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Abstract

Camouflaged object detection (COD), segmenting
objects that are elegantly blended into their sur-
roundings, is a valuable yet challenging task. Ex-
isting deep-learning methods often fall into the
difficulty of accurately identifying the camou-
flaged object with complete and fine object struc-
ture. To this end, in this paper, we propose a
novel boundary-guided network (BGNet) for cam-
ouflaged object detection. Our method explores
valuable and extra object-related edge semantics
to guide representation learning of COD, which
forces the model to generate features that high-
light object structure, thereby promoting camou-
flaged object detection of accurate boundary lo-
calization. Extensive experiments on three chal-
lenging benchmark datasets demonstrate that our
BGNet significantly outperforms the existing 18
state-of-the-art methods under four widely-used
evaluation metrics. Our code is publicly available
at: https://github.com/thograce/BGNet.

1 Introduction
Camouflage is an important defense mechanism in nature that
helps certain species hide in the surroundings to protect them-
selves from their predators, through concealment by means
of materials, coloration or illumination, or self-disguise as
something else, such as imitating the appearance, colors, or
patterns of the environment and disruptive coloration [Price et
al., 2019]. This mechanism also affects human life, such as
art, culture and design (e.g., camouflaged uniforms) [Stevens
et al., 2009]. Recently, identifying a camouflaged object from
its background, namely camouflaged object detection (COD),
has attracted increasing research interest from computer vi-
sion community. It has promising prospects for facilitating
various valuable applications in different fields, ranging from
animal conservation, e.g., species discovery [Ricardo et al.,
2012] and animal monitoring, to vision-related areas, includ-
ing image synthesis [Fan et al., 2020a], medical image anal-
ysis [Fan et al., 2020b], and search-and-rescue. However,
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Figure 1: Visual examples of camouflaged object detection in some
challenging scenarios. Compared with the recently proposed deep
learning-based methods (e.g., JCSOD, S-MGL, and R-MGL), our
method, incorporating object-related edge semantics, can effec-
tively distinguish the object structure and details, and produce ac-
curate predictions with intact boundaries, as shown in red boxes.

COD is a very challenging task due to the nature of camou-
flage, that is, the high intrinsic similarities between candidate
objects and chaotic background, which make it difficult to
spot camouflaged objects for humans and machines.

To tackle this issue, numerous deep learning-based meth-
ods have been proposed for camouflaged object detection and
have shown great potentials. These methods can be broadly
divided into three types. One is to design targeted network
modules/architectures to effectively explore discriminative
camouflaged-object features for COD, such as C2FNet [Sun
et al., 2021], UGTR [Yang et al., 2021]. One is to incorporate
some auxiliary tasks into the joint learning/multi-task learn-
ing frameworks, such as classification task [Le et al., 2019],
edge extraction [Zhai et al., 2021], salient object detection [Li
et al., 2021], and camouflaged object ranking [Lv et al.,
2021]. This kind of method can excavate valuable and ex-
tra cues from the shared features to significantly enhance the
feature representation for COD. Another is the bio-inspired
method, which mimics the behavior process of predators in
nature or human visual psychological patterns to design the
networks, such as SINet [Fan et al., 2020a; Fan et al., 2021a],
MirrorNet [Yan et al., 2021], and PFNet [Mei et al., 2021].

Although these recently proposed methods have made sig-
nificant progress, there are still some major issues. Existing
methods are often difficult to effectively and completely iden-
tify the structure and details of objects due to the edge disrup-
tion or body outline disguising, thus providing unsatisfactory
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predictions with coarse/incomplete object boundaries. As
shown in Fig. 1, the ambiguities, caused by the high similari-
ties between the butterfly head/heron legs and its background
surroundings, make the features extracted by the recently
state-of-the-art JCSOD [Li et al., 2021] and MGL [Zhai et
al., 2021] (including single-stage version and recurrent ver-
sion) models indistinguishable. Thus these models are inca-
pable of recovering the boundary details of butterfly head and
heron legs. As mentioned in [Zhao et al., 2019], the edge
prior is widely used as an effective auxiliary cue, which ben-
efits the preservation of object structure, yet has been barely
studied for COD. Empirically, it is necessary to study how
to enhance object-related edge visibility for facilitating the
feature learning of COD. To our best knowledge, the mutual
graph learning model (MGL) [Zhai et al., 2021] is the first to
explicitly exploit the edge information to improve the perfor-
mance of COD. However, MGL encodes edge features into
graph convolutional networks along with object features and
boosts feature representation through graph interaction mod-
ules. It can be seen that MGL is a sophisticated model, which
inevitably increases model complexity and suffers from the
heavy computational burden. In addition, it is noted that, de-
spite the introduction of edge cues, MGL still loses some fine
boundary-related details and thus weakens the performance
of COD. As shown in the 2nd row of Fig. 1, the MGL mod-
els lose many details about heron legs and introduces some
obvious background noises in prediction results.

To this end, in this paper, we propose a novel boundary-
guided network (BGNet), which explicitly employs edge se-
mantic to enhance the performance of camouflaged object de-
tection. Firstly, we design a simple yet effective edge-aware
module (EAM), which integrates the low-level local edge in-
formation and high-level global location information to ex-
plore edge semantics related to object boundaries under ex-
plicitly boundary supervision. Then, the edge-guidance fea-
ture module (EFM) is introduced to incorporate the edge fea-
tures with the camouflaged object features at various layers to
guide the representation learning of COD. The EFM module
can enforce the network to pay more attention to the object
structure and details. After that, the multi-level fused fea-
tures are aggregated gradually from top to bottom to predict
camouflaged objects. To enhance the feature representation,
we build a context aggregation module (CAM), which mines
and aggregates multi-scale contextual semantics by a series
of atrous convolutions to produce features with stronger and
more effective representations. Benefiting from the well-
designed modules, the proposed BGNet predicts camouflaged
objects with fine object structure and boundaries. Note that,
compared with MGL, we design a simpler but more effective
edge extraction module to excavate accurate object boundary
semantics, and then guide the feature representation learning
of camouflaged objects by means of the proposed EFM and
CAM. Besides, our method achieves more accurate object lo-
calization and stronger preservation of object structure. To
sum up, our main contributions are as follows:

• For the COD task, we propose a novel boundary-guided
network, i.e., BGNet, which excavates and integrates
boundary-related edge semantics to boost the perfor-
mance of camouflaged object detection.

• We carefully design the edge-guidance feature mod-
ule (EFM) and context aggregation module (CAM) to
enhance boundary semantics and explore valuable and
powerful feature representation for COD.

2 Related Work
Datasets. To boost deep learning-based camouflaged ob-
ject detection, some annotation datasets are proposed. [Le
et al., 2019] constructed the first camouflaged object dataset,
namely CAMO, including 1,250 camouflaged images cover-
ing eight categories. [Fan et al., 2020a] collected a large-
scale challenging dataset, called COD10K, which contains
10,000 images covering 78 camouflaged object categories,
with high-quality and hierarchical annotations. Recently, to
support localization and ranking of camouflaged objects, [Lv
et al., 2021] proposed a ranking-based testing dataset, named
NC4K, which contains 4,121 images with extra localization
annotation and ranking annotation.
Camouflaged object detection. In recent years, camou-
flaged object detection has attracted increasing attention in
the computer vision community [Pang et al., 2022; Cheng
et al., 2022]. Since the release of large-scale data sets (e.g.,
CAMO and COD10K), numerous deep learning-based cam-
ouflaged object detection models have been proposed and
achieved great progress. These methods can be roughly
divided into three types. The first type of method is to
design advanced network modules/architectures to explore
discriminative camouflaged features for COD. [Sun et al.,
2021] designed an attention-induced cross-level fusion mod-
ule and a dual-branch global context module to enhance fea-
ture representation. [Yang et al., 2021] incorporated the
Bayesian learning into transformer-based reasoning, which
can leverage both deterministic and probabilistic informa-
tion for COD. The second type of method is to combine
some auxiliary tasks into the joint learning frameworks to
boost the performance of COD. [Le et al., 2019] proposed an
anabranch network that performs an auxiliary classification
network to help camouflaged object segmentation. [Zhai et
al., 2021] exploited edge extraction as an auxiliary task and
incorporated it into mutual graph learning for COD. [Li et
al., 2021] presented a joint salient object detection and cam-
ouflaged object detection network to enhance the detection
ability of both tasks. To segment and rank camouflaged ob-
jects, [Lv et al., 2021] designed a ranking-based COD model
in a joint learning framework that can mutually boost the per-
formance of each another. The last one is the bio-inspired
method, which is inspired by the behavior process of preda-
tors in nature or human visual psychological patterns. [Fan et
al., 2020a] presented a search identification network to grad-
ually locate and search for the camouflaged object, inspired
by the process of wild predators discovering prey. [Mei et al.,
2021] proposed a positioning and focus network by mimick-
ing the detection and identification stages of predation.

3 Proposed Method
3.1 Overall Architecture
The overall architecture of the proposed BGNet is illustrated
in Fig. 2. Specifically, we adopt Res2Net-50 [Gao et al.,
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Figure 2: The overall architecture of the proposed BGNet, which
consists of three key components, i.e., edge-aware module (EAM),
edge-guidance feature module (EFM) and context aggregation mod-
ule (CAM). See Sec. 3 for details.

2019] as our backbone network to extract multi-level features
from the input image, i.e., fi (i = 1, 2, . . . , 5). Then, an edge-
aware module (EAM) is applied to excavate object-related
edge semantics from the low-level features, which contain
local edge details (f2), and the high-level features, which
contain global location information (f5) under object bound-
ary supervision. Following multiple edge-guidance feature
modules (EFM) are leveraged to integrate the edge cues from
EAM with multi-level backbone features (f2-f5) at each level
to guide feature learning, which enhances boundary represen-
tation. Finally, multiple context aggregation modules (CAM)
are employed to progressively aggregate multi-level fused
features in a top-down manner and discover camouflaged ob-
jects. In testing, we select the prediction of the last CAM as
the final result. Noted that, we do not adopt the f1 backbone
feature because it is too close to the input with much redun-
dant information and a small receptive field.

3.2 Edge-aware Module
A good edge prior can benefit object detection in both seg-
mentation and localization [Zhang et al., 2017; Zhao et al.,
2019]. Although low-level features contain rich edge details,
they also introduce many non-object edges. Thus, high-level
semantic or location information is needed to facilitate the
exploration of camouflaged object-related edge features. In
this module, we incorporate the low-level feature (f2) and the
high-level feature (f5) to model the object-related edge infor-
mation, as shown in Fig. 3. Specifically, two 1×1 convolu-
tion layers are first used to change the channels of f2 and f5
to 64 (f

′

2) and 256 (f
′

5), respectively. Then we integrate the
feature f

′

2 and the up-sampled f
′

5 by concatenation operation.
Finally, we obtain the edge feature fe through two 3×3 con-

Figure 3: Illustration of the edge-aware module (EAM), which is
designed to excavate camouflaged object-related edge features.

Figure 4: Illustration of the edge-guidance feature module (EFM)
adopted to integrate edge cues to guide the representation learning.

volution layers and one 1×1 convolution layer followed by
the Sigmoid function. EAM is a simple yet effective module
to extract specific edge features. As shown in Fig. 7, EAM
perfectly learns the object boundary-related edge semantics.

3.3 Edge-guidance Feature Module
The edge-guidance feature module (EFM) is designed to in-
ject boundary-related edge cues into the representation learn-
ing to enhance the feature representation with object structure
semantics. As is known to all, different feature channels often
contain differentiated semantics. Thus, to achieve good inte-
gration and obtain a powerful representation, we introduce a
local channel attention mechanism to explore cross-channel
interaction and mine the critical cues between channels.

As shown in Fig. 4, given the input feature fi (i ∈
{2, 3, ..., 5}) and the edge feature fe, we first perform the
element-wise multiplication between them with an additional
skip-connection and a 3×3 convolution to obtain the initial
fused features fe

i , which can be denoted as:

fe
i = Fconv((fi ⊗D(fe))⊕ fi), (1)

where D denotes down-sampling and Fconv is 3×3 convo-
lution. ⊗ is element-wise multiplication and ⊕ is element-
wise addition. To enhance feature representation, inspired
by [Wang et al., 2020], we introduce local attention to ex-
plore critical feature channels. Specifically, we aggregate the
convolution features (fe

i ) using a channel-wise global aver-
age pooling (GAP). Then we obtain the corresponding chan-
nel attention (weight) by the 1D convolutions followed by a
Sigmoid function. Unlike fully-connected operations, which
capture dependencies across all channels but show high com-
plexity, we explore local cross-channel interaction and learn
each attention in a local manner, e.g., only consider its k
neighbors of every channel. After that, we multiply the chan-
nel attention with the input feature fe

i and reduce the channels
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Figure 5: Illustration of the context aggregation module (CAM) used
to mine contextual semantics for enhancing feature representation.

by 1×1 convolution layer to obtain the final output fa
i , i.e.,

fa
i = Fconv1(σ(F

k
1D(GAP (fe

i )))⊗ fe
i ), (2)

where Fconv1 is 1×1 convolution, Fk
1D is 1D convolution

with kernel size k and σ denotes Sigmoid function. The ker-
nel size k can be set adaptively as k = |(1 + log2(C))/2|odd,
where | ∗ |odd denotes the nearest odd number and C is the
channels of fe

i . The kernel size is proportional to channel
dimension. Obviously, the proposed attention strategy can
highlight critical channels and suppress redundant channels
or noises, thereby enhancing semantic representation.

3.4 Context Aggregation Module
To integrate multi-level fused features for camouflaged object
prediction, we design a context aggregation module (CAM)
to mine contextual semantics for boosting object detection,
as shown in Fig. 5. Unlike global context modules in BBS-
Net [Fan et al., 2020c], which only exploits several in-
dependent parallel branches to extract features of different
scales separately without considering the semantic correla-
tion among various branches [Wu et al., 2020], CAM takes
cross-scale interaction into account to boost feature represen-
tation. Taking fa

4 and fa
5 as an example, we first upsample fa

5
and concatenate them followed by a 1×1 convolution layer to
obtain the initial aggregated feature fm. Next, we evenly di-
vide fm into four feature maps (f1

m, f2
m, f3

m, f4
m) along chan-

nel dimension, and then perform cross-scale interaction learn-
ing, that is, to integrate the features of adjacent branches to
extract multi-scale contextual features by a series of atrous
convolutions. It can be formulated as:

f j′

m = Fnj
conv(f

j−1′

m ⊕ f j
m ⊕ f j+1

m ), j ∈ {1, 2, 3, 4}, (3)
where Fnj

conv indicates a 3× 3 atrous convolution with a dila-
tion rate of nj . In our experiments, we set nj = {1, 2, 3, 4}.
Besides, for i = 1, there is only f1

m and f2
m; for i = 4, there

is only f4
m and f3′

m . Then, we concatenate these four multi-
scale features f j′

m followed by a 1×1 convolution, a residual
connection and a 3×3 convolution, which can be denoted as:

f c
i = Fconv(Fconv1([f

j′

m ])⊕ fm), (4)
where [∗] is concatenation operation, and f c

i is output of
CAM. Noted that, for i = {2, 3}, the output of the previous
CAM (f c

i+1) will be used together with fa
i as the input of the

next CAM to obtain the f c
i . With another 1×1 convolution to

change the channel number of feature f c
i , we can obtain the

prediction Pi (i ∈ {2, 3, 4} of camouflaged objects.

3.5 Loss Function
Our model has two kinds of supervisions: camouflaged object
mask (Go) and camouflaged object edge (Ge). For mask su-
pervision, we employ the weighted binary cross-entropy loss
(Lw

BCE) and weighted IOU loss (Lw
IOU ) [Wei et al., 2020],

which pay more attention to hard pixels instead of assigning
all pixels equal weights. For edge supervision, we adopt the
dice loss (Ldice) [Xie et al., 2020] to deal with the strong
imbalance between positive and negative samples. Noted
the mask supervision is conducted on three camouflaged ob-
ject predictions (Pi, i ∈ {2, 3, 4}) from CAM. Thus, the
total loss is defined as: Ltotal =

∑4
i=2(L

w
BCE(Pi, Go) +

Lw
IOU (Pi, Go)) + λLdice(Pe, Ge), where λ is a trade-off pa-

rameter and set λ = 3 in our experiments, Pe is the prediction
of camouflaged object edges.

4 Experiments
4.1 Implementation Details
We implement our model with PyTorch and employ Res2Net-
50 [Gao et al., 2019] pre-trained on ImageNet as our back-
bone. We resize all the input images to 416 x 416 and aug-
ment them by randomly horizontal flipping. During the train-
ing stage, the batch size is set to 16, and the Adam opti-
mizer [Kingma and Ba, 2014] is adopted. The learning rate
is initialized to 1e-4 and adjusted by poly strategy with the
power of 0.9. Accelerated by an NVIDIA Tesla P40 GPU,
the whole training takes about ∼2 hours with 25 epochs.

4.2 Datasets
We evaluate our method on three public benchmark datasets:
CAMO [Le et al., 2019], COD10K [Fan et al., 2020a] and
NC4K [Lv et al., 2021]. We follow the previous works [Fan
et al., 2020a], which use the training set of CAMO and
COD10K as our training set, and use their testing set and
NC4K as our testing sets.

4.3 Evaluation Metrics
We utilize four widely used metrics to evaluate our method,
i.e., mean absolute error (MAE, M) [Perazzi et al., 2012],
weighted F-measure (Fw

β ) [Margolin et al., 2014], structure-
measure (Sα) [Fan et al., 2017] and mean E-measure
(Eϕ) [Fan et al., 2021b].

4.4 Comparison with State-of-the-arts
To demonstrate the effectiveness of our method, we com-
pare it against 18 state-of-the-art methods, including 10 SOD
models, i.e., PoolNet [Liu et al., 2019], EGNet [Zhao et
al., 2019], SRCN [Wu et al., 2019], F3Net [Wei et al.,
2020], ITSD [Zhou et al., 2020], CSNet [Gao et al., 2020],
MINet [Pang et al., 2020], UCNet [Zhang et al., 2020],
PraNet [Fan et al., 2020b] and BASNet [Qin et al., 2021], and
8 COD models, i.e., SINet [Fan et al., 2020a], PFNet [Mei
et al., 2021], S-MGL [Zhai et al., 2021], R-MGL [Zhai et
al., 2021], LSR [Lv et al., 2021], UGTR [Yang et al., 2021],
C2FNet [Sun et al., 2021] and JCSOD [Li et al., 2021]. For
fair comparison, all the predictions of these methods are ei-
ther provided by the authors or produced by models retrained
with open source codes.
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Method Pub./Year CAMO-Test COD10K-Test NC4K
Sα ↑ Eϕ ↑ Fw

β ↑ M ↓ Sα ↑ Eϕ ↑ Fw
β ↑ M ↓ Sα ↑ Eϕ ↑ Fw

β ↑ M ↓
PoolNet CVPR’19 0.730 0.746 0.575 0.105 0.740 0.776 0.506 0.056 0.785 0.814 0.635 0.073
EGNet ICCV’19 0.732 0.800 0.604 0.109 0.736 0.810 0.517 0.061 0.777 0.841 0.639 0.075
SRCN ICCV’19 0.779 0.797 0.643 0.090 0.789 0.817 0.575 0.047 0.830 0.854 0.698 0.059
F3Net AAAI’20 0.711 0.741 0.564 0.109 0.739 0.795 0.544 0.051 0.780 0.824 0.656 0.070
ITSD CVPR’20 0.750 0.779 0.610 0.102 0.767 0.808 0.557 0.051 0.811 0.844 0.680 0.064
CSNet ECCV’20 0.771 0.795 0.642 0.092 0.778 0.809 0.569 0.047 0.750 0.773 0.603 0.088
MINet CVPR’20 0.748 0.791 0.637 0.090 0.770 0.832 0.608 0.042 0.812 0.862 0.720 0.056
UCNet CVPR’20 0.739 0.787 0.640 0.094 0.776 0.857 0.633 0.042 0.811 0.871 0.729 0.055
PraNet MICCAI’20 0.769 0.825 0.663 0.094 0.789 0.861 0.629 0.045 0.822 0.876 0.724 0.059
BASNet arxiv’21 0.749 0.796 0.646 0.096 0.802 0.855 0.677 0.038 0.817 0.859 0.732 0.058

SINet CVPR’20 0.745 0.804 0.644 0.092 0.776 0.864 0.631 0.043 0.808 0.871 0.723 0.058
PFNet CVPR’21 0.782 0.841 0.695 0.085 0.800 0.877 0.660 0.040 0.829 0.887 0.745 0.053
S-MGL CVPR’21 0.772 0.806 0.664 0.089 0.811 0.844 0.654 0.037 0.829 0.862 0.731 0.055
R-MGL CVPR’21 0.775 0.812 0.673 0.088 0.814 0.851 0.666 0.035 0.833 0.867 0.739 0.053
UGTR ICCV’21 0.784 0.821 0.683 0.086 0.817 0.852 0.665 0.036 0.839 0.874 0.746 0.052
LSR CVPR’21 0.787 0.838 0.696 0.080 0.804 0.880 0.673 0.037 0.840 0.895 0.766 0.048
C2FNet IJCAI’21 0.796 0.854 0.719 0.080 0.813 0.890 0.686 0.036 0.838 0.897 0.762 0.049
JCSOD CVPR’21 0.800 0.859 0.728 0.073 0.809 0.884 0.684 0.035 0.841 0.898 0.771 0.047
BGNet (Ours) IJCAI’22 0.812 0.870 0.749 0.073 0.831 0.901 0.722 0.033 0.851 0.907 0.788 0.044

Table 1: Quantitative comparison with state-of-the-art methods for COD on three benchmarks using four widely used evaluation metrics (i.e.,
Sα, Eϕ, Fw

β , and M). “↑” / “↓” indicates that larger/smaller is better. Top three results are highlighted in red, green and blue.

M Method CAMO-Test COD10K-Test NC4K
Sα ↑ Eϕ ↑ Fw

β ↑ M ↓ Sα ↑ Eϕ ↑ Fw
β ↑ M ↓ Sα ↑ Eϕ ↑ Fw

β ↑ M ↓
a B 0.799 0.858 0.726 0.080 0.823 0.893 0.702 0.035 0.845 0.897 0.773 0.048
b B+CAM 0.809 0.864 0.738 0.073 0.828 0.897 0.713 0.034 0.851 0.901 0.783 0.045
c B+EAM+EFM w/o LCA 0.805 0.866 0.733 0.075 0.828 0.898 0.713 0.034 0.848 0.902 0.780 0.046
d B+EAM+EFM 0.808 0.867 0.740 0.075 0.831 0.898 0.717 0.033 0.849 0.903 0.781 0.046
e Ours 0.812 0.870 0.749 0.073 0.831 0.901 0.722 0.033 0.851 0.907 0.788 0.044

Table 2: Quantitative evaluation for ablation studies on three datasets. The best results are highlighted in Bold. B: baseline. M: model.

Quantitative Evaluation. Table 1 reports the quantitative re-
sults of our method against 18 competitors on three datasets.
It is obvious that our method outperforms all other models
on three datasets under four evaluation metrics. Specifically,
compared with the second-best JCSOD, our method increases
Sα by 1.80%, Eϕ by 1.40% and Fw

β by 3.55% on average.
Compared with the third-best C2FNet, our method increases
Sα by 1.93%, Eϕ by 1.41% and Fw

β by 4.28% on average.
Qualitative Evaluation. Fig. 6 shows the qualitative com-
parisons of different COD methods on several typical sam-
ples from the COD10K dataset, covering four super-classes,
i.e., aquatic, terrestrial, flying and, amphibious. These results
intuitively show the superior performance of the proposed
method. Noted that our method provides accurate camou-
flaged object predictions with finer and more complete object
structure and boundary details.
Boundary Exploration. Fig. 7 shows the visual comparison
of our model with MGL in terms of boundary-related edge ex-
traction. It can be seen that, although MGL proposes an auxil-
iary edge detection network based on a complex graph model,
it still loses many structural details, resulting in poor bound-
ary localization in prediction. It is proven that our method
achieves superior performance in object-related edge infor-
mation mining and camouflaged object prediction.

4.5 Ablation Study
In order to validate the effectiveness of each key component,
we design several ablation experiments and report the results
in Tab. 2. For baseline model (B), we remove all the addi-
tional modules (i.e., EAM, EFM and CAM), and only retain
the 1×1 convolution in four EFMs to reduce the channels of
the backbone features (fi, i = {2, 3, 4, 5}) and use the ini-
tial aggregation operation in the CAM to fuse the multi-level
features in the top-down manner.
Effectiveness of CAM. From Tab. 2, compared with B
model, the B+CAM model provides better performance. Es-
pecially, our module has more advantages on the metrics Fω

β

that shows 1.50% performance increases averagely.
Effectiveness of Edge Cues (EAM). To verify the effective-
ness of object-related edge cues, we keep the initial fusion
operation and final 1×1 convolution in EFMs, and remove
the local channel attention (LCA). From Tab. 2, the model
c (B+EAM+EFM w/o LCA) achieves better overall perfor-
mance compared with the baseline model a, especially in
terms of Fω

β with 1.15% performance gains on average for
all datasets. Thus, the edge prior extracted by EAM is bene-
ficial to boost detection performance.
Effectiveness of EFM. Then we add LCA on model c, that
is, the complete EFM, to validate effectiveness of the integra-
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(a) Image (b) GT (c) Ours (d) JCSOD (e) C2FNet (f) LSR (g) UGTR (h) R-MGL (i) S-MGL (j) PFNet (k) SINet

Figure 6: Visual comparison of the proposed model with eight state-of-the-art COD methods. Obviously, our method is capable of accurately
segmenting various camouflaged objects with more clear boundaries.

Method CAMO-Test COD10K-Test NC4K
Sα ↑ Eϕ ↑ Fw

β ↑ M ↓ Sα ↑ Eϕ ↑ Fw
β ↑ M ↓ Sα ↑ Eϕ ↑ Fw

β ↑ M ↓
f1+f5 0.807 0.865 0.737 0.076 0.829 0.899 0.717 0.032 0.851 0.904 0.786 0.045
f3+f5 0.805 0.863 0.738 0.074 0.830 0.900 0.721 0.033 0.849 0.904 0.785 0.045
f2+f5 (Ours) 0.812 0.870 0.749 0.073 0.831 0.901 0.722 0.033 0.851 0.907 0.788 0.044

Table 3: Ablation studies of different inputs of EAM on three datasets. The best results are highlighted in Bold.

(a) Image (b) GT (c) Ours (d) R-MGL (e) S-MGL

Figure 7: Examples of object-related edge exploration in EAM.

tion operation of edge cues and camouflaged object features.
As can be seen in Tab. 2, the B+EAM+EFM model shows the
performance improvement compared with model a and model
c, demonstrating the effective contribution of LCA and the
proposed EFM to the final predictions. Furthermore, com-
bined with the designed EAM, EFM and CAM, the proposed
BGNet achieves obvious performance improvements on all
datasets, with the performance gains of 1.10%, 1.14% and
2.65% on average in terms of Sα, Eϕ and Fω

β , respectively.

Input of EAM. We also test the effectiveness of different in-
puts for EAM, e.g., f1, f2 and f3 used to explore edges with
f5 to help locate object-related edges. As shown in Tab. 3,
the combination of f2 + f5 obtains the best performance for
camouflaged object detection.

5 Conclusion
In this paper, we resort to edge priors to assist recovering ob-
ject structure and boost the performance of camouflaged ob-
ject detection. We propose a simple yet effective boundary-
guided network (BGNet), which contains edge-aware mod-
ule, edge-guidance feature module, and context aggregation
module, to explore object-related edge semantics to guide and
enhance representation learning for COD. By adopting edge
cues, our BGNet provides accurate camouflaged object pre-
dictions with complete and fine object structure and bound-
aries. Extensive experiments show that our method outper-
forms existing state-of-the-art methods on three benchmarks.
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