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Universal segmentation algorithm based on dynamic feature
balancing and enhancement
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Xi'an 710121, China)

Abstract: Although salient object detection and camouflaged object detection exhibit opposite visual
characteristics, both tasks impose stringent requirements on boundary segmentation accuracy. However,
existing methods often suffer from limited cross-task generalization due to their reliance on task-specific
feature preferences. To address this issue, we propose a universal segmentation model, SAM2-UFFM.
The proposed framework adopts the Hiera backbone of SAM2 as the encoder, where the pretrained
parameters are frozen and lightweight adapters are incorporated for parameter-efficient fine-tuning, thereby
fully preserving the powerful feature representation capability of the foundation model. Furthermore,

departing from the conventional U-Net architecture, we design an AttUNet decoder that employs full-scale
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skip connections to facilitate efficient multi-scale feature fusion and effectively alleviate information loss
during feature propagation. In addition, a Feature Balance Attention module is introduced and integrated
with a Feature Complementary Refinement module to dynamically balance global semantic information
and local structural details. This design simultaneously enhances global perception for salient objects and
promotes precise boundary delineation for camouflaged objects. Meanwhile, a deep supervision strategy is
adopted to suppress over-segmentation and improve optimization stability. Experimental results on three
public benchmark datasets demonstrate that the proposed method consistently outperforms state-of-the-art
approaches. Specifically, on the COD and SOD benchmarks, the structural measure is improved by
1.02% and 1.83% , respectively, compared with the best existing methods, while the mean absolute error
(MAE) is reduced to 0. 035 and 0. 018. Furthermore, on the steel surface defect segmentation task, the

proposed model achieves a 2.77% improvement in IoU, further validating its superior cross-domain

generalization capability.
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Tab.1 Quantitative results of different models for three evaluation metrics on DUTS and DUT-OMRON

. DUTS DUT-OMRON
s.t E, % MAE¥ s.t E,% MAE¥

U2Net 0. 874 0. 884 0. 044 0. 847 0.872 0. 054
EDN 0.892 0.925 0.035 0. 850 0.877 0. 049
MENeT 0. 905 0. 937 0.028 0. 850 0.891 0. 045
MDSAM 0. 920 0. 949 0. 024 0.878 0.910 0. 039
UGRAN 0.931 0. 964 0.022 0.878 0.911 0. 045
SAM2-UNet 0. 934 0. 959 0. 020 0. 884 0.912 0. 039
Ours 0.936 0.961 0.019 0. 893 0. 920 0.035
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Fig. 6 Visual comparison of our method with SOD models (Legend of DUTS dataset)
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Fig.7 Visual comparison of our method with SOD models (Legend of DUT-OMRON dataset)
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Tab. 2 Quantitative results of different models for four

evaluation metrics on COD10K

- CODI0K
st o ) E,& MAE¥
SINet 0.776  0.667  0.864  0.043
PFNet 0.800  0.676  0.877  0.040
C2F Net 0.813 0.686 0.890  0.036
OCENET 0.832 0.745 0.890  0.032
ZoomNet 0.838 0.766  0.888  0.029
FEDER 0.844 0.784 0.911  0.029
SAM2-UNet  0.830 0.789  0.936  0.021
Ours 0.896 0.826 0.950 0.018
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Fig.8 Visual comparison of our method with COD models (Legend of COD10K dataset)
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Tab.3 Comparison of segmentation results for comprehensive performance and patch defects of different models on NEU-

SEG dataset

Overall Patches
e R ALY
IoUt st MAE# IoUt o MAE#
PSPNet 0. 747 0. 868 0.020 0.873 0.920 0.027
UNet+ + 0.763 0.871 0.019 0. 895 0.931 0.022
DeepLabV 3+ 0. 809 0.909 0.014 0.904 0.945 0.019
SAM2-UNet 0. 830 0.915 0.013 0.907 0.944 0.020
Ours 0.853 0.923 0.011 0.917 0.945 0.017

TE MRS R e i

R4 AEERENEU-SEGHIEE FMYRE L ERESEERITLE

Tab.4 Comparison of segmentation results for scratches and inclusion defects of different models on NEU-SEG dataset

" Scratches Inclusion

FLLL AR
loUt St MAE¥# loUt St MAE¥
PSPNet 0.692 0.885 0.017 0.677 0.828 0.017
UNet+ + 0.756 0.885 0.012 0.632 0.795 0.022
DeepLabV3+ 0.775 0.910 0.011 0.749 0.873 0.011
SAM2-UNet 0.800 0.908 0.010 0.798 0.894 0.008
Ours 0.822 0.915 0.008 0.820 0.908 0. 007
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Fig.9 Visual comparison of our method with other methods (Legend of NEU-SEG dataset)
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Tab.5 Effectiveness analysis of different modules

Configurations CODI10K DUT-OMRON
' St F,t E, % MAE & st E, % MAE#
Baseline 0.861 0.786 0.921 0.026 0. 858 0. 896 0.043
Baseline+FBAM 0.869 0.798 0.925 0.024 0.872 0.902 0.040
Baseline+FCRM 0.883 0.814 0.932 0.022 0.881 0.910 0.039
Baseline+FBAM+FCRM 0. 889 0.820 0. 940 0.020 0. 887 0.914 0.037
Baseline+FBAM+FCRM-+AttUNet 0. 896 0.826 0.950 0.018 0.893 0.920 0.035
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