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Content-guided heterogeneous dual=decoder network for polyp image segmentation
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2. Key Laboratory of WirelessiOptical Communication and Network Research, Xi’an 710048, China)

Abstract. In response to issues such @warying polyp sizes, blurred boundaries in colorectal images, and limited clarity in endoscopic images,
this paper proposes a feature fusion network based on content-guided heterogeneous dual decoders (HCGFNet). In HCGFNet, the encoder net-
work employs the proposed Heterogeneous Multi-path Adaptive Feature Fusion module (HAF) , which captures concealed small polyps and sur-
rounding feature information in complex intestinal environments more accurately through heterogeneous multi-data streams. The decoder network
utilizes the designed Content-Guided Feature Fusion Attention mechanism (CGFA) to process interfering information in feature maps during the
decoding phase layer by layer, refining the segmentation of target edges and assisting in grayscale image reconstruction. Extensive comparative
experiments conducted on the Kvasir-SEG, CVC-ClinicDB, and CVC-ColonDB polyp datasets demonstrate that the proposed HCGFNet outper-
forms current mainstream models across various performance metrics. After incorporating the HAF and CGFA modules, performance improve-
ments range from 2% to 5% compared to the baseline model and from 1% to 2% compared to state-of-the-art models.
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MELLIX o3 (1 BRI ZE B Jr, e #1485 SR R W], U-Net,
DDANet, TransUNet F1 UNeXt 53245 %1 52 [ 7 HE 2 BR
T EANFRE AWK, AR E, HELZT,
HCGFNet AN HE 3 3K 2 0 DA B e B o &
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HCGENet CSWin—-UNet CMUNeXt

U-KAN

U-KAN

U-Mamba UNeXt TransUNet DDANet U-Net

%5 RFE AL CVC-ClinicDB A 4 L ] ¥4k

U-Mamba UNeXt  TransUNet DDANet U-Net

K6 AFEHEAE CVC-ColonDB Bdii4E ol ¥iik

FRIEE R, ERETE S 2% 18 MR85 ol 2= > B 45 28 5
WL ZA5 8 . CSWin-UNet, CMUNeXt, U-KAN Al U-
Mamba &I FE £ XT3 28 HAFEIN] | 4% #4453 B Y SSL
SRR, FEZ2AP M AR RE MR R %Ay
FRAE, AR SRR U] 3 o e B i S R I S AR B, R
RERT T 2% 20 15 AR AE HL A S5 1Y 2% > S L RE O, T
Pan 1 S SN LK 1 = R L S

Zr b, WRRIEE G Z 8 i GBS ) 5 25 [H) i 1E
T T AL AT SRS B b AR 4 0 2% 1 IR AN R0 2 A S
WIS E 0 5284k, 45 & 551 53 & 1L,
X i N B B R B A R A B A A 55 1 43 BB T, fE
il TEORE At b R B B RN S R AL B TR AR SR AT R

40 | 2026 455 2 W (5 45 4505 586 )

(IR
2.4.3 ZUEWERSH

itk — 2 55 E HCGFNet HERIZ AL RE J1, ARSCik
PETE Kvasir-SEG B #1711 2%, 7E CVC-ClinicDB
CVC-ColonDB 45 £4E Hh it 47500k, JF 54 SOTA #
RIBEAT X H, SCER g Ransk 4. £ S Fim, 7E CVC-
ClinicDB 54 1, HCGFNet #3246 RE 23 M 7E ToU |
Dice, Recall #8451 AH% CSWin-UNet, U-KAN, CMU-
NeXt #£7F 1% ~3% , TE Precision $8%5 1L H CSWin-
UNet FF% 0.6% ., 1 CVC-ColonDB %45 % f, HCGF-
Net 7EA- 48 H: FIH 1% ~5% W47+, &b, &8
SIMT SRR, HCGFNet 7EEF XA R A8 ¥ 855 . AN [H
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B I B A LB A L fE

%4 CVC-ClinicDB #(# % Lz 34 R
WiReS ToU Dice Recall Precision
U-KAN 0. 8202 0.8557 0.857 4 0. 861 2
CMUNeXt 0.819 6 0. 861 0 0. 860 3 0.859 4
CSWin-UNet  0.840 7 0.872 1 0.883 5 0.911 3
AL 0.8515 0.8739 0.897 3 0.904 4

%5 CVC-ColonDB ##5 % L2 A0 3245 %

WiReS ToU Dice Recall Precision
U-KAN 0.702 4 0.7358 0.779 2 0. 808 3
CMUNeXt 0.6727 0.732 1 0.8329 0.817 4
CSWin-UNet  0.708 3 0.769 7 0.844 6 0.831 0
'S 0.712 9 0.771 4 0.8517 0.8328

2. 4.4 HREXWE RSN

HAF B3 H T3 B hn =F & B9 48715 FRAE, JF¥f
RXEERHIEAR Bl G i 4 HI 2% 515 D R ) A
BRI . O TERIIE HAF Ak i F B0k 7E5056
HSBR T HAF A BEBLEEEL 16 i 8 8 R Ak A
J1 DR AL HAF AORER 43 E 5 B i1 7 0] 44k
POTFAEE LS, K 7 iR, 463k 6. R 7 B,
FERIYE LR HAF B, SEZ T HE 8 IR 1 e 3L,
SRR R BB 1A 55, B E BB, TE

N Y
Ba - PR

Kvasir-SEG £l 4E L 0MERE FRE29 1% ~3% , 7F CVC-
ClinicDB $tdli 42 FAOVERE R I 20 1% ~ 2% , 785 il
HAF #HUE, an&l 7 je g He b 0y 2 A BUR BT s, Al
VR M IR 2 PR DL R L P 5 4 S AT

%6 Kvasir-SEG #3E£ L s L R

TH i S 5 HAF CGFA ToU Dice
S8 1 VvV 0.797 6 0. 861 2
S22 Vv VvV 0.819 8 0.887 4

%7 CVC-ClinicDB # 38 %£ L sk i 2 %

TH RS 55 HAF CGFA loU Dice
SR 1 vV 0.863 5 0.902 3
S 2 Vv Vv 0.8772 0.916 4

CGFA B 15 TR 3 o fife i B J SRR 1R . 43 T
PAFE, J1 PG 2530 3K B bRFeE . 8t FEB AL h
B CGFA, W25 CBAM, SE. CA %525 HiLiE 15 % [A]
R AV e, AT PR REXT L3 B, AR AR 8,
FQ BRI, 4> %0 CBAM, SE. CA ##t CGFA
i ,\Kvasir-SEG £ 4l 42 71 ToU RECTHET 1% ~3%,
Dice ZECTFFE T 3% ~5% , CVC-ClinicDB % #s 4
loU %k, Dice REIITFE 1% ~3%, A UEH T
CGFA RHAE 5] T 40 28 W 28 10 ) T0 A A5 B3 5 H bR e
fEJ7 AR 2] T OCHER

)"

S AHAFELH JIMAHAFRLE |

Q

A HARAEE |

7 HAF JHELSC5 AT AL B
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%8 Kvasir-SEG # 3% £ CGFA @b & R
JHAhSEE:  HAF  CGFA CBAM  SE CA loU Dice
1 vV 0.7813 0.836 8
T 2 2 0.7924 0.8205
S5 3 V' 0.7808 0.8483
LI 4 vV 0.8059 0.8516
L 5 v vV 0.8198 0.887 4

%9 CVC-ClinicDB 43 % + CGFA H ekt a4t R

s HAF CGFA CBAM  SE CA IoU Dice
T 1 vV 0.838 6 0.882 4
SEH 2 VvV 0.8421 0.9017
5B 3 V' 0.8390 0.8918
T 4 vV 0.8599 0.905 1
SCH 5 vV vV 0.8772 0.916 4

A, HCGFNet £ U A RFIERE B AL (HAF) |
WS FHIER AR (CGFA) &, TEMMEESE b
AT Z A, o S R RE A B 2 B B
= , 1 Kvasir-SEG . CVC-ClinicDB 203545 70 ToU &%k,
Dice REFHET 1% ~2% , id HAF, CGFA {13
TAE, HCGFNet 75 5L A 73 I 55 th 528l T PERBER T
3 it

ASCER X SSL B R, BIAT — i 289 2 i
B EI M 4% HCGFNet,, i i 22 N EE g RIgesz 1
BP Al N R T A R, WA T AR
NGAFAE . FRIE S| AR T 9 R A 1o 2 v 4
S B DL RO R A R, AR SR A 1 A
A2 TR, 5B 4037 R 1E, X

+ HCGFNet 7E4b# SSL Ji7 & R HP EUAS T R 4719
ﬂ% P T AEAL SN B R I R R R RE O, B AY
BAESTENEE | R S B R, HE R S
B WRIPERE T A A R T A A, R g Rl gtk
THAEA R RS, MAZIIA TAERE T, 7E4R
R R BE A [ B a8 B R i A AR v
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