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In recent years, deep learning has achieved substantial progress in medical image segmentation;
however, existing methods remain constrained by the challenge of effectively coupling local detail
with global semantic context. To address this issue, we propose SAM2-FNet, a frequency-domain
expert-fusion network built upon an improved SAM2-UNet. SAM2-FNet attains fine-grained,
multi-scale feature enhancement through frequency-domain decoupling and a multi-expert
collaborative mechanism, leading to marked improvements in segmentation accuracy.Specifically,
SAM2-FNet provides three primary -capabilities:(1) Frequency-domain decoupling and
enhancement— input features are decomposed into high-frequency and low-frequency
components via a two-dimensional Fourier transform; the resulting components are processed by
a dual-branch heterogeneous pipeline and adaptively fused using channel-wise attention to
preserve both texture details and global structure.(2) Dynamic expert decision-making — an
improved Expert Fusion Module (FEM) implements a multi-expert architecture composed of five
sub-networks (SubNets), enabling dynamic, data-driven expert weighting and enhancing the
model’s generalization to lesion heterogeneity.(3) Decoder optimization — a Local Refinement
Module (LRM) is introduced in the decoder: an atrous (dilated) convolutional pyramid combined
with a spatial-attention mechanism narrows the encoder-decoder semantic gap and improves
boundary reconstruction fidelity.Experiments on the Kvasir-SEG dataset demonstrate that
SAM2-FNet yields a 3.0% absolute increase in Dice coefficient and a 4.1% absolute increase in IoU
relative to the baseline SAM2-UNet. Moreover, compared with benchmark models such as
umambabot and SwinUNETR, SAM2-FNet exhibits superior robustness under high-noise and
low-contrast imaging conditions
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Figure 1. Overall architecture of SAM2-FNet
1. SAM2-FNet HyEE R Ze4,
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Figure 2. Network architecture diagram of FEEM
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Figure 3. Network architecture diagram of LRM

3, LRM #4454
3. BIRESSWNIfE

AR SR B2 A R 2 B8 23 B8 2 Kvasir-SEG,  Kvasir-SEG[11] (1 15 P % i 9 B L & Ui 4E
L EE A ML E 1 E R A b ic . SRS, BdE4Ed 1000 FKEGHK, PR
332>487 B H] 1920x1072 B HEAS . ISR E T, AL PraNet[12] 846 A\ BUZ 1K/ A% 5
352>352, 4% CGMA-Net[13] 15 AN Edi £ 73 80% I ZREE . 10% )4 AR AT 10% ¥ I 4R o

ARSI T ubuntu22.04 #E R4, L& N NVIDIA GeForce RTX 4090 GPU, X%
SIHEZR Y pytorch 2.1.0, cuda Ay 12.1, 1§/ python3.10 & & #EAT 40 e . BARIIIIZREIE % 1 s .

Table 1. Training Parameters

=1 IEEH

TR BH Kvasir-SEG |
ARV 200 |

DOI: 10.63313/CS.8023 18 THEAURL 45 22



Kyt . Wik Y

HEE R 8

A SE 352*352
WG 2] % 0.0001
ks Adamw

KT PERETEAY, FRATIEFE T DUANFE bR I 7 2 T s 1A 5 i T i a%. 22 (8] O AR ABAYE: . €446 DSC, loU,
ACC #1 SE (recall) . FFANEER T XU,
1) BFAHLLRS: B FAHRLRE (DSC) @ % T & i Sz AN T 2 1) 2 ] AR UM: . B E R

THI5E S
DSC = 2P x 100% 6
T 2TP+ FP + FN °’ ©
2) Intersection over Union: loU, FIREALTIN 7 FIAH I SC ol 2 R E . BAE B HE o
- 0
10U = o X 100%, (7)
3) ACC
ACC = TP+ TN x 100% 8
" TP+TN +FP+TN ” ®
4) SE
SE=—10 _100% 9
“Th N 100" ©

Hrfr TPL TN. FP HIFN 23 AIZRs BB . PP (R PHPEAMER B ML $R . Bkkii, DSC Al loU
VEH T T AN B S HE I 2 (R (B B RS, ACC R 7 BRI HERATE, 10 SE JUJA &R 7] A2 IX Sk i)
71

4. EWERS O

NEHIEFTHE SAM2-FNet 7F 25 2% UG BT 55 b iz pu e S5 88, A7 7E Kvasir-SEG[25] A 41
A b5 DR B kAT 7 X O SESG . IR VIR R T B o B AR K S AR, g R
% 2 FioR, 1E Kvasir-SEG B A4 EI1E 45, SAM2-FNet L) 91.6%(%) DSC 5 86.2%1) loU Fll#r it GEic % .
TR HarDNet[42]3 DSC Hi 88.5%$2 7% 91.6%, 15211 FEEM FEHLB) A 7 ff 5 i 2%
AT R S5SHE AL N FCBFormer[43]4HEL, JR3BAnfLiis (LRMD %K T MAE, H 2.5%
WE 2.1%, FFAERZRETE 97.3%. F55H, SAM2-FNet 7 REE (SE) Fik#| 93.1%, #eHEiHk
SAM2UNet[14]#2H 1.2%, iE B H 0N B A BIAE HHBE 7T . SR TransUNet[24] B S8 18 i 85 B T 253K
15 7 B E AR EUES 89.2%(1) DSC, {HH:Z ¥ N SAM2-FNet [¥) 1.4 1%, 3 HAE MAE A loU RS T2
Tiik, BT SAM2-FNet 7E80F 50 FE 2 (A K- A0S . I T B4 SR & 4 Bow .

PEREVAR > MR B, SAM2-FNet [ 51/ % I 32 245 28 T H A -8 (I [ 28k ik . BLRRE
FEEM BLHAE B — 46 B AR 3 SE UGN RFIE I B0 A 0, 0 R B Al 5 S5IRAE UE R 2%
F A U T 24 EE NI, D5k T OCBRATBURAIE s 1 ) 0 4 Ak B I M T Ak 34 w]
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Table 2. Comparison of experiment results for various algorithms

2. BEBEETWERIE

Method DSC loU SE ACC MAE Params/M
UNet[14] 79.5 69.4 80.7 91.9 78 7.1
UNet++[15] 75.2 64.5 76.0 93.0 6.7 9.0
Att-UNet[16] 87.1 82.0 - 95.5 4.4 23.7
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UNETR[17] 70.8 60.3 73.6 91.3 8.4 -
SegResNet[18] 89.1 82.4 89.3 96.6 31 -
SwinUNETR[L9] 83.8 75.4 85.1 95.4 43 -
U-Mambahot[20] 89.8 83.7 91.4 97.2 25 -
HarDNet[21] 88.5 82.7 90.2 - 33.3
PraNet[12] 87.8 80.9 90.9 - - 325
nnUNet[22] 89.7 83.6 - 96.0 4.0 -
TransUNet[23] 89.2 83.7 - 96.4 35 109.5
FCBFormer[24] 91.2 85.2 91.6 - - 52.9
SAM2UNet[10] 88.6 82.6 91.9 96.9 28 4.3

SAM2-FNet(ours) 91.6 86.2 93.1 97.3 21 78.5

i £ i 1 1 4 J
i ] i ' ' ] i i

(a)images (b)GT (c)Ours (d)nnUNet  (e)U-Mamba (f)SWinUNET (g)UNet++ (h)UNet
R

Figure 4. Visualization results
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¥hn 1.2M Gk 78.5M) H GFLOPS Y& 0.6G (X 31.8G) , Fe/ Al 7 HEEEib itttk REE
it B R B BT, (B LE Kvasir-SEG 2545 o DSC BUfS 1 3.0%1 455 16 25, 78 70E 8] T FEEM 5 LRM
B B R FEAUIR S 25 (RIS A AL T, R0 T B 52 e e 2 R S5 M RO R T o mTA
e RanEl 5 frs.

Table 3. The ablation experiments on Kavsir-SEG
% 3. £ Kavsir-SEG HyjHahstIs

baseline FEEM LRM DSC loU SE ACC Params/M GFLOPS
0] v 88.6 82.6 92.1 96.9 43 6.6
@ v v 90.9 85.1 91.9 976 773 312
® v v v 91.6 86.2 93.1 97.3 78.5 318

DOI: 10.63313/CS.8023 20 THEAURL 45 22




(a)images (b)GT (c)Ours (d) Baseline+FEEM (e)Baseline

Figure 5. Visualization results of ablation experiments
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