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GAGS: Adaptive Gaussian Aggregation and Guided Sampling for
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Abstract Camouflaged Object Segmentation (COS) aims to segment objects that are visually similar to
their surrounding backgrounds. Due to subtle foreground-background differences, ambiguous
boundaries, and irregular structures, COS requires stable integration of local details and high-level
semantic cues. In this paper, we propose GAGS, an Adaptive Gaussian Aggregation and Guided
Sampling framework. GAGS organizes hierarchical features into detail-oriented and semantic-oriented
representations, complements them through frequency fusion, and converts the fused representation
into a high-resolution feature through guided sampling. The restoration decoder then recovers fine
object structures using shallow spatial cues and coarse-guided calibration. Rather than relying on fixed
hierarchical fusion or repeated refinement, GAGS adaptively aggregates multi-resolution features
according to their feature-level contributions. Experiments on CAMO, CODI10K, and NC4K show
competitive performance, achieving 0.855 F;' and 0.953 E, on CODI10K.

m

Key Words : Camouflaged Object Segmentation, Frequency Fusion, Adaptive Gaussian Mechanism,
Guided Sampling, Multi-Scale Feature Integration
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[Fig. 1] Overall framework of GAGS
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{Table 1> Quantitative comparison with existing methods on COD datasets
CAMO COD10K NCAK
Model Sm T Féu T E}z T Mi Sm T F/;I’L T E;w T M\L Sm T Fﬁw T E;n T Ml
PFNet [3] 0.787 0.695 0.842 0.085 0.800 0.660 0.877 0.040 0.829 0.745 0.888 0.053
MGL-R [13] 0.775 0.673 0.812 0.088 0.814 0.666 0.852 0.035 0.833 0.740 0.867 0.048
SINet-V2 [2] 0.820 0.743 0.882 0.070 0.815 0.680 0.887 0.037 0.847 0.770 0.903 0.048
DGNet [28] 0.839 0.769 0.901 0.057 0.822 0.693 0.877 0.033 0.857 0.784 0.907 0.042
BGNet [29] 0.812 0.749 0.870 0.073 0.831 0.722 0.901 0.033 0.851 0.788 0.907 0.044
SegMaR [8] 0.815 0.753 0.874 0.071 0.833 0.724 0.899 0.034 0.841 0.781 0.896 0.046
ZoomNet [4] 0.820 0.752 0.883 0.066 0.838 0.729 0.911 0.029 0.853 0.784 0.912 0.043
CamoFormer [14] 0.876 0.856 0.930 0.043 0.838 0.753 0.916 0.029 0.888 0.863 0.937 0.031
FSPNet [11] 0.856 0.799 0.899 0.050 0.851 0.735 0.895 0.026 0.879 0.816 0.915 0.048
HitNet [6] 0.844 0.801 0.902 0.057 0.868 0.798 0.932 0.024 0.870 0.825 0.921 0.039
BECNet [30] 0.878 0.836 0.933 0.044 0.859 0.765 0.926 0.025 0.883 0.883 0.932 0.034
ENTO [7] 0.881 0.841 0.928 0.047 0.904 0.845 0.948 0.018 0.904 0.864 0.942 0.029
AdaptCOD [9] 0.886 0.844 0.932 0.043 0.892 0.819 0.938 0.021 0.906 0.860 0.942 0.029
CamoDiffusion [20] 0.880 0.855 0.939 0.042 0.883 0.819 0.942 0.019 0.894 0.859 0.941 0.029
GAGS (Ours) 0.887 0.855 0.931 0.041 0.903 0.855 0.953 0.017 0.906 0.874 0.943 0.027
CamoFormer HitNet CamoDiffusion
A Sl A%e Bt B, ko] AFBEA e 6. Z=
NC4KQ] Fy A|3ol|A] 0.874, S, XHEAA 0.906& &
Aslo], 7| SR H1 Tl S8 A4S0 72 & A= ASH 549 A4 A% Fo= 89,
slo] Quks} 71sAS =23ttt L MEYS A3 GAGSE Alotslelth. GAGSE ot
gt COS HlolEANEA AR Q= F62 HIS
5.2 XA mJ} H|@ o], 7S] AA Fejet AR F2E AHH o BYs
o Skoojli= 718 Ao ZFASE AA 2 AHE 7d
9 45 71 COS Pt A Hlm et oy T DTS T WO BT A B A
71elE Est Al sk = Ad5) oA o
Zo GAGSE WA A g 9 e A g o e oo S5 ML ETE SRR Aol
A AR HA) Pk A T2 vlud A
o7 BeshH, &39] 7leoldl AAY Wi +2E a3

Hog HWE
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