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Appendices
We will introduce more details that cannot be expanded

in the main text.

A. Evaluation Metrics
Following [6, 9], we adopt six well-known evaluation

metrics, including S-measure [2] (Sm), weighted F-measure
[12] (Fω), mean F-measure [1] (Fm), mean E-measure [3]
(Em), max E-measure (Ex), and mean absolute error [15]
(M). In addition, we plot the precision-recall (PR), Fm-
threshold and Em-threshold curves.

S-measure is used to evaluate region-aware (Sr) and
object-aware (So) structural similarity between predictions
and GT and defined as:

S = αSo + (1− α)Sr (1)

Where α is set to 0.5.
F-measure is a holistic metric that considers both preci-

sion (P) and recall (R), which is defined as:

Fβ =
(β2 + 1)PR

β2P +R
(2)

where β is the balance parameter and β2 is set as 0.3.
Weighted F-measure is derived by combining the

weighted precision defined by measure exactness and the
weighted recall defined by measure completeness on the ba-
sis of the F-measure, calculated as:

Fω
β =

(β2 + 1)PωRω

β2Pω +Rω
(3)

E-measure is used to measure pixel-level matching and
image-level statistics,which is defined as:

E =
1

N

N∑
i=1

ϕFM(i) (4)

where denotes the enhanced-alignment matrix and N is the
total pixels of the image.

Mean absolute error. is to calculate the average abso-
lute error of the prediction of camouflaged objects (P) and
ground truth (G), which is defined as:

M =
1

N

N∑
i=1

|P (i)−G(i)| (5)

B. More Comparisons
B.1. Quantitative Comparison

We show more quantitative experimental results on
three benchmark COD datasets. The methods used in
the experiments for comparison include 7 CNN-based and
7 Transformer-based methods: JCOD [8], BGNet [16],
ZoomNet [13], SINetv2 [4], FEDER [5], ZoomNext [14],
DGNet [7], UGTR [17], ICON [20], DTINet [11], TPR-
Net [19], CamoFormer [18], EVP [10] and FSPNet [6].
Quantitative Curves. As illustrated in Fig. 1, for a more in-
tuitive performance evaluation, we plot the precision-recall
curves (first row), E-measure curves (second row), and F-
measure curves (third row) of our proposed method with 11
top-performing competitors at different thresholds on the
three benchmark datasets. All comparisons show that our
method (red solid line) significantly outperforms the other
methods.
Evaluation for COD10K Super-classes. In addition to
the overall quantitative comparison of the COD10K dataset,
we also report quantitative results of some representa-
tive competitors on each super-class in Tab. 1. We re-
port S-measure (Sm), Weighted F-measurea (Fω), dapa-
tive F-measure (F a

m), mean F-measure (Fm
m ), maximum F-

measure (F x
m), dapative E-measure (Ea

m), mean E-measure
(Em

m ), maximum E-measure (Ex
m) and mean absolute er-

ror (M) in our experiments. The “adaptive” means that
two times the average value of the prediction map pixels
is used as the threshold for calculating precision and re-
call. It can be seen that our model outperforms all competi-
tors across all metrics for each super-class in the COD10K
dataset, highlighting its capability to detect the fine struc-
ture of camouflaged objects.



Evaluation for COD10K Sub-classes. To investigate the
pros and cons of our model, we also provide further quanti-
tative results for selected representative competitors on each
sub-class, as shown in Tab. 2. It can be seen that our model
outperforms most competitors across Sm metric for each
sub-class in the COD10K dataset.

B.2. Qualitative Comparison

Due to the limited space in the manuscript, we add more
visual comparisons to this supplementary material for fur-
ther demonstration of the performance of our model. Figs. 2
to 6 show examples containing small, boundary indistin-
guishable, occluded, multiple and large camouflaged ob-
jects, respectively. As can be seen from these visual com-
parisons, our method is able to capture the entire object
area, recover and preserve edge details, providing more ac-
curate, complete, vivid, and exact high-quality segmenta-
tion maps of camouflaged objects with excellent robustness.
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Figure 1. The precision-recall curves (first row), E-measure curves (second row) and F-measure curves (third row) of our method with 11
competitors on three benchmark datasets. The dashed line represents the CNN-based method and the solid line represents the Transformer-
based method. The closer the PR curve is to the upper-right corner, the better the performance is. The higher the F-measure/E-measure
curve is, the better the model performance.



Table 1. Quantitative comparison of the proposed method with 12 state-of-the-art methods on each super-class of COD10K. The best three
results are highlighted in red, green and blue. “↑”: the higher the better, “↓”: the lower the better.

Super
class Metric CNN-based Models Transformer-based Models

BGNet FEDER SINetV2 ZoomNet ZoomNext DGNet UGTR ICON DTINet TPRNet EVP FSPNet Ours

A
qu

at
ic

Sm ↑ 0.816 0.820 0.811 0.830 0.854 0.825 0.812 0.757 0.832 0.811 0.844 0.851 0.885
Fω ↑ 0.719 0.733 0.696 0.735 0.773 0.721 0.689 0.631 0.733 0.697 0.743 0.763 0.808
F a
m ↑ 0.741 0.767 0.712 0.753 0.787 0.738 0.708 0.687 0.746 0.716 0.733 0.764 0.793

Fm
m ↑ 0.758 0.775 0.738 0.775 0.810 0.760 0.737 0.686 0.766 0.742 0.779 0.800 0.835

F x
m ↑ 0.776 0.788 0.768 0.791 0.826 0.785 0.764 0.696 0.791 0.771 0.813 0.823 0.863

Ea
m ↑ 0.883 0.892 0.864 0.881 0.906 0.885 0.860 0.831 0.888 0.864 0.886 0.905 0.917

Em
m ↑ 0.887 0.890 0.883 0.880 0.903 0.896 0.857 0.810 0.900 0.877 0.904 0.902 0.924

Ex
m ↑ 0.895 0.895 0.900 0.897 0.919 0.907 0.887 0.826 0.911 0.893 0.925 0.927 0.944

M ↓ 0.049 0.046 0.051 0.044 0.037 0.043 0.050 0.073 0.043 0.052 0.039 0.036 0.027

Te
rr

es
tr

ia
l

Sm ↑ 0.802 0.788 0.787 0.811 0.837 0.796 0.789 0.754 0.794 0.789 0.815 0.824 0.866
Fω ↑ 0.665 0.651 0.623 0.673 0.724 0.641 0.607 0.590 0.636 0.626 0.671 0.679 0.745
F a
m ↑ 0.685 0.679 0.622 0.684 0.724 0.645 0.609 0.613 0.642 0.633 0.679 0.688 0.723

Fm
m ↑ 0.697 0.690 0.662 0.713 0.758 0.676 0.653 0.630 0.668 0.668 0.709 0.716 0.774

F x
m ↑ 0.716 0.705 0.697 0.730 0.777 0.706 0.686 0.645 0.696 0.697 0.736 0.743 0.812

Ea
m ↑ 0.881 0.880 0.835 0.863 0.887 0.855 0.820 0.827 0.855 0.842 0.886 0.880 0.892

Em
m ↑ 0.876 0.878 0.866 0.863 0.886 0.875 0.822 0.816 0.873 0.864 0.883 0.871 0.901

Ex
m ↑ 0.890 0.884 0.888 0.892 0.911 0.893 0.871 0.827 0.891 0.887 0.907 0.919 0.942

M ↓ 0.035 0.033 0.039 0.030 0.028 0.035 0.036 0.052 0.037 0.039 0.031 0.027 0.022

Fl
yi

ng

Sm ↑ 0.862 0.852 0.839 0.865 0.885 0.840 0.843 0.806 0.844 0.844 0.866 0.871 0.906
Fω ↑ 0.769 0.759 0.713 0.766 0.801 0.716 0.700 0.675 0.721 0.718 0.764 0.761 0.821
F a
m ↑ 0.779 0.775 0.710 0.771 0.797 0.714 0.697 0.702 0.723 0.721 0.766 0.758 0.797

Fm
m ↑ 0.796 0.790 0.749 0.800 0.832 0.749 0.744 0.719 0.752 0.756 0.797 0.793 0.845

F x
m ↑ 0.820 0.810 0.786 0.817 0.851 0.785 0.776 0.732 0.783 0.788 0.825 0.818 0.879

Ea
m ↑ 0.932 0.925 0.888 0.908 0.925 0.895 0.870 0.869 0.900 0.886 0.924 0.913 0.934

Em
m ↑ 0.931 0.924 0.908 0.909 0.925 0.914 0.873 0.855 0.916 0.906 0.927 0.910 0.938

Ex
m ↑ 0.942 0.930 0.924 0.934 0.942 0.931 0.912 0.869 0.931 0.925 0.946 0.941 0.965

M ↓ 0.021 0.022 0.027 0.020 0.018 0.026 0.026 0.035 0.026 0.026 0.022 0.020 0.015

A
m

ph
ib

ia
n

Sm ↑ 0.873 0.857 0.858 0.874 0.878 0.854 0.857 0.845 0.851 0.858 0.877 0.878 0.911
Fω ↑ 0.790 0.774 0.756 0.784 0.797 0.751 0.738 0.752 0.741 0.754 0.790 0.782 0.841
F a
m ↑ 0.810 0.794 0.761 0.798 0.804 0.764 0.749 0.782 0.757 0.768 0.808 0.786 0.837

Fm
m ↑ 0.815 0.803 0.788 0.811 0.825 0.780 0.774 0.788 0.768 0.788 0.820 0.809 0.864

F x
m ↑ 0.836 0.814 0.819 0.829 0.839 0.807 0.794 0.798 0.790 0.816 0.846 0.830 0.889

Ea
m ↑ 0.933 0.931 0.893 0.913 0.922 0.909 0.882 0.909 0.900 0.899 0.934 0.927 0.951

Em
m ↑ 0.930 0.930 0.916 0.913 0.915 0.912 0.895 0.897 0.905 0.918 0.923 0.921 0.943

Ex
m ↑ 0.939 0.936 0.937 0.929 0.933 0.925 0.911 0.909 0.919 0.939 0.937 0.948 0.961

M ↓ 0.026 0.027 0.030 0.026 0.024 0.028 0.030 0.037 0.034 0.031 0.025 0.023 0.018

O
th

er

Sm ↑ 0.807 0.805 0.779 0.847 0.914 0.831 0.810 0.877 0.783 0.799 0.889 0.899 0.933
Fω ↑ 0.659 0.599 0.589 0.690 0.831 0.672 0.635 0.770 0.599 0.639 0.776 0.789 0.854
F a
m ↑ 0.663 0.632 0.588 0.599 0.688 0.622 0.584 0.735 0.589 0.614 0.688 0.672 0.729

Fm
m ↑ 0.675 0.627 0.615 0.706 0.847 0.706 0.668 0.784 0.613 0.666 0.789 0.810 0.869

F x
m ↑ 0.694 0.670 0.644 0.744 0.886 0.773 0.708 0.816 0.633 0.691 0.821 0.845 0.901

Ea
m ↑ 0.793 0.779 0.738 0.749 0.834 0.770 0.732 0.862 0.763 0.749 0.829 0.827 0.866

Em
m ↑ 0.800 0.774 0.775 0.895 0.937 0.848 0.814 0.889 0.790 0.795 0.913 0.917 0.947

Ex
m ↑ 0.808 0.841 0.821 0.954 0.974 0.897 0.856 0.931 0.841 0.806 0.966 0.977 0.992

M ↓ 0.036 0.019 0.031 0.011 0.008 0.023 0.032 0.026 0.045 0.034 0.012 0.011 0.008



Table 2. Results of Sm for each sub-class in COD10K. The best and second performing methods of each category are highlighted in bold
and underlined, respectively.

Superclass BGNet FEDER SINetV2 ZoomNet ZoomNext DGNet UGTR ICON DTINet TPRNet EVP FSPNet Ours

Amphibian-Frog 0.861 0.850 0.857 0.876 0.867 0.843 0.840 0.808 0.848 0.847 0.874 0.873 0.912
Amphibian-Toad 0.887 0.874 0.870 0.885 0.895 0.873 0.875 0.868 0.867 0.872 0.887 0.893 0.914
Aquatic-BatFish 0.893 0.829 0.873 0.890 0.925 0.859 0.860 0.746 0.902 0.863 0.897 0.907 0.919
Aquatic-ClownFish 0.757 0.846 0.787 0.813 0.860 0.844 0.631 0.736 0.819 0.819 0.849 0.851 0.899
Aquatic-Crab 0.830 0.835 0.815 0.835 0.867 0.827 0.838 0.792 0.832 0.810 0.852 0.864 0.886
Aquatic-Crocodile 0.786 0.842 0.802 0.822 0.876 0.830 0.810 0.692 0.829 0.804 0.874 0.854 0.877
Aquatic-CrocodileFish 0.731 0.797 0.746 0.805 0.809 0.794 0.837 0.455 0.822 0.784 0.907 0.846 0.901
Aquatic-Fish 0.819 0.828 0.829 0.847 0.874 0.851 0.801 0.754 0.857 0.830 0.872 0.861 0.898
Aquatic-Flounder 0.881 0.877 0.889 0.880 0.913 0.887 0.870 0.757 0.879 0.892 0.907 0.922 0.934
Aquatic-FrogFish 0.856 0.891 0.894 0.925 0.929 0.888 0.845 0.776 0.914 0.847 0.887 0.925 0.911
Aquatic-GhostPipefish 0.823 0.832 0.817 0.849 0.854 0.831 0.832 0.752 0.861 0.837 0.861 0.872 0.898
Aquatic-LeafySeaDragon 0.671 0.628 0.670 0.691 0.737 0.606 0.720 0.637 0.711 0.710 0.677 0.782 0.785
Aquatic-Octopus 0.901 0.873 0.887 0.889 0.896 0.885 0.895 0.888 0.873 0.907 0.908 0.885 0.907
Aquatic-Pagurian 0.691 0.709 0.698 0.724 0.714 0.686 0.740 0.669 0.692 0.660 0.690 0.710 0.735
Aquatic-Pipefish 0.811 0.810 0.789 0.816 0.843 0.799 0.807 0.745 0.815 0.794 0.817 0.838 0.877
Aquatic-ScorpionFish 0.808 0.807 0.808 0.834 0.869 0.848 0.776 0.703 0.849 0.820 0.862 0.851 0.884
Aquatic-SeaHorse 0.809 0.827 0.823 0.825 0.855 0.834 0.826 0.781 0.834 0.815 0.844 0.851 0.892
Aquatic-Shrimp 0.762 0.724 0.735 0.786 0.808 0.760 0.741 0.662 0.740 0.731 0.794 0.819 0.832
Aquatic-Slug 0.772 0.861 0.729 0.776 0.785 0.845 0.752 0.788 0.715 0.750 0.835 0.696 0.785
Aquatic-StarFish 0.869 0.913 0.890 0.892 0.924 0.891 0.850 0.862 0.890 0.863 0.916 0.889 0.947
Aquatic-Stingaree 0.757 0.824 0.815 0.817 0.739 0.891 0.741 0.720 0.891 0.738 0.884 0.881 0.887
Aquatic-Turtle 0.809 0.801 0.760 0.898 0.785 0.877 0.813 0.727 0.897 0.792 0.891 0.883 0.910
Flying-Bat 0.857 0.841 0.853 0.838 0.899 0.834 0.873 0.805 0.854 0.847 0.876 0.883 0.933
Flying-Bee 0.824 0.780 0.804 0.786 0.827 0.794 0.823 0.787 0.779 0.829 0.818 0.734 0.891
Flying-Beetle 0.941 0.847 0.903 0.937 0.941 0.861 0.930 0.920 0.900 0.934 0.902 0.932 0.947
Flying-Bird 0.863 0.852 0.835 0.867 0.892 0.841 0.842 0.854 0.849 0.831 0.874 0.873 0.908
Flying-Bittern 0.853 0.877 0.849 0.895 0.889 0.869 0.869 0.872 0.873 0.853 0.877 0.865 0.899
Flying-Butterfly 0.901 0.899 0.883 0.898 0.904 0.874 0.864 0.847 0.866 0.888 0.892 0.885 0.924
Flying-Cicada 0.895 0.891 0.883 0.916 0.924 0.898 0.888 0.874 0.876 0.884 0.906 0.909 0.941
Flying-Dragonfly 0.853 0.812 0.837 0.843 0.897 0.821 0.858 0.833 0.846 0.833 0.871 0.886 0.909
Flying-Frogmouth 0.948 0.951 0.941 0.961 0.938 0.942 0.936 0.866 0.939 0.938 0.954 0.947 0.949
Flying-Grasshopper 0.856 0.847 0.833 0.853 0.878 0.831 0.837 0.796 0.851 0.841 0.859 0.874 0.901
Flying-Heron 0.868 0.861 0.823 0.890 0.901 0.827 0.826 0.852 0.847 0.859 0.867 0.866 0.899
Flying-Katydid 0.842 0.829 0.809 0.846 0.869 0.811 0.834 0.724 0.814 0.822 0.842 0.853 0.890
Flying-Mantis 0.790 0.794 0.775 0.804 0.824 0.783 0.784 0.731 0.779 0.773 0.799 0.835 0.866
Flying-Mockingbird 0.895 0.872 0.838 0.863 0.897 0.831 0.777 0.856 0.866 0.841 0.886 0.875 0.926
Flying-Moth 0.932 0.921 0.917 0.916 0.947 0.917 0.883 0.828 0.925 0.914 0.925 0.941 0.959
Flying-Owl 0.883 0.869 0.868 0.895 0.898 0.860 0.860 0.842 0.856 0.873 0.892 0.875 0.912
Flying-Owlfly 0.836 0.857 0.863 0.879 0.885 0.856 0.847 0.693 0.884 0.862 0.879 0.872 0.902
Other-Other 0.807 0.805 0.779 0.847 0.914 0.831 0.810 0.877 0.783 0.799 0.889 0.899 0.933
Terrestrial-Ant 0.711 0.670 0.669 0.744 0.768 0.661 0.715 0.674 0.664 0.721 0.689 0.743 0.749
Terrestrial-Bug 0.870 0.882 0.856 0.900 0.912 0.852 0.862 0.806 0.856 0.865 0.875 0.874 0.908
Terrestrial-Cat 0.778 0.759 0.773 0.787 0.819 0.784 0.769 0.711 0.789 0.765 0.811 0.823 0.866
Terrestrial-Caterpillar 0.767 0.714 0.776 0.795 0.836 0.777 0.785 0.630 0.805 0.749 0.787 0.813 0.864
Terrestrial-Centipede 0.704 0.726 0.762 0.733 0.809 0.795 0.749 0.738 0.718 0.776 0.761 0.791 0.819
Terrestrial-Chameleon 0.824 0.825 0.804 0.833 0.850 0.824 0.833 0.801 0.842 0.812 0.839 0.845 0.865
Terrestrial-Cheetah 0.843 0.827 0.826 0.821 0.842 0.808 0.826 0.828 0.825 0.830 0.845 0.851 0.871
Terrestrial-Deer 0.777 0.740 0.757 0.787 0.790 0.773 0.748 0.789 0.766 0.762 0.801 0.798 0.842
Terrestrial-Dog 0.692 0.712 0.707 0.730 0.735 0.719 0.707 0.688 0.774 0.713 0.761 0.786 0.826
Terrestrial-Duck 0.751 0.770 0.746 0.740 0.746 0.716 0.724 0.720 0.718 0.713 0.787 0.784 0.824
Terrestrial-Gecko 0.857 0.822 0.848 0.856 0.862 0.880 0.840 0.725 0.887 0.866 0.894 0.908 0.938
Terrestrial-Giraffe 0.837 0.794 0.784 0.826 0.855 0.826 0.796 0.773 0.847 0.764 0.809 0.846 0.891
Terrestrial-Grouse 0.937 0.925 0.921 0.941 0.959 0.943 0.947 0.933 0.942 0.931 0.940 0.942 0.959
Terrestrial-Human 0.779 0.768 0.817 0.781 0.821 0.782 0.782 0.787 0.806 0.801 0.786 0.797 0.842
Terrestrial-Kangaroo 0.806 0.776 0.816 0.800 0.896 0.798 0.760 0.849 0.796 0.820 0.794 0.802 0.873
Terrestrial-Leopard 0.836 0.828 0.823 0.848 0.870 0.835 0.858 0.844 0.816 0.842 0.844 0.851 0.879
Terrestrial-Lion 0.816 0.826 0.813 0.814 0.857 0.805 0.837 0.805 0.787 0.822 0.848 0.859 0.839
Terrestrial-Lizard 0.851 0.833 0.830 0.852 0.876 0.844 0.834 0.835 0.828 0.835 0.852 0.853 0.895
Terrestrial-Monkey 0.897 0.874 0.888 0.898 0.936 0.768 0.885 0.862 0.811 0.825 0.883 0.913 0.930
Terrestrial-Rabbit 0.860 0.845 0.843 0.854 0.875 0.848 0.838 0.871 0.858 0.842 0.884 0.887 0.915
Terrestrial-Reccoon 0.845 0.739 0.766 0.837 0.878 0.776 0.726 0.606 0.589 0.784 0.833 0.791 0.839
Terrestrial-Sciuridae 0.883 0.856 0.842 0.897 0.916 0.880 0.848 0.864 0.831 0.867 0.897 0.856 0.902
Terrestrial-Sheep 0.481 0.489 0.500 0.504 0.526 0.493 0.490 0.438 0.492 0.676 0.687 0.493 0.492
Terrestrial-Snake 0.845 0.845 0.831 0.862 0.884 0.834 0.843 0.828 0.832 0.829 0.846 0.854 0.884
Terrestrial-Spider 0.794 0.788 0.771 0.812 0.850 0.785 0.779 0.706 0.772 0.775 0.799 0.808 0.866
Terrestrial-StickInsect 0.754 0.725 0.696 0.753 0.800 0.727 0.683 0.673 0.703 0.727 0.733 0.762 0.825
Terrestrial-Tiger 0.728 0.700 0.703 0.700 0.709 0.710 0.712 0.694 0.679 0.678 0.733 0.734 0.758
Terrestrial-Wolf 0.755 0.714 0.749 0.794 0.759 0.717 0.760 0.738 0.741 0.748 0.737 0.749 0.795
Terrestrial-Worm 0.800 0.776 0.806 0.807 0.812 0.794 0.837 0.657 0.828 0.774 0.779 0.812 0.903
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Figure 2. Visual comparison with other competitors in detecting small camouflaged objects. Please zoom in for details.
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Figure 3. Visual comparison with other competitors in detecting the detailed boundary of camouflaged objects. Please zoom in for details.
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Figure 4. Visual comparison with other competitors in detecting occluded camouflaged objects. Please zoom in for details.
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Figure 5. Visual comparison with other competitors in detecting multiple camouflaged objects. Please zoom in for details.
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Figure 6. Visual comparison with other competitors in detecting big camouflaged objects. Please zoom in for details.


