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mental requirement in spatial multi-omics analysis, where the precision of nuclei segmentation critically de-
termines the accuracy of target molecule localization. However, existing segmentation methods frequently
produce suboptimal outcomes due to challenges such as highly heterogeneous nuclear morphology, com-
plex tissue architecture, and densely packed cellular regions, all of which compromise the reliability of
downstream spatial genomics analyses. To overcome these challenges, FFVM-UKAN, a novel encoder-
decoder architecture, is proposed. This architecture integrates shallow Visual State Space modules for fea-
ture extraction with a deep tokenized Kolmogorov-Arnold Network for feature refinement. Additionally, a
Parallel Frequency Domain Learnable Module is incorporated to significantly enhance skip connections by
effectively capturing fine-grained frequency-level features essential for high-precision nuclei segmentation.
The proposed method achieved a mean Intersection over Union (mIoU) of 69.09% and a Dice coefficient of
81.72% on the MoNuSeg dataset, and 85.95% and 92. 45% respectively on an in-house dataset. Further val-
idation using the 10X Genomics human liver dataset for gene-to-nuclei mapping yielded an accuracy of
90.63%. Experimental results demonstrate that the proposed approach delivers superior nuclei segmentation
accuracy and robust model generalization. This enables highly precise gene-to-nuclei mapping, underscoring
the significant potential of this method to advance spatial multi-omics research and its applications.
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3.4 HBhI

i o 7 b 52 5 ok UE B PEDLM Ml Tok-KAN
B AR R R L ME S TR, Hor,
FFVM-UNet % 7~ ] PEDLM B/t VM-UNet J5
AR Wk BR 3% B2 BT 45 4, VM-UKAN £oR FH 2 2 45
I 240 1k 20 it 5 5 B VM-UNet J5U iR Z B2 2% 14 357
EE o

F1 FEHEEMNMMoNuSeg HHEE FHIE BRI

Tab. 1 Ablation experiments on in-house and public MoNuSeg datasets

Tok- In-house dataset

Model PFDLM

MoNuSeg dataset

KAN mloU  Dice Acc

Spe Sen mloU Dice Acc Spe Sen

VM-UNet
FEVM-UNet NG

VM-UKAN NG
FFVM-UKAN Ni NG

0.8454 0.9162 0.9611 0.9730 0.9213 0.6654 0.7991 0.9168 0.9367 0.8361
0.8553 0.9220 0.9641 0.9775 0.9192 0.6852 0.8132 0.9228 0.9412 0.8484
0.8506 0.9192 0.9634 0.9816 0.9026 0.6787 0.8086 0.9208 0.9395 0.8451
0.8595 0.9245 0.9656 0.9819 0.9113 0.6909 0.8172 0.9250 0.9442 0.8473

Note : Bolded text indicates the best results in each column, and underlined text indicates the second-best results ineach column.
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Fig. 5 Comparison of different segmentation results after ablation of each module
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Fig. 6 Class activation heatmaps with different methods in ablation experiments
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FFVM-UKAN #H It UNet, UNet+ + , Swin-UN-
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UKAN ) mIoU 43 5 k. UNet, UNet+ + , Swin-
UNet fil VM-UNet 43 5l & H 14.3%, 15.0%,
10. 2% f13.8%

UNet fl UNet+ -+ 7€ 4i fil 1% 31 5t 0 & # %
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Tab.2 Comparison of different methods on in-house and public MoNuSeg datasets
Model In-house dataset MoNuSeg dataset
mloU Dice Acc Spe Sen mloU Dice Acc Spe Sen

UNet* 0.8184 0.9002 0.9537 0.9686 0.9038 0.6042 0.7465 0.8870 0.8987 0.8508
UNet+ -+ 0.8230 0.9029 0.9548 0.9681 0.9102 0.6009 0.7453 0.8922 0.9124 0.8189
Swin-UNet'* 0.8113 0.8958 0.9506 0.9911 0.8322 0.6272 0.7708 0.9146 0.9613 0.7255
VM-UNet"*" 0.8454 0.9162 0.9611 0.9730 0.9213 0.6654 0.7991 0.9168 0.9367 0.8361
FFVM-UKAN  0.8595 0.9245 0.9656 0.9819 0.9113 0.6909 0.8172 0.9250 0.9442 0.8473

In-house dataset

Note: Bolded text indicates the best results in each column, and underlined text indicates the second-best results in each

column.
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Fig. 7 Comparison of different methods on in-house and public MoNuSeg datasets
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Fig. 8 Comparison of different methods on human liver sample from 10X Genomics
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Tab.3 Comparison experiments on human liver sample from 10X Genomics with nuclei segmentation and gene mapping

) Average .
Model mloU Dice Acc Spe Sen ) mloU,,. Dicey,. — Accy, SPe gene Sen,.
time/s

UNet 0.6878 0.8150 0.9317 0.9479 0.8559 0.0487 0.6907 0.8170 0.8704 0.8440 0.9288
UNet+ + 0.6773 0.8076 0.9314 0.9556 0.8190 0.0767 0.6968 0.8213 0.8790 0.8729 0.8926
Swin-UNet 0.3209 0.4696 0.8774 0.9980 0.3251 0.0203 0.3311 0.4975 0.7897 0.9959 0.3341
VM-UNet 0.6815 0.8091 0.9396 0.9862 0.7337 0.0189 0.6991 0.8229 0.9006 0.9727 0.7412
FFVM-UKAN 0.7005 0.8224 0.9429 0.9800 0.7799 0.0481 0.7231 0.8393 0.9063 0.9611 0.7853

Note: Bolded text indicates the best results in each column, and underlined text indicates the second-best results in each

column.
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