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Abstract: Semantic segmentation in complex scenes often suffers from the challenge of effectively balancing global
semantic context and local fine-grained details during feature fusion. To address this issue, we propose dynamic Kolmogo-
rov-Arnold network (DynKANet), a novel segmentation framework inspired by the Kolmogorov-Arnold representation the-
orem. The proposed architecture comprises a multi-level feature extraction module and a dynamic feature fusion module.
Specifically, the feature extraction stage integrates a residual-connected U-shaped context enhancement module for robust
global semantic modeling and a difference-map-based refinement module to enhance local detail representation.Building on
these representations, we design a KA-inspired dynamic fusion module that decomposes the fusion process into nested inner
and outer functions, enabling precise modeling of complex interactions between global and local features. A self-adaptive
dynamic fusion strategy is incorporated to ensure complementary integration and mitigate the conflict between different fea-
ture types. Additionally, we introduce a dynamic compound loss function—CE/TopK+Dice—guided by a conditional trig-
ger mechanism to strengthen the network’s ability to learn from hard samples. Extensive experiments on 10 public datasets

spanning 5 domains demonstrate that DynKANet achieves consistent improvements, with an average performance gain of
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8% per dataset. These results highlight the strong generalization capability and practical potential of the proposed approach

for real-world semantic segmentation tasks in challenging scenarios.
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3682 CER S R 2025 4F:
4 NEU_Seg .FSSD-12 TEEAIN} L SLIRER
NEU_Seg FSSD-12
Model FLOPs/G | Params/M
mloU | Fl Rec | Pre | Acc | mloU | Fl1 Rec | Pre | Acc
FCN'*(CVPR 2015) 34.72 3295 | 0.844 | 0.914 | 0.920 | 0.909 | 0.982 | 0.810 | 0.895 | 0.888 | 0.903 | 0.970
UNet”(MICCAI 2015) 40.19 776 | 0.823 | 0.902 | 0.895 | 0.910 | 0.906 | 0.796 | 0.886 | 0.850 | 0.926 | 0.850
DeepLabV3""(TPAMI 2017) 20.76 54.60 | 0.850 | 0.918 | 0.920 | 0.916 | 0.983 | 0.804 | 0.891 | 0.874 | 0.909 | 0.969
SegNet™(TPAMI 2017) 40.17 29.45 | 0.822 | 0.901 | 0.907 | 0.896 | 0.979 | 0.806 | 0.893 | 0.873 | 0.914 | 0.970
ACC-UNet®(MICCAI 2017) 4.11 1.10 | 0.840 | 0.912 | 0.913 | 0.912 | 0.981 | 0.774 | 0.873 | 0.848 | 0.899 | 0.965
PSPNet"'(CVPR 2017) 50.54 5332 | 0.853 | 0.920 | 0.921 | 0.919 | 0.984 | 0.821 | 0.902 | 0.894 | 0.909 | 0.972
Fast-SCNN'*(BMVC 2019) 0.22 1.14 | 0792 | 0.883 | 0.874 | 0.891 | 0.888 | 0.758 | 0.862 | 0.847 | 0.878 | 0.847
DFANet**(CVPR 2019) 0.45 2.17 | 0.783 | 0.877 | 0.865 | 0.891 | 0.878 | 0.771 | 0.871 | 0.845 | 0.899 | 0.845
BiSeNetV2'2(1JCV 2021) 2.80 495 | 0.738 | 0.846 | 0.829 | 0.865 | 0.867 | 0.559 | 0.717 | 0.690 | 0.747 | 0.690
PIDNet-S®(CVPR 2023) 1.49 7.62 | 0.825 | 0.904 | 0.898 | 0.910 | 0.980 | 0.801 | 0.889 | 0.883 | 0.896 | 0.969
DDRNet23-S"(TITS 2023) 1.14 570 | 0.823 | 0.902 | 0.895 | 0.909 | 0.980 | 0.796 | 0.886 | 0.873 | 0.900 | 0.968
MEW UNet'®*(Mach Learn 2025) | 40.52 14027 | 0.840 | 0.913 | 0.910 | 0.915 | 0.981 | 0.814 | 0.898 | 0.882 | 0.914 | 0.971
UNetV2!"(ISBI 2025) 5.40 25.15 | 0.786 | 0.879 | 0.879 | 0.878 | 0.974 | 0.766 | 0.868 | 0.851 | 0.885 | 0.963
UKAN"™(AAAT 2025) 6.89 2536 | 0.843 | 0.914 | 0.912 | 0.916 | 0.923 | 0.717 | 0.824 | 0.782 | 0.875 | 0.925
KAT™(ICLR 2025) 20.13 3134 | 0.756 | 0.859 | 0.863 | 0.858 | 0.864 | 0.720 | 0.837 | 0.824 | 0.851 | 0.824
Path-SAM2®(arxiv 2024) 37199 | 94.60 | 0.609 | 0.741 | 0.705 | 0.787 | 0.758 | 0.518 | 0.683 | 0.632 | 0.742 | 0.632
Ours(DynKANet) 1.60 226 | 0.862 | 0.938 | 0.932 | 0.930 | 0.989 | 0.833 | 0.913 | 0.899 | 0.919 | 0.986
&5 Synapse ACDC TE#ERIT L LI 45 R
Synapse ACDC
Model FLOPs/G | Params/M

mloU | Fl Rec | Pre | Acec | mloU | Fl1 Rec | Pre | Acc
FCN'*(CVPR 2015) 34.72 3295 | 0.825 | 0.901 | 0.901 | 0.901 | 0.996 | 0.854 | 0.920 | 0.912 | 0.928 | 0.995
UNet”(MICCAI 2015) 40.19 776 | 0.782 | 0.870 | 0.862 | 0.880 | 0.941 | 0.844 | 0.914 | 0.906 | 0.923 | 0.009
DeepLabV3!""(TPAMI 2017) 20.76 54.60 | 0.833 | 0.907 | 0.891 | 0.925 | 0.997 | 0.857 | 0.922 | 0.921 | 0.922 | 0.995
SegNet(TPAMI 2017) 40.17 29.45 | 0.728 | 0.825 | 0.782 | 0.889 | 0.996 | 0.838 | 0.910 | 0.907 | 0.913 | 0.994
ACC-UNet®(MICCAI 2017) 4.11 1.10 | 0.823 | 0.899 | 0.905 | 0.893 | 0.997 | 0.741 | 0.847 | 0.841 | 0.855 | 0.990
PSPNet"'(CVPR 2017) 50.54 5332 | 0.831 | 0.903 | 0.907 | 0.899 | 0.997 | 0.864 | 0.926 | 0.936 | 0.917 | 0.995
Fast-SCNN'*(BMVC 2019) 0.22 1.14 | 0.719 | 0.836 | 0.813 | 0.861 | 0.813 | 0.804 | 0.890 | 0.879 | 0.900 | 0.884
DFANet**(CVPR 2019) 0.45 2.17 | 0.697 | 0.821 | 0.780 | 0.867 | 0.780 | 0.698 | 0.812 | 0.737 | 0.911 | 0.752
BiSeNetV2!'(IJCV 2021) 2.80 495 | 0.682 | 0.811 | 0.802 | 0.820 | 0.802 | 0.718 | 0.833 | 0.833 | 0.835 | 0.836
PIDNet-S®*(CVPR 2023) 1.49 7.62 | 0.802 | 0.885 | 0.894 | 0.878 | 0.996 | 0.842 | 0.913 | 0.915 | 0.911 | 0.994
DDRNet23-S"(TITS 2023) 1.14 570 | 0796 | 0.881 | 0.875 | 0.887 | 0.996 | 0.835 | 0.909 | 0.902 | 0.915 | 0.994
MEW UNet'®(Mach Learn 2025) | 40.52 140.27 | 0.817 | 0.894 | 0.876 | 0.913 | 0.997 | 0.816 | 0.897 | 0.904 | 0.890 | 0.993
UNetV2!"*(ISBI 2025) 5.40 25.15 | 0.682 | 0.796 | 0.778 | 0.817 | 0.994 | 0.490 | 0.648 | 0.609 | 0.693 | 0.977
UKAN"(AAAT 2025) 6.89 2536 | 0.781 | 0.877 | 0.842 | 0.915 | 0.968 | 0.868 | 0.928 | 0.928 | 0.928 | 0.995
KAT™(ICLR 2025) 20.13 3134 | 0.639 | 0.780 | 0.748 | 0.815 | 0.748 | 0.702 | 0.820 | 0.835 | 0.806 | 0.845
Path-SAM2*(arxiv 2024) 37199 | 94.60 | 0.576 | 0.731 | 0.668 | 0.807 | 0.668 | 0.546 | 0.696 | 0.641 | 0.770 | 0.651
Ours(DynK ANet) 1.60 226 | 0.845 | 0.914 | 0.888 | 0.929 | 0.998 | 0.876 | 0.934 | 0.939 | 0.937 | 0.997
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6 KITTI.TP T&EBIITLL LIS R

KITTI TP

Model FLOPS/G | Params/M mloU F1 Rec Pre Ace mloU Fl1 Rec Pre Ace
FCN**(CVPR 2015) 34.72 3295 0.880 | 0.936 | 0.939 | 0.933 | 0.939 | 0.782 | 0.877 | 0.852 | 0.905 | 0.852
UNet”(MICCAT 2015) 40.19 7.76 0.817 | 0.899 | 0.907 | 0.892 | 0.907 | 0.851 | 0.919 | 0.922 | 0.916 | 0.922
DeepLabV3!'"(TPAMI 2017) 20.76 54.60 0.879 | 0.936 | 0.947 | 0.925 | 0.947 | 0.830 | 0.907 | 0.875 | 0.941 | 0.875
SegNet(TPAMI 2017) 40.17 29.45 0.841 | 0.914 | 0.901 | 0.926 | 0.901 | 0.603 | 0.752 | 0.655 | 0.883 | 0.655
ACC-UNet®(MICCAT 2017) 4.11 1.10 0.860 | 0.925 | 0.924 | 0.925 | 0.924 | 0.860 | 0.925 | 0.913 | 0.937 | 0913
PSPNet"'(CVPR 2017) 50.54 53.32 0.897 | 0.946 | 0.944 | 0.947 | 0.944 | 0.905 | 0.950 | 0.942 | 0.958 | 0.942
Fast-SCNN"*(BMVC 2019) 0.22 1.14 0.819 | 0.901 | 0.922 | 0.881 | 0.922 | 0.735 | 0.847 | 0.799 | 0.902 | 0.799
DFANet™(CVPR 2019) 0.45 2.17 0.763 | 0.866 | 0.874 | 0.858 | 0.874 | 0.691 | 0.817 | 0.749 | 0.899 | 0.749
BiSeNetV2"(IJCV 2021) 2.80 4.95 0.794 | 0.885 | 0.907 | 0.865 | 0.907 | 0.568 | 0.724 | 0.665 | 0.794 | 0.665
PIDNet-S*(CVPR 2023) 1.49 7.62 0.843 | 0.915 | 0.898 | 0.933 | 0.898 | 0.798 | 0.888 | 0.871 | 0.905 | 0.871
DDRNet23-S"(TITS 2023) 1.14 5.70 0.855 | 0.922 | 0.925 | 0.919 | 0.925 | 0.805 | 0.892 | 0.863 | 0.923 | 0.863
MEW UNet'®®(Mach Learn 2025) 40.52 140.27 | 0.855 | 0.922 | 0.943 | 0.902 | 0.943 | 0.810 | 0.895 | 0.902 | 0.888 | 0.902
UNetV2'"(ISBI 2025) 5.40 25.15 0.769 | 0.870 | 0.874 | 0.866 | 0.874 | 0.686 | 0.814 | 0.765 | 0.870 | 0.765
UKAN'(AAAT 2025) 6.89 25.36 0.848 | 0.918 | 0.927 | 0.909 | 0.927 | 0.875 | 0.933 | 0.921 | 0.946 | 0.921
KAT"(ICLR 2025) 20.13 31.34 0.747 | 0.855 | 0.888 | 0.825 | 0.888 | 0.595 | 0.746 | 0.753 | 0.739 | 0.753
Path-SAM2"(arxiv 2024) 371.99 94.60 0.743 | 0.853 | 0.860 | 0.846 | 0.860 | 0.657 | 0.793 | 0.715 | 0.890 | 0.715
Ours(DynKANet) 1.60 2.26 0.889 | 0.949 | 0.948 | 0.948 | 0.947 | 0.874 | 0.955 | 0.945 | 0.963 | 0.947

£7 AIAKEW LuSNAR TRERIRTEE LI R

N T H BRSO LuSNAR

Model FLOPSIG | ParamsM =00 T Ree | Pre | Aee | mloU | FI | Ree | Pre | Acc
FCN*(CVPR 2015) 3472 | 3295 | 0.670 | 0.786 | 0.737 | 0.852 | 0.911 | 0.937 | 0.967 | 0.962 | 0.971 | 0.988
UNet(MICCAI 2015) 4019 | 776 | 0710 | 0.819 | 0.776 | 0.872 | 0.922 | 0.926 | 0.961 | 0.955 | 0.966 | 0.986
DeepLabV3'"(TPAMI 2017) 2076 | 5460 | 0.685 | 0.798 | 0.748 | 0.863 | 0.914 | 0.937 | 0.967 | 0.965 | 0.969 | 0.989
SegNet™(TPAMI 2017) 40.17 | 2945 | 0630 | 0.751 | 0.698 | 0.822 | 0.964 | 0.869 | 0.927 | 0.917 | 0.937 | 0.988
ACC-UNet”(MICCAI 2017) 411 110 | 0.698 | 0.808 | 0.766 | 0.860 | 0.971 | 0.951 | 0.974 | 0.974 | 0.974 | 0.995
PSPNet"'(CVPR 2017) 5054 | 5332 | 0.706 | 0.815 | 0.766 | 0.877 | 0.921 | 0.942 | 0.970 | 0.971 | 0.968 | 0.990
Fast-SCNNU(BMVC 2019) 0.22 114 | 0.609 | 0.731 | 0.657 | 0.850 | 0.888 | 0.891 | 0.948 | 0.936 | 0.946 | 0.978
DFANet™(CVPR 2019) 0.45 217 | 0611 | 0733 | 0.680 | 0.805 | 0.894 | 0.857 | 0.920 | 0.905 | 0.938 | 0.963
BiSeNetV2(1JCV 2021) 2.80 495 | 0587 | 0710 | 0.650 | 0.799 | 0.886 | 0.827 | 0.900 | 0.890 | 0.911 | 0.956
PIDNet-S*(CVPR 2023) 1.49 762 | 0.674 | 0.789 | 0.743 | 0.848 | 0.914 | 0.918 | 0.956 | 0.948 | 0.965 | 0.983
DDRNet23-S(TITS 2023) 114 570 | 0.669 | 0.785 | 0.735 | 0.850 | 0.910 | 0.916 | 0.955 | 0.955 | 0.956 | 0.984
MEWUNel®™(Mach Learn 2025) | 40.52 | 14027 | 0.696 | 0.807 | 0.762 | 0.863 | 0.970 | 0.930 | 0.963 | 0.955 | 0.971 | 0.994
UNetV2'*(ISBI 2025) 540 | 25.15 | 059 | 0.719 | 0.667 | 0.793 | 0.960 | 0.876 | 0.932 | 0.923 | 0.941 | 0.989
UKAN(AAAT 2025) 689 | 2536 | 0717 | 0.824 | 0.782 | 0.875 | 0.925 | 0.941 | 0.969 | 0.969 | 0.970 | 0.990
KAT'(ICLR 2025) 2013 | 3134 | 0579 | 0701 | 0.650 | 0.772 | 0.879 | 0.928 | 0.962 | 0.960 | 0.964 | 0.985
Path-SAM2(arxiv 2024) 37199 | 9460 | 0.625 | 0.747 | 0.696 | 0.815 | 0.896 | 0.865 | 0.924 | 0.906 | 0.947 | 0.977
Ours(DynKANet) 160 | 226 | 0.736 | 0.839 | 0.813 | 0.875 | 0.981 | 0.959 | 0.982 | 0.981 | 0.979 | 0.998
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3684 A A 2025 4
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Model FLOPs/G | Params/M 2016 Sugar Beats PlaniSegV2
mloU | F1 Rec Pre Ace | mloU | FI1 Rec Pre Ace
FCN'(CVPR 2015) 34.72 3295 | 0.760 | 0.864 | 0.878 | 0.850 | 0.878 | 0.583 | 0.737 | 0.729 | 0.745 | 0.889
UNet"(MICCAI 2015) 40.19 7.76 0.870 | 0.930 | 0.930 | 0.931 | 0.930 | 0.532 | 0.695 | 0.687 | 0.703 | 0.687
DeepLabV3"(TPAMI 2017) 20.76 5460 | 0.760 | 0.863 | 0.847 | 0.880 | 0.847 | 0.574 | 0.730 | 0.727 | 0.732 | 0.885
SegNet(TPAMI 2017) 40.17 29.45 | 0.759 | 0.863 | 0.860 | 0.866 | 0.977 | 0.552 | 0.711 | 0.686 | 0.739 | 0.881
ACC-UNet®(MICCALI 2017) 411 1.10 0.852 | 0.920 | 0.929 | 0.912 | 0.986 | 0.582 | 0.735 | 0.718 | 0.753 | 0.890
PSPNel"'(CVPR 2017) 50.54 53.32 | 0.801 | 0.890 | 0.870 | 0.910 | 0.870 | 0.614 | 0.761 | 0.762 | 0.760 | 0.898
Fast-SCNN'(BMVC 2019) 0.22 1.14 0.750 | 0.857 | 0.857 | 0.871 | 0.843 | 0.539 | 0.700 | 0.688 | 0.713 | 0.875
DFANet™(CVPR 2019) 0.45 2.17 0.804 | 0.891 | 0.891 | 0.878 | 0.905 | 0.549 | 0.709 | 0.720 | 0.698 | 0.874
BiSeNetV2"*(IJCV 2021) 2.80 4.95 0.638 | 0.779 | 0.779 | 0.794 | 0.764 | 0.521 | 0.685 | 0.646 | 0.729 | 0.873
PIDNet-S*(CVPR 2023) 1.49 7.62 0.763 | 0.865 | 0.860 | 0.871 | 0.860 | 0.555 | 0.714 | 0.722 | 0.706 | 0.877
DDRNet23-S"(TITS 2023) 1.14 5.70 0.760 | 0.864 | 0.848 | 0.880 | 0.848 | 0.534 | 0.697 | 0.699 | 0.694 | 0.870
MEW UNet'®(Mach Learn 2025) 40.52 140.27 | 0.843 | 0.915 | 0.905 | 0.925 | 0.986 | 0.596 | 0.747 | 0.750 | 0.743 | 0.892
UNetV2!"(ISBI 2025) 5.40 25.15 | 0.815 | 0.898 | 0.890 | 0.906 | 0.983 | 0.558 | 0.717 | 0.707 | 0.727 | 0.881
UKANUS(AAAL 2025) 6.89 2536 | 0.874 | 0.932 | 0.924 | 0.942 | 0.924 | 0.601 | 0.751 | 0.735 | 0.767 | 0.896
KAT"(ICLR 2025) 20.13 3134 | 0702 | 0.825 | 0.847 | 0.804 | 0.847 | 0.508 | 0.628 | 0.671 | 0.591 | 0.834
Path-SAM2*(arxiv 2024) 371.99 94.60 | 0.796 | 0.886 | 0.856 | 0.918 | 0.856 | 0.523 | 0.642 | 0.642 | 0.642 | 0.847
Ours(DynKANet) 1.60 226 | 0.882 | 0.935 | 0.936 | 0.949 | 0.991 | 0.622 | 0.771 | 0.787 | 0.744 | 0.917
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RSUD | SSFE | DynKAF | CEAD | Parame FSSD-12 ACDC KITTI LuSNAR | PlantSegV2 Synapse
mloU mloU mloU mloU mloU mloU
X X X X 1.50 0.7813 0.787 6 0.8615 0.927 6 0.5592 0.727 6
N X X X 1.58 0.803 4 0.8336 0.8712 0.9419 0.5833 0.774 4
X N X X 1.50 0.789 2 0.798 3 0.863 8 0.9316 0.559'5 0.749 0
X X N X 2.13 0.808 4 0.807 8 0.8729 0.9526 0.578 6 0.755 4
v N X X 1.58 0.804 5 0.8354 0.8725 0.9440 0.585 1 0.779 9
X N N X 2.15 0.8017 0.8152 0.879 1 0.948 9 0.569 4 0.769 1
v X N X 221 0.8168 0.8352 0.879 6 0.949 5 0.593 4 0.782 1
v N N X 2.26 0.8240 0.8538 0.8852 0.949 8 0.599 4 0.803 4
v N N N 2.26 083267 | 087557 | 088947 | 095921 061781 0.8420 1
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