ) R B A X IR v AR
SRR, E— 25 1 0 45 ) X dak Y 58 B M R S
TEIX — B, 1 S0 i B PR RS B A R 1A
14T BE AL, BARH

1 1506
"0 1<06 7

SR A B TR ORI KA X « 5 8 R R B
BILE MRS RN BRI 6 AFRA . HAK K
X =aXGCXx, +BXGCXx, +yXG (8)
P, a,B,y TRl ) N ESEL, «,,, F 2y, 70 5
TR & a0, 2805 JE e R A FH A B R [

Xo

3 LIgaMh

3.1 HIESE
3.1.1 CVC-ClinicDB 324

CVC-ClinicDB #5421z H T4 s K&
Brafk g8 fsa FE b bR ER I B 2 — 5 612 IE MK
45 W B A A LA v B O RS BUR L RN
384 x 2884 & . MR KGR SE L T L K F-shiniE
R P 43 B A, 32 T 8 RS TN D 21 Bk 1Y
YAt
3.1.2 DDTIXE

DDTIEUH 4R 02—~ % 1 TH T HUIR R 75 14
30T I B 2 S B A A 5 637 IR A 18 3 Pbr
2 () IR BRI S . X S R 0 (7 T2
FU ) 1 22 FE P, A 95 FROIR IR R FRIR R I (257
FUEEIE o DDTIL 48 48 Sy HOIR B 8 75 1145 0 B 42
HET 5 S U, X B R B 2 W A R
3.1.3 Kvasir-SEG ZfE4E

Kvasir-SEG £ 5 2 M\ Kvasir 048 5 Hh $2 U H
e B — > % 45 1 B RS 3R 93 B PN B A e

AL E 1000 0 5 1 8 DY AR S G B4 93 4
W bk TR R BER IO E AR, ZEHRE L]
T IF L APEAL B IR T B BN BBk, B AR
HEh 2 g SR B 235 S I E AN 0 2875 VR BRI ST
AR .
3.2 iFMiERR

T PEAR LAY R 43 F R RE L A SCHE A ] 5
(recall) K (precision) A2 X 38 1) 22 If: H (inter-
section over union for lesion region, loU, ) .1 5t X 38 1Y
A2 It b (intersection over union for background region,
IoUhg) F 338 3 kb (mean intersection over union,
mloU) LA K Dice ZENE A48 3 BI PN FE bR . 3L
H, recall f 5 1Y) 72 52 bR TEAEAS AR R TP e 73
WAy TEREASHY Lo 9], BIRE B i BT 95 BE ) o precision
i e AL TR T S TEREAS A5 ER R S PR o IERE AR B 1L
i, BRSNS R M . ToU, /R A8 X I 1 38 I L
i o B AE RS PRI B B DL . ToU, R
AN SR XA ST L Al AR S 1 R SR
TR ESHOL . mloU 2 Fr A7 20 (L5 75 SR 22
DI B9 ToU - X (L, Bt 1 LT A R 7 4 fiE 10
flirik . Dice ZRBUINLES 1 HEEEFIH 3, 15K 73 %1
SRS LRI R AR I

XLV 8 AR S 4 A EAR DG, B B PE (true
positive, TP) | E [ 14 (true negative, TN) | B BH %
(false positive,, FP) FIE B VE (false negative ,FN) .
3.3 HMKREH

ARICHFEEH T BCE Dice Loss. BCE Dice Loss
& — Mgk A& T — o838 X (binary cross-entropy,
BCE) I Dice 28 Bk s &K, 5 FH T EIER 0 BT 55
o X R 2K bR £ RE 0% 3 BCE 1 Dice Loss [
i AR ER R0 AR R A 53 35 X — Bk
MTTAE G 3 BT 55 o U B4 A PERE

1) Zea8 U R . BCEH1e 2 4 MLy 43 245
REEIE N T RHNMEN 5. et
B FRUINEL 5 L SR 2 ] A 52 SO L i i R MR R
fLE R TR 2E . B

BCE(p,t) =—[tlog(p) +(1 - t)log(l - p)] (9)
Ko p SR 2 FRRAE (00 1),

2)Dice FEH % . 1850 B, Dice R HUH
T R S B BB T A Dice
FA G FOR TR R . B4R
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22(p,»li) te
PIEDVEE
%A, p, M A3 IR 5 i AMG R B T I S
€ JE— I, G A BEN 0.

i K BCE #l Dice 1R AMSS &, BEH & TR R
PRGBS T AR 4 5, PRI 7 A R
185y EUE 55 I BERE IS B A i RCR . BAR

Loss(p,t) = BCE(p,t) + (l - Dice(p,t)) (11)
3.4 SKIGZETS

B A S 2 52T Ubuntu20. 04 3 1E R G 6,
Jf4i F Python 3. 8 #1 PyTorch2. 0 #£17i2 8 . Z R4
fit % 1T Nvidia RTX 3080Ti GPU, N7 %N 12 GB,
Pl & Intel (R) Xeon (R) Silver 4214R CPU, Jil K Ny
2.40 GHz, X} F CVC-ClinicDB.,DDTI L) & Kvasir-
SEG 34t i A GRS 41 5l 256 x 256
%K, Il 1 (bR AR 22 R AT 00— 1k, ASC
WFFOREECE G 1T L) 9+ 11 LB B AL 23 k)l 5 4 Al
KA, BASEDL, CVC-ClinicDB BUHE 84K 551 i &l
BT Uk, 611 H TR, DDTI 4 5434 573
i G T 125, 64 1 T, 17 Kvasir-SEG 24
£E 34900 1 EAGFH T-11 45, 100 8 1 T, 45575
FEVNZRIN SR T 28 SUKGAIE , Herp il 2k B R I 20 5
FOoE S H, MRS R R PP Ah AR R - R R 2 5 45
RIZHCEHT , HANZREE 54 e Ag 4k .

T BESRALTY (A2 AL RE ), DT AR R A TR g
AE , 258 Xt CVC-ClinicDB , DDTI LA & Kvasir-SEG V|
SRR TR R R B R | iR R 30% 1)
MRS QIE R, KOV B 2 BB FIREALE Y . JL
rh ERE A BORAE 0781 35° Z [, KT fEE 45 ik
T2 AR e, T BN AR E AT 1 R AR B
BEAILIEE 4 R AE EUE L BEALE P e 22 104 X3k,
R XS B K BE RS B R 328 3R . LAk i
i Adam 1E N &AL RS | I45 01 16 2% > Rk &
90.000 1,3 &K/ A8, RN 150K . itk
FRIZR H BCE Dice Losso

T EAZ 50 BRI 2k 4 0K, BRI 2
15 ZIAH R AN R B, DR AS SO 2 PN 8 bR
SKRICT ¥l ShniE2E . b Y (E R T RO
Yoy RIRe 1  MibnifE 22 R0 T B i Sk, HbRifE
P /INF IR [ 6 e AR

Dice(p,t)= (10)

3.5 XfLEXWER

T VY DEMS-GIF YA , A SCHE 3 4[]
(9804 42 CVC-ClinicDB . DDTI #l Kvasir-SEG |4
SRS A M)A AT T B, X 8MITIE R
UNet (Ronneberger & 2015) . UNet++ (Zhou % ,
2018) . ResUNet++ (Jha %%, 2019) . MSUNet (multi-
scale UNet) (Su %5, 2021) . MFSNet (multi-focus seg-
mentation network ) (Basak 25 ,2022) . MBSNet (multi-
branch segmentation network ) (Jin &% , 2023) . DTA-
UNet (UNet based on dynamic convolution decomposi-
tion and triplet attention) (Li %% , 2024b) F1 SCSONet
(spatial-channel synergistic optimization net) (Chen
85,2024) . 45 RKW], DEMS-GIF 16 3 e 46 113
WS T B R Ar BIROCR B B 1977 2] BB ) AT
e
3.5.1 CVC-ClinicDB ¥4 4E I i} L S50 2%

BEALTE CVC-ClinicDB £ 4 5 b HEAT 5250 1Y 45
RUWNR PR . xF T B BRI 48 6 R 7
recall \precision IoU, . IoU,, .mloU 1 Dice I JE & AIPE
B W 2 B 2 0E . R 1T LUA H, DEMS-GIF
B recall & 95. 48%, precision i 94.52%, loU, K
90. 42%, ToU,, 4 99. 07%, mloU A 94. 74%, Dice A
94.82%. SIELGEMZEHHLL , DEMS-GIF HAT 232
i, JUHAE ToU, J7 T, F UNet 51 6. 65% , H UNet++
= 6. 48%, [t ResUNet++1=1 H 14. 88%., Sz ir#2
H A JLFR 43 %1 1k EAT HL K, DEMS-GIF 9 mloU L
MSUNet 5 i 3.98%, I MBSNet /& i} 4.42%,
SCSONet /= tH 20. 13%.,

¥l 4 J& DEMS-GIF 5 HAth % £ 7t CVC-ClinicDB
Bdi 4 T mloU {H A% H, T LAE H , B U 2R B
Y30, DEMS-GIF B AL A , 7626 70 1~ epoch Ji7
HomloU {E ] i T HA 8 4> R 25 4557

4 5 J& DEMS-GIF 5 HAt1 [¢ 2% 7 CVC-ClinicDB
BAHEE - Train Loss FYXT LL, o1 AT UL, Bl 25 D11 25K
B3, DEMS-GIF 1 Train Loss #5845, H W &
% F ResUNet++41 SCSONet.,
3.5.2 DDTIEfRAE Xt e gess

7E DDTIECHE 5 bR SEE 45 R AR 2 ik .
220 LIFE ), DEMS-GIF B recall &y 84. 97%, preci-
sion 4 85.52%, loU, 2 72.45%, loU,, I 96. 68%,
mloU 2} 84. 56%, Dice N 82. 95%. 15 1445 W £ #5
FH LG , DEMS-GIF 5 ResUNet++ 11 25 i i3 S B 9,
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XEL, #hEk, Xe, EEE, T6E

£30% /56 10 #3 /2025 £ 10 B RELBESHEENATIEREZERGHE

%1 CVC-ClinicDB $#E 5 FHI3ILL SRH L5 R
Table1 The comparative experimental results on the CVC-ClinicDB dataset
/%

Y recall precision ToU,, ToU,, mloU Dice
UNet 90.60+0.55 90.86+0.88 83.77+1.20 98.24+0.22 91.01+0.71 89.98+0.79
UNet++ 91.05+0.71 90.66+0.70 83.94+1.00 98.34+0.09 91.14+0.50 89.96+0.83
ResUNet++ 84.60+0.70 86.68+1.12 75.54+0.51 97.47+0.25 86.50+0.35 83.52+0.32
MSUNet 89.85+0.55 91.22+0.99 83.07+0.56 98.44+0.13 90.76+0.35 89.63+0.35
MFSNet 93.64+0.64 94.27+0.86 88.88+0.88 99.02+0.03 93.95+0.45 93.58+0.84
MBSNet 89.63+0.38 90.24+0.41 82.56+0.52 98.08+0.12 90.32+0.26 89.29+0.38
DTA-UNet 91.69+0.79 90.18+1.00 84.09+1.25 98.26+0.32 91.17+0.78 90.24+0.88
SCSONet 70.87+3.63 70.80+2.04 54.57+2.15 94.67+0.27 74.61+1.19 66.54+2.17
DEMS-GIF(4~ ) 95.48+0.27 94.52+0.55 90.42+0.28 99.07+0.03 94.74+0.15 94.82+0.17
VE IR 35 4 BT R S5 R
1o 5 b MBSNet . DTA-UNet 4 5 SCSONet i i1 4. 23% .,

2.68% .14. 88%.

&l 6 /2 DEMS-GIF 5 oAt [ 2% 7£ DDTI A H54E I
mloU {E (X} Eb , 7T LAOULEE 2], DEMS-GIF £ 55 60 4~
epoch 7 , He mloU {H & Wi 4 TA2E , /- T 0.8 % 0.9

— UNet — MBSNet
—UNet++  — DTA-UNet o 2= i
05 - RCS%NCH"F _ SCSONete Z.IEH 5 H 5] ﬂ:;H\:,ﬁt 8 /I\ |X_XJ é%*%ﬂ o
y R v [] 7 J& DEMS-GIF 5 HoAlb ¥ 4% 76 DDTI 4% -
020 40 60 g 2 BB Train Loss 9% H , Bl 5 I 2R 0 1 i, DEMS-GIF

Y Train Loss 7£ 5 40~60 > epoch 2 [8] B £ B i I
T Bk MFSNet S 1 oAt 7 A4~ 90 25 862 8, AE 55 70 4
epoch 2 J5 , H: Train Loss B i fIX 7 MFSNet, It i}
DEMS-GIF Y Train Loss I T BT 4 % LA A

4 CVC-ClinicDB i e A [ M4 9 mIoU X H
Fig. 4 The mloU comparison of different networks on
the CVC-ClinicDB dataset

— UNet
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Table 2 The comparative experimental results on the DDTI dataset

/%

e recall precision ToU,, ToU,, mloU Dice
UNet 80.07+1.05 82.48+1.37 66.32+0.30 96.01+0.07 81.16+0.14 77.50+0.49
UNet++ 80.33+0.89 82.43+1.41 66.39+0.25 95.96+0.04 81.18+0.13 77.73%0.15
ResUNet++ 74.77+0.69 71.55+3.45 53.30+3.33 94.04+0.55 73.67+1.94 66.84+2.85
MSUNet 81.68+2.08 82.36+1.63 66.84+1.42 95.93+0.18 81.38+0.79 77.94+1.01
MFSNet 83.68+0.79 83.60+0.31 70.04+0.67 96.46+0.13 83.25+0.35 80.82+0.72
MBSNet 78.12+1.29 82.38+0.98 64.73+1.37 95.92+0.20 80.33+0.75 76.53+1.40
DTA-UNet 80.64+0.90 83.15+1.39 67.58+0.27 96.18+0.06 81.88+0.16 78.58+0.34
SCSONet 72.92+2.07 64.36+0.93 46.62+1.36 92.74+0.41 69.68+0.85 61.24+1.35
DEMS-GIF(Z 30) 84.97+1.39 85.52+1.13 72.45+0.70 96.68+0.09 84.56+0.38 82.95+0.61
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Fig. 6 The mloU comparison of different networks on

the DDTI dataset
0.7 — UNet — MBSNet
— UNet++ — DTA-UNet
0.6 — ResUNet++ — SCSONet
— MSUNet DEMS-GIF

0 20 40 60 80 100 120 140
Epoch

7 DDTUEESE EAF M4 Train Loss X Lt
Fig. 7 The Train Loss comparison of different networks on

the DDTI dataset
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Table 3 The comparative experimental results on the Kvasir-SEG dataset
/%

Y recall precision ToU,, ToU,, mloU Dice
UNet 83.49+0.41 86.97+1.11 72.98+1.09 93.45+0.31 83.22+0.70 80.62+0.87
UNet++ 82.51+0.80 86.56+0.99 71.93+1.27 93.01+0.31 82.47+0.77 79.68+1.20
ResUNet++ 71.65+1.27 82.68+2.38 60.26+1.52 91.28+0.42 75.77+0.97 68.75+1.28
MSUNet 83.08+0.57 86.86+0.20 72.23+0.72 92.94+0.26 82.58+0.48 79.58+0.71
MFSNet 88.32+1.14 90.16+0.69 80.36+0.79 95.32+0.27 87.84+0.51 86.81+0.75
MBSNet 82.21+0.64 85.20+0.75 70.60+1.35 92.79+0.22 81.69+0.76 78.42+1.20
DTA-UNet 87.52+0.71 86.29+0.28 75.50+0.63 93.75+0.29 84.62+0.45 82.71+0.65
SCSONet 63.55+2.05 58.69+0.77 40.60+0.89 86.27+0.15 63.44+0.38 52.36+1.41
DEMS-GIF(A ) 98.68+0.35 91.36+1.00 81.40+0.25 95.53+0.12 88.46+0.16 87.44+0.18
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Fig. 10 Visual comparison of DEMS-GIF and other models on different datasets
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Table 4 Ablation study of the DEMS-GIF architecture

LGS HEEY recall/% precision/% ToU, /% ToU, /% mloU/% Dice/%
A 91.48+0.61  90.31x1.37  84.02+0.60  98.51x0.10  91.26+0.35  90.42+0.47
B 95.24+0.70  92.06£0.47  88.01x0.29  98.84x0.05  93.42+0.16  93.25+0.33
CVC-ClinicDB
C 95.70+0.26  93.48+0.51  89.62+0.32  98.97+0.06  94.29+0.17  94.33+0.22
DEMS-GIF  95.48+0.27  94.52+0.55  90.42:0.28  99.07+0.03  94.7420.15  94.82:0.17
A 82.02+0.71  80.92+1.43  66.68£0.55  96.16x0.2 81.4120.37  78.53+0.50
B 83.64+0.96  85.07+1.21  70.76x1.15  96.58+0.16  83.67+0.64  81.54x1.12
DDTI
C 85.08:1.68  83.70x1.18  71.58+0.41  96.54x0.13  84.06£0.21  82.20+0.25
DEMS-GIF  84.97+1.39  85.52+1.13  72.45:0.70  96.68+0.09  84.56+0.38  82.95:0.61
A 85.05¢1.21  87.54x0.83  75.73x0.73  94.62+0.38  85.18+0.55  83.72+0.67
B 89.33x0.91  89.46+1.29  80.47+0.47 95502026  87.98+0.32  86.92+0.46
Kvasir-SEG
o 87.84+0.50  91.37£0.49  80.80+0.44  95.52+0.18  88.16+0.29  86.84+0.53
DEMS-GIF ~ 98.68+0.35  91.36+1.00  81.40£0.25  95.53+0.12  88.46+0.16  87.44:0.18
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%% nhead A1 Transformer 7 i %% B9 )2 %% num_encoder
HEATIH BT TS 45 2R o ARl 92 30 25 2Rk LAY 7
nhead = 8, num_encoder = 4 I} 52 K 4% W & 4, H
recall {H & 95. 48%, loU, i & 90. 42%, mloU {H K

SR BB BRI BRI R

94. 74% , Dice fH} 94. 82%.
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Table 5 Results of parameter ablation study on the TBBFF module

nhead num_encoder  recall/% precision/% IoU, /% ToU, /% mloU/% Dice/%
4 3 95.130.55 94.08+0.57 89.82+0.76 99.03+0.08 94.43+0.42 94.29+0.71
8 3 95.17+0.46 94.57+0.45 90.21+0.50 99.100.03 94.66+0.26 94.64+0.38
16 3 95.32+0.28 94.18+0.86 90.01+0.71 99.05+0.07 94.53+0.39 94.54+0.48
8 2 94.60+0.76 95.12+0.40 90.14+0.50 99.10+0.05 94.62+0.27 94.49+0.56
8 4 95.48+0.27 94.52+0.55 90.42+0.28 99.07+0.03 94.74+0.15 94.82+0.17

TE IR TR R % 9 e L4 2R
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AT HTIRAST A B 1, EA T A ST o AR PR S G 45
W, K BUAE BEN 0. 60 B S5 45 S A5 4t , HomloU fi
}594. 74% , Dice 1531 94. 82%.
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Table 6 Results of the ablation study on threshold reassignment using erosion and dilation operations

I, recall/% precision/% ToU /% ToU, /% mloU/% Dice/%
0.50 95.22+0.64 94.03+0.34 89.78+0.48 99.06+0.06 94.41+0.24 94.20+0.53
0.55 95.12+0.20 94.12+0.69 89.75+0.57 99.04+0.05 94.40+0.30 94.32+0.49
0.60 95.48+0.27 94.52+0.55 90.42+0.28 99.07+0.03 94.74+0.15 94.82+0.17
0.65 95.59+0.22 94.08+0.63 90.16+0.45 90.16+0.45 94.61+0.25 94.64+0.27
0.70 95.60+0.35 94.26+0.56 90.26+0.48 99.03+0.05 94.65+0.25 94.74+0.30

E IO TR R & S e L4 2R
®7 ARESH T DEMS-GIFEEHKIGER
Table 7 Experimental results of the DEMS-GIF model under different parameters
a B y recall/% precision/% IoU,/% loU, /% mloU/% Dice/%
0.05 0.05 0.9 95.45+0.33 94.22+0.64 90.18+0.54 99.06+0.04 94.62+0.29 94.56+0.49
0.10 0.10 0.8 95.48+0.27 94.52+0.55 90.42+0.28 99.07+0.03 94.74+0.15 94.82+0.17
0.15 0.15 0.7 95.05+0.40 94.58+0.57 90.08+0.39 99.06+0.03 94.58+0.21 94.58+0.26
0.20 0.20 0.6 95.06+0.39 94.39+0.37 89.90+0.15 99.06+0.02 94.48+0.08 94.48+0.11
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