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Abstract: Camouflaged object detection (COD) aims to identify objects that are highly similar to their surrounding
environment. To address the issues of incomplete detection results and blurred edge details in current COD methods, a
camouflaged object detection method that integrates context awareness and background exploration ( CABENet) is
proposed. Firstly, the model employs the Swin-Transformer as the backbone network to extract global context
information at multiple scales. Secondly, it utilizes a proposed attention-based hierarchical context-aware module to
enlarge the receptive field, enhancing feature extraction capabilities from both channel and spatial dimensions, followed
by a fully connected decoder to capture coarse position maps of hidden objects. Lastly, by integrating an attention
mechanism, the background exploration module explores edge clues from background information, enhancing the
extraction of edge features of camouflaged objects. Experimental results on the CHAMELEON, CAMO, and COD10K
datasets demonstrate that this method outperforms ten representative models on four evaluation metrics. On the

CODI10K dataset, the mean absolute error (MAE) is reduced to 0. 026.
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Table 1 Quantitative comparison
fm S (,,HAMELI?()N i : LAM()” i L()DlOI? i

S, E,t FyA MAEY S, b E,* Fyt MAEY S, E,* Fy4 MAEy

PFNet CVPR2021 0.882 0.930 0.810 0.033 0.782 0.840 0.695 0.085 0.800 0.868 0.660 0.040
UGTR ICCV2021 0.888 0.918 0.796 0.031 0.785 0.859 0.686 0.086 0.818 0.850 0.667 0.035
MGL-R  CVPR’2021 0.893 0.923 0.813 0.030 0.775 0.847 0.673 0.088 0.814 0.865 0.666 0.035
SINetV2 TPAMI2022 0.888 0.942 0.816 0.030 0.820 0.882 0.743 0.070 0.815 0.887 0.680 0.037
ZoomNet  CVPR2022 0.889 0.926 0.835 0.026 0.793 0.840 0.715 0.072 0.828 0.923 0.716 0.029
FAPNet TI1P2022 0.893 0.940 0.842 0.028 0.815 0.865 0.776 0.076 0.822 0.888 0.731 0.036
C2FNet TCSVT/2022 0.888 0.935 0.828 0.032 0.796 0.864 0.719 0.080 0.813 0.890 0.686 0.036
BCNet NCA2023 0.910 0.944 0.839 0.029 0.830 0.886 0.761 0.068 0.827 0.894 0.704 0.033
PENet 1JCATI’2023  0.902 0.960 0.851 0.024 0.828 0.890 0.771 0.063 0.831 0.908 0.723 0.031
MRR-Net TNNLS’2023 0.827 0.886 0.760 0.070 0.835 0.889 0.720 0.032
A 3L - 0.888 0.960 0.821 0.027 0.876 0.938 0.832 0.041 0.850 0.924 0.732 0.026
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Table 2 Ablation experiment
ik CHAMELEON CAMO CODI10K
S.* E,t FyA MAE S,* E,* Fj* MAEy S,%* E,% Fjt% MAEY
1 Baseline 0.877 0.936 0.785 0.033 0.869 0.922 0.801 0.049 0.830 0.899 0.685 0.034
2 Baseline+ AHCM 0.880 0.939 0.792 0.032 0.870 0.924 0.805 0.048 0.833 0.905 0.697 0.032
3 Baseline+ BEM 0.887 0.942 0.808 0.030 0.870 0.928 0.813 0.046 0.839 0.913 0.716 0.031
4 Baselinet+ AHCM-+BEM 0.888 0.960 0.821 0.027 0.876 0.938 0.832 0.041 0.850 0.924 0.732 0.026
(a) l{ﬁ (b) GT (c) FFik1 (d) k2 (e) JFHk3 (f) Jik4
(a) Image (¢) Method 1 (d) Method 2 (e) Method 3 (f) Method 4
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Fig. 8 Ablation experiment visualization
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