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Abstract—Camouflaged object detection (COD) in monoc-
ular images has garnered broad attention recently, aiming to
segment objects that have high intrinsic similarity with their
surroundings. Despite remarkable performance achieved by
existing methods, two limitations persist: insufficient utiliza-
tion of multilevel semantics at each decoding scale and a
lack of “explicit” knowledge guidance in boundary learn-
ing, leading to performance drops in challenging scenarios.
To address these issues, we propose a weighted dense
semantic aggregation (WDSA) and explicit boundary model-
ing (EBM) network. Specifically, a WDSA module is proposed
to sufficiently aggregate multilevel semantics at each decoding scale, and enable the exploration of the relationship
between multilevel features and camouflaged objects. An EBM module is developed to capture edge semantics with
explicit boundary knowledge guidance and enhance the feature representation with edge cues. A detail enhanced
multiscale (DEMS) module is further designed to refine multiscale features. Extensive experiments demonstrate that
our proposed method achieves competitive performance against state-of-the-art (SOTA) methods on four benchmark
datasets without excessive model complexity. Codes and results will be released at https://github.com/crrcoo/SAE-Net.

Index Terms— Boundary learning, camouflaged object detection (COD), weighted multilevel feature aggregation.

I. INTRODUCTION

CAMOUFLAGE is a prevalent phenomenon widely
observed in our daily lives, such as natural camouflage

(e.g., animals mimic the environment to avoid predators) and
artificial camouflage (e.g., military camouflage uniform) [1].
Camouflaged object detection (COD) is a dense prediction
task, aiming to segment objects that have high intrinsic
similarities with their surroundings [2]. As a fundamental
segmentation task for objects in complex scenes, it can be
applied to numerous downstream tasks such as autonomous
driving [3], medical diagnosis [4], [5], surface defect
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detection [6], and underwater object detection [7]. Camouflage
data typically consists of images or videos captured through
monocular cameras [2], [8], [9]. Furthermore, some works
combine monocular images with depth maps [10], [11] or
use millimeter-wave images from active millimeter-wave scan-
ners [12], [13], achieving promising results. Due to factors
like equipment cost, obtaining these data in large quantities
is often difficult, hindering their practical applications [10].
Hence, detecting camouflaged objects through easily accessi-
ble monocular images remains a critical issue, drawing broad
attention within the computer vision community [14].

Compared to generic object detection (GOD) and salient
object detection (SOD), COD mainly presents two additional
challenges: the intrinsic similarity between foreground and
background, and ambiguous boundary. In recent years, deep
learning plays a crucial role in many fields of computer vision,
such as object detection [15], semantic segmentation [16], and
image recognition [17]. The multilevel feature representation
capability makes deep models more effective than traditional
methods in complex scenes. For the COD task, the multilevel
contexts are prominent to understand the image content and
distinguish camouflaged objects from the background envi-
ronment. While existing COD methods [8], [18], [19], [20]
have achieved remarkable performance, they typically follow
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Fig. 1. Different types of decoding structures for COD. (a) FPN-based
structure [1], [23], [24], [28]. (b) Adjacent level fusion structure [25],
[26]. (c) Low- and high-level feature separate decoding structure [2],
[27]. (d) Our proposed weighted dense aggregation structure. Orange
and blue blocks are encoder and decoder modules. Blue arrows denote
supervisions. Red arrows in (d) represent our proposed ILS and ILF
steps applied to multilevel features.

an encoder–decoder architecture. The sufficient utilization of
multilevel features extracted from the encoder remains a key
factor in determining the effectiveness of these methods. Fea-
ture pyramid network (FPN) [15] is a decoding structure adept
at effectively utilizing multilevel features, which has been
widely applied in tasks such as GOD [21] and SOD [22]. In the
context of COD, several works [18], [19], [23], [24] adopt
an FPN-based structure, as illustrated in Fig. 1(a). Taking it
further, some FPN-based variants are proposed to obtain richer
multilevel semantics during decoding phase, e.g., fusing fea-
tures from adjacent levels [25], [26] and separately decoding
high- and low-level features [2], [27] as shown in Fig. 1(b) and
(c), respectively. In a word, the principle advantage of these
FPN-based structure lies in its ability to combine semantically
strong, low-resolution features with semantically weak, high-
resolution features in a top-down manner, ultimately obtaining
semantically strong and high-resolution features at the network
output [15].

Intuitively, due to the challenges in COD, relying on captur-
ing rich multilevel semantics at the output decoding stage may
not be sufficient for effectively distinguishing camouflaged
objects from background. Despite the notable performance
achieved by the aforementioned FPN-based methods, there
are still three issues worth investigating. First, since high-
and low-level features do not directly interact, the model
struggles to fully utilize multilevel semantics in the early and
intermediate stages. This might lead to incomplete detection in
complex scenes with multiple targets, e.g., missing some target
birds as shown in the first row of Fig. 2. Second, the top-down
decoding process weakens high-level features, leading to a
lack of global semantics in the network output. This may
cause over-segmentation, e.g., misclassifying background as
foreground as shown in the second row of Fig. 2. Third,
these multilevel decoding structures are empirically designed
to integrate limited multilevel semantics at each decoding
stage, and the relationship between multilevel features and
camouflaged objects has not been thoroughly investigated.

To address the above three issues, we observe that the dense
connection strategy [29] empowers each decoding stage with
the potential to fully acquire multilevel semantics. Also, this
strategy can be considered a general form of various FPN
variants, with the potential to explore the relationship between
multilevel features and camouflaged objects. However, only
a limited number of works have explored the use of dense
connection or its variants for the COD task. The effective

Fig. 2. Visual comparison of COD in challenging scenarios, i.e.,
scale variation (row 1), occlusion (row 2), and boundary ambiguity
(rows 3 and 4). Our method achieves superior performance with more
complete results and fewer false alarms compared to MSCAF-Net [32],
SegMaR [33], PreyNet [26], and SINetV2 [1], and generates more
complete edges compared to R-MGL [34], BGNet [35], BSA-Net [36],
and FAP-Net [25].

utilization of dense connection-related decoding structures for
COD still needs further investigation. Directly applying dense
connection to COD poses two problems. First, despite the
complementary information in multilevel features, there are
still semantic gaps between these features [30], [31]. Naive
combinations of these features may dilute the impact of strong
cues with weak signals or even amplify the adverse effects of
confusing responses. Second, fusing features from all levels at
each stage may cause model redundancy.

In response to these problems, we propose a weighted
dense semantic aggregation (WDSA) module comprising of
an intra-level selection (ILS) step and an inter-level fusion
(ILF) step, as shown in Fig. 1(d). The ILS step obtains
complementary multilevel semantic features tailored to each
decoding scale, filtering out confusing and redundant features.
The ILF step considers the distinct contributions of various
levels to a specific decoding scale, and adaptively interacts
multilevel features through a weighting strategy. With this
design, the WDSA module effectively enhances multilevel
features at each decoding scale with sufficient multilevel
semantics. As illustrated in Fig. 3(b), the output of the WDSA
(FWDSA

1 ) integrates both the global location information from
high-level features and texture details from low-level features.
Besides, analyzing the weights of the WDSA facilitates a
quantitative exploration of the correlation between multilevel
features and camouflaged objects, an aspect that has not been
fully investigated.

In addition, camouflaged objects hidden in complex scenes
often exhibit low contrast between their interiors and envi-
ronment, leading to ambiguous boundaries. Existing methods
often draw on boundary learning approaches similar to SOD
models [37], [38]. They typically utilize a module [31],
[35] or a sub-network [25], [36] to extract boundaries from
backbone features. Furthermore, [39] simultaneously models
foreground, background, and edge semantics to better learn
each semantic. However, the boundary learning in the afore-
mentioned methods primarily relies on edge supervision of
image features, which typically contain weak edge priors. This
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“implicit” boundary learning approach might not adequately
model edge semantics for the COD task with ambiguous
edges. As shown in the third and fourth rows of Fig. 2, recent
boundary-related methods might struggle to generate intact
edge contours [34], [35] (e.g., col. 4 and 5) or detect clear
edges [25], [36] (e.g., col. 6 and 7). Therefore, we consider
to incorporate “explicit” boundary knowledge guidance to
facilitate the boundary learning. Motivated by the observation
that boundary serves as the separator between foreground and
background [36], we propose an explicit boundary modeling
(EBM) module to “explicitly” obtain boundary features from
regions jointly attended by foreground and background fea-
tures. As illustrated in Fig. 3(c), compared to image features
(F), the boundary features (Fboundary) contain strong edge
priors, making it easier to learn intact and continuous edges.
Then the EBM module adopts boundary features as attentional
guidance to guide features focusing on boundary details.

Based on the above insights and investigations, we propose
a weighted dense semantic aggregation and explicit boundary
modeling network for COD, namely SAE-Net, that incor-
porates both WDSA and EBM modules. Besides, to refine
the multilevel features and increase the receptive field in the
decoding phase as commonly done in [2], [32], and [36],
we further design a detail-enhanced multiscale (DEMS) mod-
ule to extract refined multiscale features with subtle cues. Our
main contributions are summarized as follows.

1) We propose a COD framework named SAE-Net via
employing weighted dense multilevel semantic aggrega-
tion at each decoding scale and capturing edge semantics
with an explicit boundary knowledge guidance. The
weighted dense aggregation assists in exploring the
correlation between multilevel features and camouflaged
objects, which has not been thoroughly investigated.

2) A WDSA module is proposed to enhance multilevel
semantics at each decoding scale, enabling the adap-
tive selection and fusion of complementary multilevel
features. A DEMS module is further designed to extract
refined multiscale features with subtle cues.

3) An EBM module is developed to capture edge seman-
tics through explicit boundary knowledge guidance and
enhance the feature representation with edge cues.

4) Extensive experiments demonstrate the proposed
SAE-Net achieves competitive against state-of-the-art
(SOTA) methods on four benchmark datasets without
excessive model complexity. Visualizations further
illustrate the superior performance of our model on
various challenging cases.

II. RELATED WORK

A. Camouflaged Object Detection
Research on COD has significantly advanced our under-

standing of visual perception and has attracted intensive
attention from the computer vision community [14]. Since
traditional methods often struggle to deal with complex
scenarios, recent works mainly adopt convolutional neu-
ral network (CNN)-based or transformer-based methods to
address this problem. For example, Fan et al. [2] pro-
pose SINet and SINetV2 [1] for COD that simulate the

search and identify stages of a predator’s hunting process.
Lv et al. [8] introduce a new camouflaged object ranking
task and the CAM-FR dataset with both localization and
ranking annotations. Pang et al. [40] learn the discriminative
mixed-scale semantics by a zoom strategy. Jia et al. [33]
integrate segment, magnify, and reiterate in a multistage
detection fashion for accurate COD. Zhong et al. [41] and
He et al. [19] adopt frequency-domain features to assist
COD. Hu et al. [42] exploit the high-resolution informa-
tion to refine the low-resolution representations via iterative
feedback. Song et al. [43] detect camouflaged objects by
generating focus areas. Xing et al. [44] propose a search-
amplify-recognize architecture that draws inspiration from
humans tend to go closer to see the ambiguous objects.
Although existing methods achieve good performance, there
are still two problems. First, the FPN-based frameworks often
insufficiently fuse multilevel features at each decoding scale.
Second, the boundary-related methods lack “explicit” guidance
in boundary learning. Our proposed method aims to deal with
the two issues.

B. Context-Aware Feature Learning
Contextual information is able to enhance the feature rep-

resentation and has shown its effectiveness in object detection
and segmentation tasks [32], [45]. Many works are dedicated
to exploit rich contextual information to facilitate the feature
learning, such as [46], [47], [48], [49], and [50]. For the COD
task, on the one hand, some works integrate features from
multiple stages to utilize multilevel contexts. For instance,
Zhang et al. [26] propose a bidirectional bridging interaction
module to select and aggregate features of adjacent stages in
an attentive manner. Chen et al. [27] separately decode high-
and low-level features to generate an initial prediction and
the final prediction. Zhou et al. [25] develop a cross-level
fusion and propagation module that integrates features from
adjacent layers to exploit cross-level correlations. On the
other hand, some works exploit multiscale contexts in each
stage. For example, SINetV2 [1] adopts a receptive field
block (RFB), which consists of parallel branches with different
dilation rates to extract discriminative multiscale features.
Zhu et al. [36] further integrate the multiscale features between
parallel branches to enrich the multiscale feature representa-
tion. Liu et al. [32] design an enhanced receptive field (ERF)
module to learn rich contexts. However, these methods are
typically based on an FPN structure and insufficiently utilize
multilevel semantics, resulting in performance degradation in
complex scenes. Different from the above works, we propose
a WDSA module to effectively enhance multilevel semantics
at each decoding scale and a DEMS module to obtain refined
multiscale features with detail cues. Besides, visualizing the
weights of WDSA modules assists in exploring the correlation
between multilevel features and camouflaged objects, which
has not been thoroughly investigated.

C. Boundary Learning
Despite COD, the boundary learning has been widely used

in other computer vision tasks, e.g., SOD [37], [38], polyp
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Fig. 3. (a) Overall architecture of our proposed SAE-Net. It consists of three main components, i.e., WDSA, DEMS, and EBM. (b) Simplified pipeline
of WDSA. WDSA adaptively aggregates multilevel semantics to sufficiently integrate the global localization information of high-level features and the
texture information of low-level features for each distinct decoding scale. (c) Simplified pipeline of EBM. The boundary features (Fboundary) learned
through explicit boundary knowledge guidance contain strong edge priors compared to image features (F), making it easier to learn intact and
continuous edges.

segmentation [51], and semantic segmentation [52]. For COD
task, Zhai et al. [34] adopt edge-constricted graph reasoning to
guide the feature representation learning by edge information.
Ji et al. [31] extract edge from low-level features and utilize
edge priors to guide the coarse map refinement. Wu et al. [39]
learn foreground, background, and edge semantics simulta-
neously to facilitate the boundary learning. Zhu et al. [36]
design a simple network to detect boundary that is further
embedded into the feature maps. Sun et al. [35] utilize both
low-level and high-level features to generate edge feature that
is used to enhance the feature representation. Zhou et al. [25]
extract edges from low-level features, which are adopted
to enhance the detection in the decoding procedure. Unlike
prior works that “implicitly” extract boundary from image
features using edge supervision, we incorporate an explicit
boundary knowledge guidance to assist the edge semantic
learning.

III. PROPOSED METHOD

A. Overview
The overall architecture of our proposed method is shown

in Fig. 3. Specifically, the Res2Net-50 [53] backbone extracts
hierarchical features from an input RGB image I ∈ RH×W×3,
where H and W represent the height and width, respectively.
Then, CBR blocks reduce the feature channel to C , where
the CBR block consists of a convolutional layer, a batch
normalization layer [54], and a ReLU activation. The output
features are denoted as {Fi }

4
i=1, where Fi ∈ RHi ×Wi ×C and i

indicates the i th stage. Moreover, we incorporate a pyramid
pooling module (PPM) [55] on top of the backbone to capture
global semantics, as done in [56], [57], and [58]. WDSA and
DEMS modules are then sequentially employed to explore
multilevel features and refined multiscale features at each
decoding stage. Finally, EBM modules gradually generate
boundary maps and the final prediction in a top-down manner.
Bilinear interpolation is used throughout the network to keep
feature sizes consistent if necessary.

Fig. 4. Architecture of the WDSA module for the first stage. SE repre-
sents the squeeze-and-excitation block [59].

B. WDSA Module
It is known that multilevel features typically encode distinct

semantics and focus on different object scales [30]. However,
the decoding stages of the existing FPN-based methods [18],
[19] often integrate limited multilevel features, hindering the
sufficient utilization of multilevel semantics to distinguish
camouflaged objects from background for the COD task.
Therefore, the WDSA module is proposed to adaptively lever-
age multilevel semantics at each decoding scale. Considering
the feature inconsistency and redundancy in multilevel fea-
tures [15], [31], the WDSA module consists of an ILS step and
an ILF step. ILS obtains complementary multilevel semantics
specific to that decoding scale. Then, ILF weights and fuses
multilevel features by considering the diverse contributions
of different levels to the designated decoding scale. The
experimental comparison between WDSA and other multi-
level aggregation strategies is discussed in Section IV-E2.
Feature visualizations of the WDSA module are shown in
Section IV-E5.

In this section, we will introduce the WDSA module in
the first stage as an illustrative example to ensure clarity. The
architecture of our WDSA module in the first stage is shown
in Fig. 4. The inputs of the WDSA module in the first stage
are denoted as {F j }

5
j=1.

1) Intra-Level Selection: Attention mechanism is commonly
used in computer vision to select useful features. Motivated by
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this, we employ it to filter out semantically redundant infor-
mation between multilevel features to mitigate their semantic
gap. We use the classic squeeze-and-excitation (SE) block [59]
to filter the inconsistent semantics of the multilevel features.
Motivated by the vanilla FPN [15], ILS considers F1 as
the primary feature of the first stage, where the resolution
of F1 matches the feature scale of the first stage. {F j }

5
j=2

are regarded as auxiliary features to complement F1. The
ILS reduces the channel of F1 to Cm to reduce the feature
redundancy and retain the unique characteristics of the current
feature scale. The channels of {F j }

5
j=2 are reduced to Caux to

filter out redundant information in features with inconsistent
semantics. The ILS is formulated by

FILS
j = Up(SE(F j )), j ∈ {1, 2, 3, 4, 5} (1)

where Up(·) denotes the bilinear interpolation operation. FILS
j

denotes the output of the ILS for F j , and the resolution of
FILS

j is H/4 × W/4. We compare SE with other commonly
used attention modules in Section IV-E2. The chosen of Cm

and Caux will be discussed in Section IV-E3.
2) Inter-Level Fusion: Directly fusing multilevel features

assumes that features of different levels have an equal impact
at different decoding stages. This prevents the network from
adaptively selecting prominent features to fit specific feature
scales. Therefore, the ILF is proposed to adaptively assign
weights for multilevel features to highlight the features that
are more relevant to a specific scale.

In the ILF, a stage weighting module (SWM) is applied
to each auxiliary features to generate scale values {v j | j ∈

{2, 3, 4, 5}} that represent the importance of the auxiliary
features. The SWM is formulated as

v j = f1×1
(
GAP

(
FILS

j

))
⊕ f1×1

(
GMP

(
FILS

j

))
{
w j

}5
j=2 = softmax

({
v j

}5
j=2

)
(2)

where {w j }
5
j=2 are the weights for {FILS

j }
5
j=2 and ⊕ denotes

the element-wise addition. f1×1 denotes the CBR block with
1 × 1 convolution. softmax(·) indicates the softmax operation
for the input values. The SWM utilizes both max and average
pooling operations because they concentrate on different types
of information and are complementary to each other [60], [61].
The final output of the WDSA module can be computed by

ḞILS
j = w j ⊗ FILS

j , j ∈ {2, 3, 4, 5}

FWDSA
1 = Concat

[
FILS

1 ; ḞILS
2 ; ḞILS

3 ; ḞILS
4 ; ḞILS

5

]
(3)

where Concat[·; ·] represents the concatenation operation and
⊗ indicates the element-wise multiplication. FWDSA

1 is the
output of the WDSA module in the first stage. {FWDSA

i }
5
i=1 will

be fed into DEMS modules to further explore refined mul-
tiscale contexts. In Section IV-E4, we visualize the weights
of multilevel features and explore their relationship with
camouflaged objects.

C. DEMS Module
Existing COD methods [1], [2], [33] commonly utilize

dilated convolutions with varying dilation rates to expand the
receptive field. Since the high similarity between foreground

Fig. 5. Architecture of the DEMS module.

and background, discriminative camouflaged traces are subtle
and difficult to capture [41], [62]. However, dilated convolu-
tions (DConvs) inherently contain dilation gaps, ignoring the
accompanying loss of intricate details. This may cause existing
multiscale modules to struggle to capture subtle clues for the
COD task. Motivated by this, we design a DEMS module
that incorporates the detail-enhanced convolution (DeConv) to
refine the fused multilevel features. The experimental compar-
ison between DEMS and other multiscale modules, i.e., atrous
spatial pyramid pooling (ASPP) [63], RFB [1], and ERF [32],
is discussed in Sections IV-E6 and IV-E7.

The architecture of the DEMS module is illustrated in
Fig. 5. The DeConv block adopts asymmetric convolution
(AConv) to assist the DConv with detailed features. Denote
the input of the DeConv block as Fin, the DeConv block can
be computed by

Ḟin = g1×1(Fin)

Fout = g1×1(Concat[hd(Ḟin); g3×1(g1×3(Ḟin)]) (4)

where gk1×k2 denotes the k1 × k2 convolutional layer. hd

denotes the 3 × 3 convolutional layer with dilation rate d .
Ḟin and Fout are an intermediate feature and the output of the
DeConv block, respectively.

The input of the DEMS module is FWDSA
i . We denote

{Fz
i }

4
z=1 as the outputs of the four branches, and they can be

computed by

F1
i = DeConv1

(
FWDSA

i

)
F2

i = DeConv3
(
FWDSA

i

)
F3

i = DeConv5
(
FWDSA

i ⊕ F2
i

)
F4

i = DeConv7
(
FWDSA

i ⊕ F3
i

)
FDEMS

i = g1×1
(
Concat

[
F2

i ; F3
i ; F4

i

])
⊕ F1

i (5)

where DeConvd denotes the DeConv block with dilation rate
d . FDEMS

i is the output of DEMS, which encodes refined
multiscale information and will be sent into the EBMs.

D. EBM Module
Existing boundary-related methods [25], [31], [35], [36],

[39] often rely solely on “implicit” edge supervision of
image features, which typically contains weaker edge priors.
These “implicit” approaches might not adequately model edge
semantics for the COD task with ambiguous edges. Therefore,
we consider to adopt an “explicit” boundary guidance to
facilitate the boundary semantic learning. Motivated by the
observation that the boundary serves as the separator between
the foreground and background [36], we propose an EBM
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Fig. 6. Architecture of the EBM module. Pi and Ei are supervised by
mask and boundary ground truths, respectively.

module to learn boundary from features jointly attended by
foreground and background features, and enhance the fea-
ture representation with edge semantics. The experimental
comparison between EBM and existing boundary learning
methods, i.e., SEA [36] and MECSA [39], is discussed in
Sections IV-E8 and IV-E9. The architecture of the EBM
is shown in Fig. 6, comprising explicitly knowledge-guided
boundary learning (EKGBL) and boundary-guided attentional
fusion (GAF) procedures.

1) Explicitly Knowledge-Guided Boundary Learning: In addi-
tion to edge supervision, the key procedure in edge generation
is the EKGBL, which consists of two main steps. First,
it extracts foreground feature F f

i and background feature
Fb

i separately through mask supervision. Second, it models
boundary feature Fe

i as commonly interested regions of fore-
ground and background features by multiplying F f

i and Fb
i .

Denote Fin
i as an intermediate feature, Fe

i can be computed by

Fin
i = f3×3

(
FDEMS

i

)
Pi = σ

(
Conv1×1

(
Fin

i

))
F f

i = f3×3
(

f3×3
(
Pi ⊗ Fin

i

))
Fb

i = f3×3
(

f3×3
(
(1 − Pi ) ⊗ Fin

i

))
Fe

i = f3×3

(
F f

i ⊗ Fb
i

)
Ei = Conv1×1

(
Fe

i

)
(6)

where σ denotes the sigmoid function and Convk×k indicates
the k × k convolutional layer. Pi and Ei ∈ RHi ×Wi ×1 are the
coarse mask prediction and boundary prediction, respectively.
They are supervised by mask and boundary ground truths.

2) Boundary GAF: Based on the previous study [31], bound-
ary features can mitigate the edge vanishing problem and
preserve finer structure details. Inspired by this and [70], [71],
we design a GAF module to enhance the feature represen-
tation. For instance, given the inputs F f

i and Fe
i , the GAF

module first performs spatial attention (SA) on Fe
i . Next, the

SA map is multiplied with F f
i and we get an intermediate

feature Fm
i ∈ RHi ×Wi ×C . Then, the channel attention (CA) is

applied to Fm
i and the CA map is multiplied with Fm

i . Finally,
a residual flow is further employed to enhance the feature
representation. The GAF module is formulated as

Fm
i =F f

i ⊗ σ
(
Conv1×1

(
Fe

i

))
Fef

i =F f
i ⊕

(
Fm

i ⊗ s
(
Conv1×1

(
GAP

(
Fm

i

)))
(7)

where s is the softmax operation along the channel dimension.
Fef

i ∈ RHi ×Wi ×C is the enhanced foreground feature. Here,
the GAF adopts boundary feature as additional guidance to
guide foreground feature focusing on the boundary regions,
thereby enhancing the foreground feature. EBM adopts three
GAF modules to fuse foreground, background, and boundary
features. This procedure is defined as

FEBM
i = GAF

(
Fef

i , GAF
(
Fb

i , Fe
i

))
(8)

where FEBM
i ∈ RHi ×Wi ×C is the output of the EBM module.

FEBM
i will be fed into the next stage to gradually generate the

final prediction in a top-down manner.

E. Loss Function
Following [1], [2], [25], [27], [32], [33], [35], [68], we adopt

the structure loss (Lstr) [72] for mask supervision. Besides,
since the proportion of the edge pixels is typically low in
an image, the focal loss [73] (L focal) is adopted for boundary
supervision. The final prediction of our model is P0. We add
side supervisions to the coarse prediction maps {Pi }

5
i=1 and the

boundary prediction maps {Ei }
5
i=1. Following [1], [2], these

predicted maps are upsampled to the same size as the ground
truths using bilinear interpolation and then used to compute the
loss alongside the ground truths. Denote mask and boundary
ground truths as Gm and Ge, respectively, the loss function is
defined as

L =

5∑
i=0

Lstr(Up(Pi ), Gm) +

5∑
i=1

L focal(Up(Ei ), Ge) (9)

where Up(·) indicates the bilinear interpolation operation.

IV. EXPERIMENTS

A. Datasets and Evaluation Metrics
To demonstrate the effectiveness of our model, we conduct

experiments on four benchmark datasets. CHAMELEON [74]
contains 76 camouflaged images and used for testing. CAMO
[75] is composed of 1250 camouflaged images, and is divided
into a training set of 1000 images and a test set of 250 images.
COD10K [2] contains 5066 camouflaged images. It has been
pre-divided into a training set of 3040 images and a test
set of 2026 images. NC4K [8] contains 4121 camouflaged
images. It is commonly used as a test set to evaluate the
generalization capability of the model. Following [1], [2], the
combination of the training sets of CAMO and COD10K is
adopted for training. Other data is utilized for testing. The
boundary ground truths are provided by [35].

Following [1], [2], we adopt four commonly used evaluation
metrics: structure-measure (Sα) [76], mean E-measure (Eφ)
[77], weighted F-measure (Fw

β ) [78], and mean absolute error
(MAE) [79]. All the metrics are calculated by the evaluation
toolbox provided by [2].

B. Training and Implementation Details
Following [1], [25], [35], [36], [68], the Res2Net-50 [53]

pre-trained on ImageNet [17] is adopted as the backbone
network. Following [25], [26], [27], [32], [36], we set C
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TABLE I
COMPARISON WITH CNN-BASED METHODS. † DENOTES THE RESULTS ARE DIRECTLY CITED FROM THE ORIGINAL PAPERS. − DENOTES THE

RESULTS ARE UNAVAILABLE

as 64. In the training process, input images are resized to
384 × 384 following [19], [28], [36], [39], [40], [43], [80],
[81], and augmented by random horizontal flipping and color
enhancement. We utilize the Adam optimizer [82] with a
weight decay of 5e-4. The initial learning rate is set to
1e-4, which will decay 0.5 times every 10 epochs. The total
training epoch is 100. Our model is implemented with PyTorch
framework and trained on a single NVIDIA RTX 3090 GPU.
The batch size is set as 20. In the testing phase, the input
image is resized to 384 × 384, and the output prediction map
is then resized back to the original image size for calculating
the evaluation metrics with the ground truths. We do not adopt
any post-processing to enhance our final prediction.

C. Comparison to SOTAs
We compare our SAE-Net against 23 SOTA methods, i.e.,

SINet [2], PFNet [23], UGTR [64], R-MGL [34], LSR [8],
JCOD [65], C2F-Net [30], SINetV2 [1], PreyNet [26],
ERRNet [31], CubeNet [66], FBNet [67], DTC-Net [24],
FindNet [68], FAP-Net [25], C2F-NetV2 [30], BGNet [35],
BSA-Net [36], SegMaR [33], R-MGL_V2 [69], PUENet [20],
MSCAF-Net [32], and MRR-Net [28]. For fair comparison,
all prediction maps of these methods are either obtained from
their websites or generated by their source codes released by
the authors. In addition, the prediction maps are evaluated with
the same codes under the same evaluation protocols. As delin-
eated in [32] and [44], the COD task exhibits sensitivity to
the resolution of input images. Since PUENet [20] defaults
to using a 512 × 512 input resolution, this is much larger
than our setting. For fair comparison, we retrain PUENet [20],
modifying only the input resolution to 384 × 384 based on the
source code released by the authors.

1) Quantitative Comparison: The quantitative comparison
results with SOTA methods are listed in Table I. We report
the mean and the standard deviation of the metrics over
three independent trials. On the one hand, our proposed
method achieves high performance on large-scale datasets,
e.g., COD10K and NC4K. In particular, although MSCAF-
Net [32] achieves the second-best performance on NC4K, Sα ,

Eφ , and Fw
β of our SAE-Net are increased by 3.0%, 2.5%, and

6.0% on COD10K, respectively. Considering both COD10K
and NC4K, MRR-Net [28] achieves the second-best perfor-
mance. On CAMO, our model outperforms MRR-Net [28]
by 1.1%, 1.1%, 1.1%, 0.6% in terms of Sα , Eφ , Fw

β , and
M , respectively. On the other hand, our SAE-Net consistently
achieves competitive performance across four datasets. Seg-
MaR [33] achieves the best performance on CHAMELEON.
MRR-Net [28] both achieves the second-best performance
on CAMO and COD10K. MSCAF-Net [32] achieves the
second-best performance on NC4K. For each model, our
method outperforms its results on the other three datasets. The
above analysis demonstrates the superior performance of our
method.

In addition, it is noticeable that certain methods achieving
high performance on CHAMELEON dataset may demon-
strate inferior performance on other large-scale datasets. For
instance, SegMaR [33] achieves the best performance on the
CHAMELEON dataset. Comparatively, on the largest test set
NC4K, our SAE-Net enhances Sα , Eφ , and Fw

β by 2.1%, 1.6%,
and 1.5%, respectively, while decreasing M by 0.4%. This
variation may be attributed to the testing biases in small-scale
dataset as mentioned in [83].

2) Qualitative Comparison: The qualitative comparison
results with SOTA methods are shown in Fig. 7. The sam-
ples contain several challenging scenarios including complex
structure (rows 1 and 2), multiple objects (rows 1–4), small
objects (rows 5 and 6), high similarity (rows 7 and 8), and
occlusion (rows 9 and 10). For all the challenging scenarios,
our model obtains superior predictions, while the comparison
results usually have omission areas (e.g., rows 2, 3, and 8) or
false alarms (e.g., rows 1, 6, and 7). This can be attributed to
the capability of our SAE-Net to aggregate sufficient multilevel
semantics and explore detailed multiscale features at each
decoding scale. This enables the model to fully leverage
contextual semantics for detecting camouflaged objects of
different locations and scales. In addition, SAE-Net captures
edge semantics with an explicit boundary knowledge guidance,
aiding in more precise predictions of object edge shapes.
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Fig. 7. Qualitative comparison with SOTA methods. Our model achieves superior visual performance in challenging scenarios.

Fig. 8. Performance, parameters, and MACs compared with SOTA
methods. The performance is measured using the weighted F-measure
(Fw
β ) [78] on the NC4K dataset [8]. Our SAE-Net achieves superior

performance with competitive model complexity.

3) Model Complexity Comparison: To evaluate the model
complexity of our SAE-Net, we compare it with 15 open-
source models using a unified test code, including model
parameters and multiply–accumulate operations (MACs).
As shown in Fig. 8, our SAE-Net achieves superior perfor-

TABLE II
BDE RESULTS OF SOTA METHODS

Fig. 9. Boundary visual comparison with SOTA methods. Our model
generates more complete and detailed boundaries.

mance on the largest NC4K test set and is more lightweight
than the top-performing MSCAF-Net [32], MRR-Net [28],
SegMaR [33], and BGNet [35]. Compared with BSA-Net [36],
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TABLE III
COMPARISON WITH TRANSFORMER-BASED METHODS. † DENOTES THE RESULTS ARE DIRECTLY

CITED FROM THE ORIGINAL PAPERS. † DENOTES THE RESULTS ARE UNAVAILABLE

which has a comparable model complexity, our model outper-
forms it on NC4K by 2.5% in terms of Fw

β . The above analysis
indicates the efficiency of our method.

4) Boundary Comparison: We compare our SAE-Net with
representative boundary-related methods, i.e., BGNet [35],
R-MGL [34], BSA-Net [36], and FAP-Net [25]. For a
fair comparison, the boundary maps of these methods are
generated by their source codes released by the authors.
Following [92], [93], the boundary displacement error (BDE)
is adopted to evaluate the precision of boundaries. The smaller
the BDE, the better the result. The quantitative results are
listed in Table II. It can be observed that our SAE-Net achieves
superior performance. As shown in Fig. 9, we visualize the
boundaries. It can be observed that BSA-Net [36] roughly
locates coarse object contours, while FAP-Net [25] acts more
like a general edge extractor. Compared with BGNet [35] and
R-MGL [34], our model generates more intact and continuous
edges.

D. Adaptability to Transformer Architecture
Vision transformer [84] has shown strong capability in

modeling long-range dependencies and exhibited remarkable
aptitude in COD task [64], [90]. To validate the effectiveness
of our key components for the transformer architecture, we uti-
lize the improved pyramid vision transformer (PVTv2) [91] as
backbone, which is also adopted in [32] and [87]. We compare
our model with eight transformer-based SOTA methods, i.e.,
DITNet [83], LSR+ [90], PUENet [20], MSCAF-Net [32],
FSPNet [80], OPNet [85], JCNet [81], and UEDG [87].

The experimental results are listed in Table III. We report
the mean and the standard deviation of the metrics over
three independent trials. It can be observed that our model
achieves comparable performance compared with SOTA meth-
ods, which indicates the generality of our proposed framework
for the transformer architecture. Visual comparisons are shown
in Fig. 10. Several challenging scenarios are included, i.e.,
complex structure (row 1), high similarity with background
(row 2), multiple objects (row 3), small objects (row 4),
occlusion (row 5), and low illumination (row 6). It can be
observed that our model achieves superior performance in the
above challenging scenarios.

E. Ablation Study
To comparatively discuss the effects of the different com-

ponents in our SAE-Net, we perform ablation analysis on
COD10K [2] and NC4K [8] datasets.

Fig. 10. Visual comparison with SOTA transformer-based methods.

TABLE IV
EFFECTS OF THE MAIN COMPONENTS

1) Effects of the Main Components: Our model consists of
three key parts, i.e., WDSA, DEMS, and EBM. We conduct
ablation studies on the three main components, and the results
are shown in Table IV. We remove each of the three key parts
from the final model (d), and get (a), (b), and (c), respectively.
It can be observed that the performance will decrease with
the removal of any module, indicating the effectiveness of the
three components.

2) Effects of the WDSA: The ablation study results of
WDSA are shown in (a)–(g) of Table V. (a) and (b) denote
removing ILS and ILF from WDSA, respectively. (c) and (d)
represent replacing SE [59] blocks in ILS with the widely used
bottleneck attention module (BAM) [94] and convolutional
block attention module (CBAM) [95], respectively. (e) denotes
replacing our WDSA with a dense connection, which is a
common feature aggregation strategy. To explore the necessity
of fusing all level features at each scale, we conduct the
following experiments. (f) represents replacing our WDSA
with adjacent two-level fusion method, namely cross-level
feature fusion (CLFF), proposed in [25]. (g) denotes using the
three-level fusion in WDSA instead of the five-level fusion.
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TABLE V
ABLATION STUDIES OF THE WDSA, DEMS, AND EBM

Fig. 11. Performance and parameter comparison of different Cm and
Caux. The performance is measured using the E-measure (Eφ) on the
NC4K dataset [8]. The model circled in red is our final model.

Seeing the results of (a) and (b), removing ILS or ILF in
WDSA causes a performance degradation compared with (q),
indicating the effectiveness of both ILS and ILF. The result
of (q) is slightly higher than (c) and (d), so we choose SE
block in ILS. Compared with (e), (f), and (g), our WDSA
module outperforms the other multilevel fusion strategies. This
demonstrates the effectiveness of our WDSA strategy. The
performance of (f), (g), and (q) gradually increases, indicating
the effects of integrating more level features at each decoding
scale.

3) Chosen of Cm and Caux in WDSA: Directly fusing low-
and high-level features could lead to redundancy. Hence,
selecting prominent information from multilevel features is
crucial for ensuring efficiency. In Fig. 11, we compare per-
formance and model parameters across different Cm and Caux.
Here, we test Cm ∈ {64, 32, 16, 8, 4} and vary Caux from
4 to Cm for each Cm . Observations indicate a declining
performance trend as Caux decreases for each Cm . When Cm >

16, the decline is relatively gradual; however, for Cm ≤ 16,
the performance drops significantly. This suggests redundancy
in numerous feature channels, but excessive information loss
leads to a notable performance degradation. Considering both
performance and model parameters, we choose Cm = 32 and
Caux = 8 as our final model, which balances between the
richness of multilevel features and parameter efficiency.

Fig. 12. Samples that are selected based on the weights assigned
by the WDSA modules. These samples are taken from the test set of
the COD10K [2] dataset. “5-4-3” means that WDSA modules assign
the three largest weights to the fifth-, fourth-, and third-level features.
We can observe that our model more emphasizes on high-level features
in images with higher visual camouflage levels.

4) Exploration of Multilevel Weights in WDSA: To explore
the relationship between multilevel features and camouflaged
objects, we visualize the weights of WDSA modules. To obtain
the weights of the five-level features assigned by our model,
we average the learned weights of the five WDSA modules for
each input image. We obtain the weights of the images in the
test set of the COD10K [2] dataset and find that the model’s
dependence on different level features is related to the visual
camouflage level of the input image. We present some samples
in Fig. 12, where “5-4-3” denotes that the top three weights are
assigned to the fifth-, fourth-, and third-level features. We can
observe that our model pays more attention to high-level
features in images with higher visual camouflage levels.
This observation might be explained as follows. Intuitively,
objects with lower camouflage levels typically exhibit more
noticeable texture and color disparities compared to their sur-
rounding environment. As low-level features encapsulate rich
texture and color characteristics, they may be more effective
in detecting objects with lower camouflage levels. Con-
versely, objects with higher camouflage levels often lack clear,
salient features, making them more difficult to detect. The
subtle traces that render camouflaged objects detectable typ-
ically manifest in specific regions. Uncovering these nuances
may require higher-level features with a broader contextual
understanding.

To further investigate the above observation, we conduct
experiments on the CAM-FR [8] dataset. It consists of
2280 images with camouflaged object ranking annotations and
encompasses three levels of camouflage, i.e., hard, median, and
easy. For each image of a specific camouflage level, we count
the occurrence of the most attended features and apply softmax
operation to the statistical results. The results, as shown in
Fig. 13, represent the distribution of the network’s average
dependence on the five-level features when detecting samples
of different camouflage levels in the CAM-FR [8] dataset. Our
results indicate that, for images with hard camouflage, the
WDSA modules assign large weights to high-level features
such as the fourth and fifth levels, suggesting that our model
relies more heavily on these features to detect highly camou-
flaged objects. In contrast, for images with easy camouflage,
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Fig. 13. Visualizations of the weights assigned by the WDSA modules
to the five-level features on the CAM-FR [8] dataset, which consists of
images with three camouflage levels. It shows the average dependence
of the five-level features for detecting images with different camouflage
levels. It can be observed that our method focuses on high-, middle-, and
low-level features for the images of hard, median, and easy camouflage,
respectively.

Fig. 14. Visualizations of the WDSA module. {Fi}
5
i=1 denotes the

five-level backbone features. {FWDSA
i }

5
i=1 indicates the outputs of the five

WDSA modules.

our model emphasizes on low-level features. While for images
with median camouflage, the third-level feature is assigned the
largest weight by the WDSA modules, and all five weights
fall between those assigned for images with hard and easy
camouflage.

The above observations and analysis demonstrate that our
WDSA modules can adaptively fuse the multilevel features
according to different scenes. This aligns well with our initial
design intentions. Also, our visualization results reveal the cor-
relation between multilevel features and different camouflage
levels. This study might offer valuable insights for addressing
the camouflaged object ranking task closely associated with
camouflage levels, as well as designing multilevel aggregation
structures tailored for COD models in specific scenarios.

5) Visualizations of the WDSA: To illustrate the adaptive
aggregation of multilevel semantics by our WDSA mod-
ule, we visualize the corresponding features in Fig. 14.
It can be observed that low-level backbone features (e.g.,
F1) contain rich texture cues but lack camouflage semantics,
whereas high-level backbone features (e.g., F5) contain coarse

Fig. 15. Visualizations of the DEMS module. The third–fifth columns
show the detection results of our model, our model without AConv, and
our model without DEMS, respectively. The sixth to eighth columns show
the results of replacing DEMS with ASPP [63], RFB [1], and ERF [32].

Fig. 16. Feature visualizations of the EBM. The third to sixth columns
show the visualizations of the foreground (Ff

i ), background (Fb
i ), bound-

ary (Fe
i ), and enhanced features (FEBM

i ) of the EBM.

location information but lack object details. After aggregating
multilevel semantics through the WDSA module, low-level
features can focus more on camouflaged object regions, while
high-level features can utilize texture and shape cues to
achieve more accurate location. This demonstrates that our
WDSA module can adaptively aggregate multilevel semantics
at different decoding scales, thereby sufficiently enhancing the
original backbone features.

6) Effects of the DEMS: The ablation study results of DEMS
are shown in (h)–(l) of Table V. We provide five different
variants: (h) removing the DConv branch in the DeConv;
(i) removing the AConv branch in the DeConv; (j), (k), and
(l) denote replacing the DEMS with the ASPP [63], ERF [32],
and RFB [1], respectively. Comparing the results of (h), (i),
and (q), removing either DConv or AConv in the DeConv
leads to performance degradation, and removing DConv leads
to a more substantial performance decline. It suggests that
multiscale contexts are useful for COD, and AConv can
complement DConv by providing detailed clues to enhance
COD performance. Seeing the results of (j), (k), (l), our
DEMS module outperforms existing multiscale modules, i.e.,
ASPP [63], ERF [32], and RFB [1]. This is primarily attributed
to the enhancement of local detailed information. The ASPP
and RFB use multiple DConvs with different dilation rates, but
lack detailed information that may contain subtle camouflaged
clues. The ERF module only adopts a dilation rate of 3,
while our DEMS module adopts multiple dilation rates and
interacts contexts between multiscale branches to obtain richer
multiscale features.

7) Visualizations of the DEMS: Visualizations of the DEMS
module are shown in Fig. 15. Comparing the results of our
model and “w/o AConv,” our model generates finer object
structures, indicating that AConv can complement diluted mul-
tiscale features with subtle details. Compared with ASPP [63],
RFB [1], and ERF [32], our predictions contain clearer detailed
structures as shown in the red boxes. This indicates that our
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TABLE VI
QUANTITATIVE COMPARISON WITH SOD METHODS

Fig. 17. Qualitative comparison with SOD methods.

DEMS module can capture finer details than these multiscale
modules.

8) Effects of the EBM: The ablation study results of EBM
are shown in (m)–(p) of Table V. To evaluate the effects of the
EKGBL and GAF modules in EBM, we provide two variants:
(m) EBM without the EKGBL and (n) EBM without the GAF
modules. Also, we replace our EBM with existing boundary
learning and fusion modules, i.e., MECSA [39] and SEA [36],
and get the model (o) and (p), respectively. Comparing the
results of (m) and (q), removing EKGBL causes a significant
drop of 1.1% and 0.9% in terms of the Fw

β on COD10K and
NC4K, respectively. This demonstrates that generating bound-
ary semantics through explicit boundary knowledge guidance
is beneficial for COD. Seeing the results of (n), removing
GAF modules leads to a decrease in performance, indicating
the effectiveness of the GAF module. It can be observed that
our model outperforms (o) and (p), indicating the effectiveness
of our EBM module.

9) Visualizations of the EBM: To visually showcase the
functions of the EBM module, we conduct feature visual-
izations as shown in Fig. 16. It can be observed that the
foreground (col. 3) and background (col. 4) features focus
on different but complementary regions when the boundary
(col. 5) is accurately detected. This indicates that the EKGBL
can distinguish the foreground and background features, and
further obtain accurate boundary features from them. The
restoration of omission areas (row 1) and more highlighted
boundaries (row 2) in the enhanced features (col. 6) show more
accurate detection results compared to the original foreground
feature (col. 3). This indicates that the proposed GAF module
can effectively fuse image and edge features.

V. APPLICATION TO SOD
SOD aims to detect the most visually distinctive objects

from a given image and has gained great attention from

Fig. 18. Some failure cases of our model and SOTA methods. The
extremely challenging scenes include objects with transparent regions
(row 1) and salient distraction (row 2).

computer vision community. In this experiment, we show
the effectiveness of our proposed method in SOD. Follow-
ing [22], three widely used metrics are adopted, i.e., the
maximum F-measure (Fβ), MAE (M), and the structure-
measure (Sα). We train our SAE-Net with Res2Net-50 [53]
backbone on DUTS-TR [96], and test on DUTS-TE [96],
DUT-OMRON [97], ECSSD [98], and HKU-IS [99]. We com-
pare our SAE-Net with eight SOTA SOD methods, i.e.,
LDF [100], DCNet [101], PurNet [102], PDRNet [103],
DNA [104], TCRNet [105], PoolNet+ [22], and ICON-R
[106]. The quantitative and qualitative comparison results are
shown in Table VI and Fig. 17, respectively. It can be seen that
our SAE-Net achieves competitive performance against SOTA
SOD methods. This demonstrates that our proposed method
can be well generalized to the SOD task.

VI. LIMITATIONS AND FUTURE WORK

We present some failure cases of our SAE-Net and SOTA
methods in Fig. 18. These cases are mainly caused by two
extreme challenging scenes, i.e., objects with transparent
regions (row 1) and salient distraction (row 2). In the first
row, it is difficult to completely segment the transparent
wings of the dragonfly. The transparent nature of transpar-
ent parts causes them to blend with the background, while
the appearance of their internal regions varies with different
scenes. This makes them hard to detect by methods relying on
RGB modality. In the second row, there are salient distracting
objects in the background, and existing models tend to segment
the salient objects. Since current COD methods are typically
trained with camouflaged annotations, it may be difficult for
them to deeply understand the essential differences between
saliency and camouflage. The presence of both camouflaged
and salient objects in the scene may lead to incorrect detection.
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To address the limitations, future work can focus on the
following two aspects. First, the multimodality learning might
be helpful to detect transparent objects and parts. For exam-
ple, the polarization cues contain intrinsic information about
objects with different material properties. It has shown effec-
tiveness for detecting transparent glasses [107]. Second, the
joint training of camouflaged and salient data might help the
model deeper understand the content of an image, facilitating
both COD and SOD tasks. Therefore, in future work, we will
further improve our method by introducing multimodality
learning and the joint learning of both camouflaged and salient
data.

VII. CONCLUSION

In this article, we propose a weighted dense SAE-Net for
COD. Specifically, the WDSA module adopts ILS and ILF
steps to sufficiently aggregate multilevel semantics at each
decoding scale. The DEMS module further exploits refined
multiscale features. The EBM module incorporates explicit
boundary knowledge guidance into boundary learning and
enhances the feature representation with edge cues. Extensive
experiments demonstrate that our model achieves competi-
tive performance against SOTA methods on both CNN- and
transformer-based architectures. Simultaneously, the analysis
of WDSA modules’ weights suggests that the network relies
more on higher-level features to detect camouflaged objects
with higher camouflage levels. Visualizations indicate the
superior performance of our model on various challenging
scenarios. Ablation studies further demonstrate the effective-
ness of the main components. In the future, we plan to
introduce multimodality learning and the joint learning of both
camouflaged and salient data to address the failure cases.
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