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Abstract—Camouflaged Object Detection (COD) involves pre-
cisely segmenting objects, which are seamlessly blended into the
surroundings, due to the similarities between the surroundings
and them in color, texture and other camouflaging techniques.
To address the challenges that such similarities pose, distraction
mining approaches have been proposed. However, they normally
struggle with boundary delineation and extraction of relevant
features. To get rid of this dilemma, we introduce a Boundary-
Aware Distracted Attention Network (BADANet), which exploits
both the boundary cue and the distraction mining strategy.
Specifically, we first use a pre-trained network as the encoder
for feature extraction. Then the features extracted are sent to
a Boundary Shrinking Module (BSM) that we design. After the
output is processed by a Multiple Dense Atrous Spatial Pyramid
Pooling (MDASPP) module, a boundary map is produced. Given
an encoder block, the features extracted are also fed into a Multi-
Branch Bidirectional Fusion Block (MBBFB), which performs
the bidirectional fusion at the channel dimension, followed by
the multiple fusion conducted at the spatial dimension via an
individual MDASPP module. We further propose a Boundary-
Aware Distracted Attention (BADA) block, which receives both
the features fused and the boundary map. With regard to the
encoder blocks, a series of BADA blocks are comprised of
a distracted attention decoder. Finally, the detection mask is
generated by the last BADA block. We have conducted a series of
experiments on four popular COD data sets. Experimental results
demonstrate that the proposed BADANet normally outperforms
18 baseline methods. These promising results should be due to the
boundary-aware distracted attention mechanism that we design.1

Impact Statement—Distraction mining has been applied to the
field of Camouflaged Object Detection (COD), which aims to
separate the foreground from the background of an image for
feature extraction and coding individually. However, the majority
of existing distraction mining methods ignored the boundary
characteristics of objects and did not use the global attention
mechanism. In contrast, the BADANet that we propose overcomes
this problem by introducing a Boundary-Aware Distracted At-
tention (BADA) mechanism. Experimental results show that the
proposed method normally performs better than 18 baselines on
four publicly available COD data sets. It is suggested that our
method is competent for the COD task. In addition, this method
can be potentially used for other subtle visual anomaly detection
tasks, such as defect detection and lesion detection.

Index Terms—Camouflaged object detection, object detection,
distraction mining, boundary-aware, pyramidal vision trans-
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Fig. 1. Visual comparison of the results of three COD approaches in two
scenes with blurred boundaries. Here, “-P” means that PVTv2 [19] was used
as the backbone. Compared with the recently developed PUENet [20] and
CamoFormer [21], which were also designed on top of distraction mining,
our approach distinguishes the boundaries more accurately and achieves the
finer object segmentation.

former.

I. INTRODUCTION

CAMOUFLAGED Object Detection (COD) [1], [2], [3],
[4] aims to discern objects which are concealed in the

challenging conditions, where the color, texture and patterns
of the object closely resemble those of the surroundings. In
contrast to conventional object detection [5], [6], [7], [8],
[9], COD normally encounters the greater challenge because
the process of camouflaging enables objects to be seamlessly
integrated into the surroundings which results in the indis-
tinct boundaries and foreground-background confusion phe-
nomenon [10]. Due to the similarity between the foreground
and background in a camouflaged image, COD has also been
widely utilized in various domains with the analogous data
characteristics, such as polyp segmentation [11], lung infection
segmentation [12], product defect detection [13], visual object
tracking [14] and pest detection [15].

Many recent studies have been delved into the application of
deep learning methods [16], [3], [17] to COD. To overcome
the challenge of the highly similar camouflaged foreground
and the background, an increasing number of studies were
performed on top of the distraction mining strategy [2], [18],
which was designed to extract the features of the camou-
flaged foreground and the background separately. Although
these studies achieved promising results, accurately detecting
objects with the complex scene and intricate shapes remains
challenging (see Fig. 1).

This dilemma should be attributed to two significant issues
that current distraction mining methods normally encounter.
First, the extraction method of distraction features is rela-
tively simple, which only focuses on local features and lacks
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global attention. Second, the boundary cue of an object is
often neglected during the distraction process, leading to the
ambiguous boundary captured by the model.

To get out of the dilemma, we propose a Boundary-Aware
Distracted Attention Network (BADANet) on top of both
the boundary cue and the distraction mining strategy. Given
a camouflaged object, this network can not only explicitly
detect the boundary of this object but also implicitly refine
the segmentation mask of it during the distraction mining
process. To be specific, a pre-trained network is used as the
encoder for feature extraction. The features extracted are fed
into a Boundary Shrinking Module (BSM) that we design in
order to accurately detect the boundary of an object. We also
propose a Multiple Dense Atrous Spatial Pyramid Pooling
(MDASPP) module. Since this module constructs a series of
spatial pyramids from the features received, the more precise
and detailed feature representation can be derived, which is
useful for segmenting objects within the complex scene. The
output of the BSM is then processed by an MDASPP module
and the result is a boundary map.

Regarding an encoder block, the features extracted are also
sent to a Multi-branch Bidirectional Fusion Block (MBBFB)
for the purpose of obtaining the richer feature representation.
This module fulfills the bidirectional fusion at the channel
dimension. The multiple fusion is then performed at the spatial
dimension through a single MDASPP module. To leverage
the attention mechanism to bolster the mining of distraction
features and refine the foreground and background features
extracted during the distraction process, we further propose a
Boundary-Aware Distracted Attention (BADA) block. In terms
of the encoder blocks, a series of BADA blocks are used,
which are comprised of a distracted attention decoder. Each
BADA block receives both the features fused and the boundary
map. In particular, the boundary data is used to refine the
foreground and background masks of the object during the
distraction process. As a result, the boundary of the object
in the feature maps is explicitly strengthened. Finally, the
detection mask is generated by the last BADA block.

To our knowledge, the COD task has not been performed
using such a boundary-aware distracted attention network. The
contributions of this study can be summarized as threefold.

1) We introduce a Boundary-Aware Distracted Attention
Network (BADANet) by jointly exploiting both the
boundary cue and the distraction mining strategy. As a
result, the foreground and background can be segmented
with the fine boundary.

2) We propose a Boundary Shrinking Module (BSM),
which can be used to extract the boundary of the camou-
flaged object. The boundary can be further injected into
the Boundary-Aware Distracted Attention (BADA) block
that we design. This block utilizes both the boundary
information and the features extracted using the encoder
during the distraction mining process. Consequently, the
segmentation precision of the foreground from the back-
ground can be enhanced even objects are camouflaged
within the surroundings.

3) We have conducted extensive experiments on four pub-
licly available COD data sets. The results provide the

community with a set of new benchmarks.
The rest of this paper is arranged as follows. We review

the related work in Section II. Then the proposed network is
introduced in Section III. The experimental setup and results
are reported in Section IV. Finally, we draw our conclusion in
Section V.

II. RELATED WORK

A. Camouflaged Object Detection

The conventional COD methods [22], [23] normally accom-
plished the segmentation of camouflaged objects by investigat-
ing and devising effective hand-crafted features which were
used to distinguish camouflaged objects from the background.
These methods achieved favorable results in straightforward
scenes, but usually exhibited significant performance deterio-
ration when confronted with intricate scenes.

With the rapid development of deep learning techniques,
many COD methods were introduced based on deep learning
in recent years. Inspired by the biological process of predators
prey on prey, Fan et al. [1] proposed a two-stage search-
identification COD method and introduced a large COD data
set, namely, COD10K. Lv et al. [24] investigated the level of
camouflage through localization and ranking and published a
data set, i.e., NC4K. Both the data sets greatly promoted the
development of the deep learning-based COD methods.

Sun et al. [25] introduced object boundary cues and used
boundary semantics to force the model to highlight the bound-
ary structural features of the camouflaged object. In [26], Qin
et al. directed the model to implicitly focus on the boundary
information of the camouflaged object through designing a
composite loss function. To provide supervision on the texture
branch, Ji et al. [17] constructed object-level gradient labels,
enabling the model to focus on extracting the richer feature
information from gradients.

In [3], Pang et al. used the image at multiple scales as
the input to improve detection accuracy. Zhong et al. [27] in-
corporated the frequency domain feature information in order
to extract the clues of camouflaged targets in the frequency
domain. Feature alignment was also used to integrate the
spatial and frequency domain features. For the purpose of
mining subtle cues which can be used to distinguish the
foreground from the background, He et al. [10] decomposed
the features of the foreground and background into different
frequency bands using learnable wavelets.

B. Vision Transformer

Transformer [28] was initially developed for Natural Lan-
guage Processing (NLP) tasks. Then it attracted the attention
from researchers in the field of computer vision. For example,
DEtection TRansformer (DETR) [29] and Vision Transformer
(ViT) [30] incorporated the self-attention mechanism into
object detection and image classification tasks, respectively.
Consequently, Transformer was widely applied to various
vision tasks, including image classification [31], [32], object
detection [33], semantic segmentation [34] and object tracking
[35].
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Recently, ViT has also been extensively used in the task
of COD. Yang et al. [36] utilized uncertainty within the
Transformer framework in order to guide the attention of the
model towards areas of the higher uncertainty. In [37], Zhang
et al. used Transformer to progressively refine high-level
semantic features extracted using the Res2Net [38] backbone.
Liu et al. [39] designed a dual-task Transformer network
which encoded the camouflage foreground and background
separately, enabling the two tasks to interact.

Song et al. [40] employed SwinTransformer [31] as the
backbone and devised a coarse-to-fine two-stage focus scan-
ning network. Hu et al. [41] adopted PVT [32] as the backbone
and used a cyclic iterative refinement method to fuse features.
In [20], Zhang et al. built a combined encoder on top of the
CNN and Transformer for estimating uncertainty. To progres-
sively aggregate neighboring Transformer features, Huang et
al. [16] designed a layer-by-layer shrinking pyramid decoder.

C. Distraction Mining Strategy

The distraction mining strategy [2] aims to separate the
foreground and background of an image and separately encode
the features to strengthen the ability of the model for the sake
of distinguishing between the foreground and background. As
a result, this strategy is able to alleviate the heterogeneous
interference in the foreground or background more accurately.
Due to the high similarity between the camouflaged object and
the background, the distraction mining strategy has achieved
promising results in the COD task.

Mei et al. [2] distracted the high-level prediction map by
multiplying the inverse with the current layer features and sub-
sequently utilized simple addition and subtraction to suppress
both the false positive interference in the foreground and the
false negative interference in the background. To address the
issue of feature confusion which might arise from the sim-
ple multiplication during the distraction process, the reverse
feature map was inserted into the feature group of the current
layer for feature fusion [18]. Zhu et al. [42] used the distraction
mining strategy to highlight the camouflaged object boundary.
The channel attention was used to fuse distraction features on
top of the boundary information. In [21], three multi-head self-
attention, together with different masking strategies, were used
to model the global, foreground and background characteristics
of a camouflaged image, respectively.

III. BOUNDARY-AWARE DISTRACTED ATTENTION
NETWORK

In this section, we first present the overall architecture of
the proposed Boundary-Aware Distracted Attention Network
(BADANet). Then we introduce each module of the BADANet
and the loss function in detail.

A. Overview of the BADANet

The architecture of the proposed BADANet is illustrated in
Fig. 2, which consists of an encoder, a boundary decoder, a
feature refinement module and a distracted attention decoder.
In particular, the pre-trained PVTv2 network [19] is used as the

backbone of the encoder. Given an image, I∈R3×H×W , which
contains at least a camouflaged object, it is first fed into the
backbone network. The result is five sets of features, denoted
as { f t

i }5
i=1. Then these features are sent to the boundary

decoder and the feature refinement module simultaneously.
The former aims to acquire the intermediate boundary and the
boundary-related feature representation. On the other hand,
the latter produces the richer multi-level feature representa-
tion. The features produced together with the output of the
boundary decoder are further fed into the distracted attention
decoder. Finally, camouflaged objects are segmented from the
background boosted by the boundary information.

B. Encoder

We use the pre-trained PVTv2 network [19] as the backbone
of the encoder. Given an image I ∈ R3×H×W , it is passed
through the four blocks of the backbone, in which the resolu-
tions of feature maps are H

4 ×
W
4 , H

8 ×
W
8 , H

16 ×
W
16 and H

32 ×
W
32 ,

respectively, and four sets of features are extracted at these
blocks. The numbers of channels of the four sets of features
are 64, 128, 320 and 512, respectively.

To reduce the computational cost of following operations,
the four sets of features are sent to four CBR blocks, re-
spectively, each of which comprises a 3×3 convolution, a
batch normalization layer and an ReLU activation function. In
particular, the feature maps extracted at the first PVTv2 block
are also upsampled to the size of H

2 ×
W
2 and are fed into an

additional CBR block. As a result, the number of channels of
the feature maps produced by the five CBR blocks is reduced
to 64. In total, five sets of features are obtained, denoted as
{ f t

i }5
i=1.

C. Boundary Decoder

The boundary decoder receives the five sets of features
generated by the encoder. It consists of a Boundary Shrinking
Module (BSM), a Multiple Dense Atrous Spatial Pyramid
Pooling (MDASPP) block and a CBR block. The output
of the boundary decoder contains the boundary map of the
camouflaged image and the boundary-related features.

1) Boundary Shrinking Module: In the existing studies [25],
[10], [20], [42], it has been demonstrated that the boundary cue
is useful for boosting the performance of the COD approaches.
We are motivated to design a Boundary Shrinking Module
(BSM), as shown in Fig. 3, to obtain the boundary of objects
and generate the corresponding boundary features.

Since the boundary detection task usually encounters the
class imbalance issue, it is unavoidably influenced by the
heterogeneous non-boundary information during the decoding
process. Inspired by the SINetV2 [18], we use the element-
wise multiplication in the hierarchical connections to alleviate
the heterogeneous effect. Considering that high-resolution low-
level features encode the shape characteristics of objects,
which complements high-level features, the BSM not only
fuses high-level features but also fuses low-level features. In
contrast, only high-level features were used in the SINetV2.
In terms of the five sets of features extracted at the encoder,
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Fig. 2. Overview of the proposed Boundary-Aware Distracted Attention Network (BADANet).
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Fig. 3. The detailed structure of the Boundary Shrinking Module (BSM).

five different boundary maps, denoted as {b1
i }5

i=1, are pro-
duced, respectively. The boundary extraction operation can be
expressed as

b0
1 =CBR( f t

1)⊙ f t
1, b0

1, f t
1 ∈ R64×256×256, (1)

b0
5 =CBR( f t

5)⊙ f t
5, {b0

5, f t
5} ∈ R64×16×16, (2)

b0
2 =CBR(Down(b0

1))⊙ f t
2, {b0

2, f t
2} ∈ R64×128×128, (3)

b0
4 =CBR(U p(b0

5))⊙ f t
4, {b0

4, f t
4} ∈ R64×32×32, (4)

b0
3 =CBR(U p(b0

4))⊙CBR(Down(b0
2))⊙ f t

3,

{b0
3, f t

3} ∈ R64×64×64.
(5)

where Down(·) and U p(·) stand for the 2× downsampling and
upsampling operations, respectively, ⊙ indicates the element-
wise multiplication, and CBR(·) denotes the CBR block which
consists of a 3×3 convolution, a batch normalization layer and
an ReLU activation function.

Then we aggregate two low-resolution boundary maps, b0
1

and b0
2, and two high-resolution boundary maps, b0

4 and b0
5, into

two medium-resolution boundary maps, b1
2 and b1

4, separately.
This process can be expressed as

b1
2 =CBR(Cat(CBR(Down(b0

1)), b0
2)),

b1
2 ∈ R64×128×128,

(6)

b1
4 =CBR(Cat(CBR(U p(b0

5)), b0
4)),

b1
4 ∈ R64×32×32,

(7)

where Cat(·) represents the concatenation operation along the
channel dimension. Finally, b1

2 and b1
4 are aggregate into a

single boundary map, b1
3, which can be formulated as

b1
3 =CBR(Cat(CBR(Down(b1

2)), b0
3, CBR(U p(b1

4)))),

b1
3 ∈ R64×64×64.

(8)
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2) Multiple Dense Atrous Spatial Pyramid Pooling: Due
to the high similarity between camouflaged objects and the
background, detection of the scale change of these objects is
challenging. In this situation, it is important to encode the
characteristics of different spatial scales for the purpose of
capturing the scale change of the camouflaged objects. Al-
though Atrous Spatial Pyramid Pooling (ASPP) [43] employs
a series of convolutions with varying dilation rates in order
to acquire the image characteristics at disparate spatial scales,
it lacks connections among the features extracted. In contrast,
Dense Atrous Spatial Pyramid Pooling (DASPP) [44] further
refines the receptive field by establishing dense connections in
order that the features of different scales extracted using ASPP
are linked. However, it put the less emphasis on the features
extracted using low-dilation convolutions.

To address the above-mentioned issues, we propose a
Multiple Dense Atrous Spatial Pyramid Pooling (MDASPP)
block. As depicted in Fig. 4, this block uses an additional
set of interconnected dilated convolutions to build multiple
pyramids. Specifically, we first take b1

3 as input and use a set
of interconnected dilated convolutions to extract five sets of
features at five different spatial scales, which are denoted as
{ f p0

j }5
j=1, respectively. This process can be expressed as

(C,H,W ) = shape(x), x ∈ {b1
3, f m

i }, (9)

f p0
1 = DCBRd=1(b1

3), f p0
1 ∈ RC×H×W , (10)

f p0
j+1 = DCBRd=di( f p0

j ), f p0
j+1 ∈ RC×H×W , (11)

where DCBR(·) contains a 3×3 dilated convolution, a batch
normalization layer and an ReLU activation function and di ∈
{2,3,5,7} within DCBR(·) denote different dilation rates.

Then we use a second set of interconnected dilated convo-
lutions to densely connect these feature sets and build a series
of pyramids with regard to all the convolutions with different
expansion rates. Furthermore, a set of features are obtained

CBR
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C

C
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C

C

CBR

CBR

CBR

CBR

CBR

C

C

C

CBR

CBR

CBR

CBR CBR
C

CBR

C

Conv2d - BN - ReLU

Concatenation

Upsampling

Downsampling

Fig. 5. The detailed structure of the Multi-Branch Bidirectional Fusion Block
(MBBFB).

by shrinking the pyramid features, denoted as { f p1
j }5

j=1. This
process can be formulated as

f p1
1 = DCBRd=1(Cat({ f p0

j }
5
j=1)),

f p1
1 ∈ RC×H×W .

(12)

f p1
j+1 = DCBRd=di(Cat({ f p1

k }
j
k=1, { f p0

k }
5
k= j+1)),

f p1
j+1 ∈ RC×H×W .

(13)

To obtain the multi-scale features, these features are finally
fused as

bp
3 = DCBRd=1(Cat({ f p1

j }
5
j=1)),

bp
3 ∈ RC×H×W .

(14)

As a result, the proposed MDASPP produces the more dis-
criminant feature representation.

D. Feature Refinement Module

To derive the more detailed features for the subsequent
distraction mining process, we further refine the preliminary
features extracted using the encoder. The feature refinement
module is fulfilled in two stages. First, the refinement oper-
ation along the channel dimension is implemented using a
Multi-Branch Bidirectional Fusion Block (MBBFB) that we
design. Second, the refinement operation along the spatial
dimension is implemented using five parallel MDASPP in
terms of the five sets of features extracted using the encoder,
respectively.

1) Multi-branch Bidirectional Fusion Block: To jointly ex-
ploit the multi-scale features extracted using the encoder, we
design a Multi-branch Bidirectional Fusion Block (MBBFB),
as shown in Fig. 5. Each branch fuses the features in two
neighboring branches at the channel dimension. In essence,
the MBBFB plays the role of coarse decoding. In contrast
to the unidirectional fusion strategy, the bidirectional fusion
strategy can strengthen the low-resolution features which are
ignored in the unidirectional strategy.

Regarding the multi-scale features { f t
i }5

i=1, starting from
the branch with the highest resolution features, the MBBFB
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continuously fuses the features at the current branch with the
low-resolution features at the next branch through the down-
sampling and convolution operations. The number of channels
of low-resolution features are enlarged in this process. As a
result, a set of features { f m0

i }5
i=1 are produced. The above

process can be expressed as

f m0
1 = f t

1, f m0
1 ∈ R64×256×256, (15)

f m0
i+1 =CBR(Cat(Down( f m0

i ), f t
i+1)),

f m0
i+1 ∈ RCi+1×Si×Si , Ci+1 = 64(i+1),Si =

256
2i .

(16)

Beginning with the features of the lowest resolution,
MBBFB then fuses them with the high-resolution features at
the next branch via the upsampling and convolution operations.
During this process, the number of channels of the high-
resolution features is expanded. In terms of each branch, a
CBR block is further used to reduce the number of channels.
Finally, five sets of features are derived, which are denoted as
{ f m

i }5
i=1. The above process can be formulated as

f m
5 =CBR( f m0

5 ), f m
5 ∈ R64×16×16, (17)

f m
5−i =CBR(Cat(CBR(U p( f m0

5−i+1)), f m0
5−i)),

f m
5−i ∈ R64×Si×Si , Si = 16 ·2i.

(18)

The proposed MBBFB aggregates high-resolution features
and low-resolution features along the channel dimension. In
particular, it is focused on strengthening the low-resolution
features. Therefore, the richer multi-scale features can be
obtained using the MBBFB. Furthermore, as shown in Fig.
4, similar to bp

3 obtained in MDASPP, { f m
i }5

i=1 also mines
the feature information of different spatial scales through
MDASPP. Finally, five sets of feature { f p

i }5
i=1 are derived.

E. Distracted Attention Decoder

The distracted attention decoder comprises five Boundary-
Aware Distracted Attention (BADA) blocks. Each BADA
block integrates the boundary features and mask extracted
using the boundary decoder and the features produced by the
feature refinement module. Particularly, the attention mecha-
nism is used to strengthen the extraction of distraction features
for distraction mining. The decoding process starts with low-
resolution features and progressively performs the distraction
mining and upsampling operations. The final high-resolution
camouflaged object mask is produced by the last BADA block.

1) Boundary-Aware Distracted Attention: The feature fu-
sion processes used for the existing distraction mining ap-
proaches were normally developed based on the simplistic
addition, subtraction and group connection operations. In view
of the powerful feature extraction and fusion ability that the
Multi-head Self-attention (MHSA) mechanism [30] have man-
ifested, we propose a Boundary-Aware Distracted Attention
(BADA) mechanism, as shown in Fig. 6. In essence, the BADA
mechanism integrates the distraction mining strategy with the
self-attention mechanism. It employs the attention mechanism
in order to extract the distraction features. In addition, we
utilize the boundary mask and features to boost the distraction
process. As a result, the camouflaged object mask presents

· CBR CRA · CBR CRA

·
Addition

Element-wise Multiplication

Matrix Multiplication

Subtraction

CBR

R  MatrixTranspose
R

HW×C

C×HW

C×HW C×H×W

CBS

CRA

CBR

CBR

CBR CBR

CBR

CBR

CBS

Conv2d - BN - ReLU

Conv2d - BN - Softmax

Conv1d - BN - ReLU

CBR

CBR

Fig. 6. The detailed structure of the BADA block.

the finer boundaries after the distraction mining process is
complete.

To be specific, the input features { f p
i }5

i=1 are first fused
with the boundary features bp

3 extracted using the boundary
decoder. The resultant features is denoted as R1. Then, the
boundary mask Mbd extracted using the boundary decoder
is subtracted from the background mask Mbg obtained from
the prior prediction layer, to generate the boundary-aware
background mask Mba

bg . R1 are further multiplied with the mask
Mba

bg in the element-wise manner. Given that the query and key,
denoted as Qbg and Kbg, are derived from the product while
R1 is used as the value Vbg, the self-attention computation is
performed. The result is the refined features Abg. The above
process can be formulated as

(C,H,W ) = shape( f p
i ), (19)

R1 =CBR( f p
i +CBR(bp

3)), R1 ∈ RC×H×W , (20)

Mba
bg = Mbg−Mbd , Mba

bg ∈ RH×W , (21)

Qbg,Kbg =CBR(R1⊙Mba
bg), Qbg,Kbg ∈ RC×H×W , (22)

Vbg = R1, Vbg ∈ RC×H×W , (23)

Abg =CRA(Qbg, Kbg, Vbg), Abg ∈ RC×H×W , (24)

where ⊙ denotes the element-wise multiplication operation
and CRA(·) stands for the Convolution Refinement Attention
(CRA) block which refines the attention weights using addi-
tional convolutions based on the MHSA mechanism.

Subsequently, the subtraction operation is conducted on R1
and Abg and the result is R2. The foreground mask M f g derived
from the prior prediction layer is added with the boundary
mask Mbd . The result is a boundary-aware foreground mask
Mba

f g. The same computation is performed on both R2 and Mba
f g.

To derive the final features f a
i , the resultant features A f g are

added to R2.
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Algorithm 1 Illustration of the forward propagation process
of our BADANet.
Require: Input image I, model parameters θ

Ensure: Camouflaged object mask Ps
i , boundary map Pb

1: // Stage 1: Multi-scale feature extraction
2: { f t

i }5
i=1← PVTv2 Encoder(I)

3: // Stage 2: Boundary decoder
4: b1

3← BoundaryShrinkingModule({ f t
i })

5: bp
3 ←MDASPP(b1

3)
6: Mbd ← Sigmoid(Conv(bp

3))
7: // Stage 3: Feature refinement
8: { f p

i }5
i=1← FeatureRefinementModule({ f t

i })
9: // Stage 4: Distracted Attention Decoder

10: for i← 5 downto 1 do
11: f a

i ← BADA( f p
i ,b

p
3 ,Mprev,Mbd)

12: Mi← Sigmoid(Conv( f a
i ))

13: end for
14: // Stage 5: Output
15: {Ps

i }6
i=1← (Mi,Mprev)

16: Pb←Mbd
17: return (Ps

i ,Pb)

F. Loss Function

The loss function used for the proposed BADANet consists
of a segmentation loss function and a boundary detection loss
function. Following the existing studies [18], [17], [45], both
the weighted BCE loss Lw

BCE and the weighted IOU loss Lw
IOU

[46] are utilized as the segmentation loss function. In terms
of each BADA block, the two weighted loss functions are
added for the sake of enabling the model trained to pay more
attention to the global structure of the image and difficult
pixels [46]. In [10], [25], the dice loss function Ldice [47]
was used as the boundary loss function. Inspired by Lw

BCE and
Lw

IOU , we adapt a weighted dice loss Lw
dice and use it as the

boundary loss function. The combined loss function L can be
written as

L =
6

∑
i=1

(Lw
BCE(P

s
i , Gs

i )+Lw
IOU (P

s
i , Gs

i ))

+Lw
dice(P

b, Gb),

(25)

where {Gs
i}6

i=1 and Gb represent the sixsegmentation ground-
truth masks and the boundary ground-truth mask, respectively,
and {Ps

i }6
i=1 and Pb denote the corresponding six segmentation

masks and the boundary masks produced by the model,
respectively.

To facilitate a clearer understanding of our BADANet, the
forward propagation process is illustrated in Algorithm 1.

IV. EXPERIMENTS

In this section, we first elaborate the experimental setup,
including data sets, evaluation metrics and implementation
details. Then we compare the proposed method with 18 base-
line approaches quantitatively and qualitatively and perform
a series of analysis. Finally, we conduct an ablation study to
validate the effectiveness of the components of the BADANet.

A. Experimental Setup

1) Data Sets: We used four publicly available COD data
sets, including CAMO [52], CHAMELEON [53], COD10K
[1] and NC4K [24]. The CAMO data set comprises 1,250
camouflaged and 1,250 non-camouflaged images. Only 76
manually-annotated camouflaged images are contained in the
CHAMELEON data set. The COD10K data set consists of
5,066 camouflaged images, 3,000 background images and
1,934 non-camouflaged images. The NC4K data set comprises
4,121 camouflaged images. In accordance with the data split-
ting scheme used in the previous studies [1], [17], [3], a
training set was built on top of the 1,000 camouflaged images
in the CAMO [52] data set and the 3,040 camouflaged images
in the COD10K data set, while the remaining images in the
four data sets were utilized as the testing set.

2) Evaluation Metrics: Following the existing studies [40],
[16], [20], we used four commonly-used COD evaluation
metrics, including the structure measure Sα [54], mean F-
measure Fβ [55], mean E-measure Eφ [56] and mean absolute
error M.

3) Implementation Details: The proposed BADANet was
implemented using Pytorch. The pre-trained PVTv2 [19] was
used as the backbone network. We utilized the AdamW
optimizer [57] with the initial learning rate of 2.5e-5. The
learning rate followed a linear warm-up and linear decay
strategy. During the training process, the images were resized
to the resolution of 512×512 pixels. The random flipping and
rotation operations were employed for data augmentation. The
network was end-to-end trained for 80 epochs on a single
NVIDIA 3090 GPU. The batch size was set to 6.

B. Experimental Results

In this section, we report the results obtained using our
BADANet, along with 18 baselines, within the quantitative and
qualitative comparisons, robustness analysis, computational
complexity analysis and failure case analysis.

1) Quantitative Comparison: In Table I, the Sα , Fβ , Eφ

and M values obtained using the proposed BADANet, together
with 18 baselines, on the four COD data sets are presented.
As can be seen, our method normally outperformed its coun-
terparts across the four data sets no matter which data set was
used. Compared with PUENet [20], the average improvement
of our method on the four data sets in terms of the Sα ,
Fβ , Eφ and M metrics were 1.8%, 2.3%, 0.6% and 9.4%,
respectively. In contrast to FSNet [40] and HitNet [41], the
four values were 2.2%, 2.6%, 0.5% and 9.4%, and 3.0%,
2.6%, 1.6% and 20.9%, respectively. It should be noted that
PUENet [20] utilized the distraction mining strategy but did
not utilize the boundary cue. Although both FSNet [40] and
HitNet [41] employed multi-stage refinement approaches, they
did not exploit the distraction mining strategy. In contrast, the
proposed method jointly utilized both the boundary cue and
the distraction mining strategy.

2) Qualitative Comparison: The detection masks obtained
using the proposed BADANet and six state-of-the-art COD
methods are shown in Fig. 7. It can be observed that our
method produced the more accurate COD results on the large
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TABLE I
QUANTITATIVE COMPARISON BETWEEN OUR METHOD AND 18 BASELINE METHODS. THE TOP THREE RESULTS ARE INDICATED IN THE RED, GREEN

AND Blue FONTS, RESPECTIVELY.

Method Publication Backbone
CAMO-Test (250) CHAMELEON (76) COD10K-Test (2026) NC4K (4121)

Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓
SINet [1] CVPR2020 ResNet50 0.745 0.702 0.804 0.092 0.872 0.827 0.936 0.034 0.776 0.679 0.864 0.043 0.810 0.772 0.873 0.057

PFNet [2] CVPR2021 ResNet50 0.782 0.744 0.840 0.085 0.882 0.826 0.922 0.033 0.800 0.700 0.875 0.040 0.829 0.782 0.886 0.053

C2FNet [48] IJCAI2021 Res2Net50 0.796 0.762 0.854 0.080 0.888 0.844 0.935 0.032 0.813 0.723 0.890 0.036 0.838 0.795 0.897 0.049

UGTR [36] ICCV2021 ResNet50 0.784 0.686 0.859 0.086 0.888 0.796 0.918 0.031 0.817 0.667 0.853 0.036 0.839 0.786 0.875 0.052

LSR [24] CVPR2021 ResNet50 0.787 0.725 0.838 0.080 0.893 0.839 0.938 0.033 0.804 0.685 0.880 0.037 0.840 0.779 0.895 0.048

MGL-R [49] CVPR2021 ResNet50 0.775 0.726 0.812 0.088 0.893 0.834 0.918 0.031 0.814 0.711 0.852 0.035 0.833 0.782 0.867 0.053

SINetV2 [18] TPAMI2022 Res2Net50 0.820 0.782 0.882 0.070 0.888 0.835 0.942 0.030 0.815 0.718 0.887 0.037 0.847 0.805 0.903 0.048

PreyNet [50] ACM MM2022 Res2Net50 0.813 0.793 0.876 0.071 0.902 0.866 0.951 0.027 0.830 0.741 0.895 0.032 0.838 0.798 0.887 0.047

SegMaR [51] CVPR2022 ResNet50 0.815 0.795 0.874 0.071 0.906 0.872 0.951 0.025 0.833 0.757 0.899 0.033 0.841 0.821 0.896 0.046

BGNet [25] IJCAI2022 Res2Net50 0.812 0.789 0.870 0.073 0.901 0.860 0.943 0.027 0.831 0.753 0.901 0.033 0.851 0.820 0.907 0.044

BSANet [42] AAAI2022 Res2Net50 0.796 0.763 0.851 0.079 0.895 0.858 0.946 0.027 0.818 0.738 0.891 0.034 0.841 0.808 0.897 0.048

ZoomNet [3] CVPR2022 ResNet50 0.820 0.794 0.877 0.066 0.902 0.864 0.943 0.023 0.838 0.766 0.888 0.029 0.853 0.818 0.896 0.043

FEDER [10] CVPR2023 ResNet50 0.807 0.781 0.873 0.069 0.894 0.851 0.947 0.028 0.823 0.751 0.900 0.032 0.846 0.824 0.905 0.045

DGNet [17] MIR2023 EfficientNet 0.839 0.806 0.901 0.057 0.890 0.834 0.938 0.029 0.822 0.728 0.896 0.033 0.857 0.814 0.911 0.042

FSPNet [16] CVPR2023 ViT 0.856 0.830 0.899 0.050 0.914 0.879 0.960 0.022 0.851 0.769 0.895 0.026 0.879 0.843 0.915 0.035

PUENet [20] TIP2023 Res2Net50+ViT 0.877 0.860 0.930 0.045 0.910 0.869 0.957 0.022 0.873 0.812 0.938 0.022 0.898 0.874 0.945 0.028
FSNet [40] TIP2023 SwinT 0.880 0.861 0.933 0.041 0.905 0.868 0.963 0.022 0.870 0.810 0.938 0.023 0.891 0.866 0.940 0.031

HitNet [41] AAAI2023 PVT 0.849 0.831 0.906 0.055 0.921 0.900 0.967 0.019 0.871 0.823 0.935 0.023 0.875 0.853 0.926 0.037

BADANet Ours PVTv2 0.891 0.870 0.938 0.041 0.930 0.901 0.967 0.018 0.896 0.843 0.946 0.019 0.905 0.881 0.943 0.028

object (see Row 1), medium object (see Row 2) and small
object (see Row 3). This finding should be due to the multi-
scale feature fusion achieved by the multi-branch fusion and
the spatial scale feature mining used in our method. On the
other hand, our method also exhibited the finer boundary
localization and foreground-background discrimination ability
in the scenes with blurred boundaries (see Rows 4 and 5)
and the scenes with the highly similar colors and textures
between the foreground and background (see Rows 6 and
7). These advantages should be attributed to the injection of
the boundary characteristics and the ability to separate the
foreground from the background due to the proposed distracted
attention mechanism.

In addition, the proposed method manifested advantages
on occluded objects (see Rows 8 and 9). This observation
should result from the injected boundary information which
provided more references for the demarcation between the
object and the occluder. Although BGNet [25] and FEDER
[10] which also exploited the boundary information performed
properly on occlusion objects, some details were still missed,
compared with the results that our method produced. This
finding suggests that the proposed distracted attention plays
an important role on capturing the detailed characteristics.

3) Robustness Analysis: To rigorously assess the robustness
of the proposed method, we trained and tested the network
with 10 different random seeds (0–9) individually. Regarding
the four performance metrics, we calculated the mean and
standard deviation with the 95% confidence interval (95%
CI). As shown in Table II, the variations across the 10 runs
are negligible, reflected by the minor standard deviations and

confidence intervals. It is indicated that our method is robust
to the random initialization of the model. In this context, the
proposed method was not only highly stable under varying
random initializations, but also achieved consistent and reliable
performance gains over the baseline methods.

4) Computational Complexity Analysis: We compared the
proposed BADANet with four state-of-the-art COD methods
in computational complexity, including FLOPs, number of
parameters and inference speed. The results are shown in Table
III. Although our model incurred the second highest FLOPs
value (635.6G), it contained a moderate number of param-
eters (78.8M) and showed a real-time detection speed (12.5
FPS). More importantly, our BADANet normally surpassed
its counterparts across the four data sets in terms of four
different performance metrics (see Table I). Compared with
FSNet [40], our model required less than half the parameters
(78.8M vs. 170.2M) but achieved the higher detection accuracy
with a comparable inference speed. In addition, our BADANet
showed a notable accuracy advantage over HitNet [41], which
used the same backbone, even if the computational complexity
of our method was heavier than that of HitNet. These results
demonstrate that our BADANet strikes a proper balance be-
tween detection accuracy and computational complexity.

5) Failure Cases: Although our BADANet has achieved
state-of-the-art performance on the four data sets, it still
encountered challenges, as illustrated in Fig. 8. The first and
second rows show two examples of under-segmentation, where
the camouflaged objects were not completely detected. The
third row presents a case of mis-segmentation, in which the
three methods failed to detect all the camouflaged objects
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Image GT Ours PFNet SINetV2 BGNet ZoomNet FEDER PUENet

Fig. 7. Visual comparison of the masks produced by our method and six state-of-the-art COD methods. (For the best view, please zoom in).

TABLE II
THE MEAN AND STANDARD DEVIATION WITH THE 95% CONFIDENCE INTERVAL IN TERMS OF EACH PERFORMANCE METRIC OBTAINED USING THE

PROPOSED BADANET ALONG WITH 10 RANDOM SEEDS ON THE FOUR COD DATA SETS.

Metric CAMO-Test (250) CHAMELEON (76) COD10K-Test (2026) NC4K (4121)

Sα ↑ 0.891 ± 0.0019 [0.889, 0.892] 0.930 ± 0.0015 [0.929, 0.931] 0.896 ± 0.0007 [0.895, 0.896] 0.905 ± 0.0010 [0.904, 0.906]
Fβ ↑ 0.870 ± 0.0022 [0.868, 0.871] 0.901 ± 0.0031 [0.898, 0.903] 0.843 ± 0.0026 [0.841, 0.845] 0.881 ± 0.0013 [0.880, 0.882]
Eφ ↑ 0.938 ± 0.0016 [0.937, 0.939] 0.967 ± 0.0026 [0.964, 0.968] 0.946 ± 0.0016 [0.945, 0.947] 0.943 ± 0.0010 [0.943, 0.944]
M ↓ 0.041 ± 0.0007 [0.041, 0.042] 0.018 ± 0.0012 [0.017, 0.019] 0.019 ± 0.0003 [0.019, 0.019] 0.028 ± 0.0006 [0.028, 0.029]
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TABLE III
COMPARISON BETWEEN OUR BADANET AND FOUR STATE-OF-THE-ART

COD METHODS IN COMPUTATIONAL COMPLEXITY (FLOPS), NUMBER OF
PARAMETERS AND INFERENCE SPEED.

Method Backbone FLOPs (G) Params (M) Speed (FPS)

FEDER ResNet50 128.2 44.1 12.6
BGNet Res2Net50 117.0 79.9 16.5
FSNet SwinT 796.1 170.2 15.7
HitNet PVTv2 112.5 25.7 19.4

BADANet (Ours) PVTv2 635.6 78.8 12.5

OursGTImage BGNet FSNet

Fig. 8. Five camouflaged images on which not only our BADANet but also
both the BGNet [25] and the FSNet [40] failed to some extent.

while they wrongly recognized the background as camouflaged
objects. The fourth row further demonstrates a case of over-
segmentation, where the shadow of the camouflaged object
was misidentified as one or two camouflaged objects. The fifth
row highlights an issue of annotation error, in which only
two camouflaged armed men were annotated in the ground-
truth data even though three armed men were visible. In this
case, our method correctly detected the unannotated armed
man. However, this detection was treated as a false positive
under the current benchmark. In contrast, FSNet [40] detected
the third armed man with less precision, while BGNet [25]
completely missed the armed man.

We attribute these failure cases to four factors. First, the ex-
tremely cluttered background and the subtle similarity between
objects and surroundings in texture posed a great challenge
to the discriminative ability of the methods. Second, limited
training samples for rare or highly camouflaged patterns
restricted the generalization of these methods. Third, those
methods struggled with the ambiguity in object boundaries, in
particular, when reflections or shadows were present. Fourth,
occasional annotation inconsistencies occurred in the data sets,
which not only introduced noise to the training process but
also penalized correct detections during the inference process.
In this situation, however, the performance of our method was
similar or even superior to that of BGNet [25] and FSNet [40].

6) Visualization of Feature and Boundary Maps: To provide
an intuitive understanding of the inherent mechanism of our
model, we visualized the feature maps extracted using the

0

(a) (b) (c) (d) (e) (f) (g)

Fig. 9. Visualization of the feature maps produced by the MBBFB of our
model at five different scales and the boundary map Mbd obtained using
the boundary decoder. Within each row, (a) shows an original camouflaged
images, (b-f) present the five feature maps extracted from this image and (g)
shows the associated boundary map.

MBBFB at five different scales and the boundary map Mbd
produced by the boundary decoder in Fig. 9. As can be seen,
our model tends to detect semantically meaningful regions
across scales while preserving detailed boundary information.

C. Ablation Study

To investigate the effectiveness of different components of
the proposed BADANet, we performed a series of ablation
experiments on the four COD data sets.

1) Effect of the MBBFB: We examined the impact of the
MBBFB by removing it from the proposed BADANet. As
depicted in Table IV, the performance of the network dropped
without using the MBBFB, compared with the the BADANet
which used the MBBFB. It was suggested that the abundant
multi-scale features produced by the MBBFB were useful.

2) Effect of the MDASPP: We conducted an ablation exper-
iment to evaluate the effectiveness of the proposed MDASPP
module by comparing it with the standard ASPP module
[43] and the deformable ASPP (DASPP) module [44]. As
shown in Table V, the MDASPP consistently achieved the best
performance across all the four data sets in terms of different
metrics. It is indicated that our MDASPP better captured multi-
scale contextual information than its counterparts.

To investigate the impact of the dilation rate combination
on the MDASPP module, we further performed an additional
ablation experiment. Specifically, we tested three combina-
tions of dilation rates, including [1,2,3,4,5], [1,3,6,12,18] and
[1,2,3,5,7]. As reported in Table VI, the performance differ-
ences between these combinations are relatively minor. It is
suggested that the MDASPP is robust to the choice of dilation
rates. This finding should be due to the fact that the multi-
dilation design can effectively capture contextual information
across different scales while minor variations in the dilation
configuration do not affect detection performance obviously.

3) Effect of the BADA: To examine the impact of the BADA,
we first removed the boundary data fed into the BADANet.
Then we obtained three variants of the BADANet by removing
the BADA, replacing the BADA by the Focus Module (FM)
of the PFNet [2] and retaining the BADA. The results derived
using these variants and our BADANet are reported in Table
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TABLE IV
THE EFFECT OF THE MBBFB ON THE PROPOSED BADANET ON FOUR COD DATA SETS.

Method
CAMO-Test (250) CHAMELEON (76) COD10K-Test (2026) NC4K (4121)

Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓
w/o MBBFB 0.885 0.867 0.934 0.043 0.921 0.886 0.953 0.021 0.893 0.840 0.942 0.019 0.901 0.878 0.943 0.029
w/ MBBFB 0.891 0.870 0.938 0.041 0.930 0.901 0.967 0.018 0.896 0.843 0.946 0.019 0.905 0.881 0.943 0.028

TABLE V
THE COMPARISON BETWEEN THE PROPOSED MDASPP MODULE AND THE STANDARD ASPP MODULE [43] AND THE DEFORMABLE ASPP (DASPP)

MODULE [44] ACROSS FOUR COD DATA SETS WHEN EACH MODULE WAS USED WITH OUR BADANET.

Method
CAMO-Test (250) CHAMELEON (76) COD10K-Test (2026) NC4K (4121)

Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓
ASPP [43] 0.879 0.858 0.928 0.047 0.925 0.892 0.960 0.021 0.892 0.837 0.941 0.020 0.897 0.873 0.937 0.031

DASPP [44] 0.884 0.859 0.925 0.046 0.927 0.898 0.963 0.020 0.890 0.833 0.939 0.021 0.899 0.872 0.937 0.031
MDASPP 0.891 0.870 0.938 0.041 0.930 0.901 0.967 0.018 0.896 0.843 0.946 0.019 0.905 0.881 0.943 0.028

TABLE VI
THE COMPARISON OF THREE COMBINATIONS OF DILATION RATES USED IN THE MDASPP.

Dilation Rates
CAMO-Test (250) CHAMELEON (76) COD10K-Test (2026) NC4K (4121)

Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓
[1,2,3,4,5] 0.890 0.872 0.939 0.041 0.929 0.898 0.959 0.019 0.895 0.843 0.945 0.019 0.904 0.882 0.944 0.028

[1,3,6,12,18] 0.892 0.872 0.940 0.040 0.925 0.891 0.959 0.020 0.895 0.844 0.946 0.019 0.903 0.880 0.942 0.029
[1,2,3,5,7] 0.891 0.870 0.938 0.041 0.930 0.901 0.967 0.018 0.896 0.843 0.946 0.019 0.905 0.881 0.943 0.028

TABLE VII
THE EFFECT OF THE BADA AND THE BOUNDARY DATA ON THE PROPOSED BADANET.

Method
CAMO-Test (250) CHAMELEON (76) COD10K-Test (2026) NC4K (4121)

Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓
w/o Boundary w/o BADA 0.882 0.855 0.925 0.048 0.926 0.892 0.958 0.021 0.889 0.827 0.937 0.021 0.898 0.869 0.936 0.031

w/o Boundary & BADA → FM 0.879 0.855 0.922 0.048 0.923 0.886 0.952 0.022 0.887 0.828 0.936 0.021 0.897 0.872 0.934 0.032
w/o Boundary w/ BADA 0.875 0.852 0.920 0.049 0.926 0.898 0.963 0.020 0.888 0.832 0.939 0.020 0.896 0.871 0.935 0.031

w/ Boundary & w/ BADA 0.891 0.870 0.938 0.041 0.930 0.901 0.967 0.018 0.896 0.843 0.946 0.019 0.905 0.881 0.943 0.028

VII. It can be observed that the application of either the
BADA or the boundary data boosted the performance of the
network. It has been demonstrated that the proposed BADA
was effective, in particular, the boundary data was available.

We further investigated the attention mechanism utilized in
the BADA. Specifically, we compared the vanilla MHSA [28]
with our Convolution Refinement Attention (CRA) block. As
shown in Table VIII, the CRA block consistently outperformed
the Vanilla MHSA mechanism across the four data sets.
These results verified the effectiveness of the incorporation
of convolutional refinement into the attention mechanism.

To assess the impact of boundary thickness on the BADA
module, we also varied the thickness of Mbd in different pixels.
The results are reported in Table IX. It can be seen that differ-
ent thickness values only led to marginal variations across the
four data sets. This observation demonstrates that the BADA
module is robust to the setting of boundary thickness.

4) Effect of the Backbone Network: We evaluated the
performance of our BADANet with five different backbone
networks. As reported in Table X, it is shown that the proposed
BADANet normally achieved the best result when PVTv2 [19]
was employed as the backbone across the four data sets. This

finding highlights the advantage of integrating our BADANet
with a powerful backbone.

V. CONCLUSION

In this study, we addressed the challenges that the existing
distraction mining methods normally encounter. That is to say,
insufficient feature fusion and the absence of the boundary
cue during the distraction mining process. To this end, we
introduced a Boundary-Aware Distracted Attention Network
(BADANet). This network utilizes both the boundary cue and
the distraction mining strategy. Our BADANet commences
with a pre-trained encoder. The features extracted using this
encoder are then sent to a Boundary Shrinking Module (BSM)
that we designed, which is followed by a Multiple Dense
Atrous Spatial Pyramid Pooling (MDASPP) module. The
output is a boundary map of the input image. In terms of an
encoder block, the features extracted are also fed into a Multi-
branch Bidirectional Fusion Block (MBBFB). This block can
be used to achieve the comprehensive bidirectional fusion
of multi-scale features across the channel dimension. The
features fused are further passed through a series of MDASPP
modules with regard to different encoder blocks, to excavate



12

TABLE VIII
THE COMPARISON BETWEEN THE CRA BLOCK AND THE VANILLA MHSA MECHANISM.

Method
CAMO-Test (250) CHAMELEON (76) COD10K-Test (2026) NC4K (4121)

Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓
Vanilla MHSA [28] 0.885 0.855 0.925 0.047 0.925 0.889 0.957 0.021 0.890 0.831 0.938 0.021 0.899 0.869 0.934 0.032

CRA 0.891 0.870 0.938 0.041 0.930 0.901 0.967 0.018 0.896 0.843 0.946 0.019 0.905 0.881 0.943 0.028

TABLE IX
THE EFFECT OF BOUNDARY THICKNESS ON THE BADA MODULE.

Thickness
CAMO-Test (250) CHAMELEON (76) COD10K-Test (2026) NC4K (4121)

Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓
1 0.891 0.870 0.938 0.041 0.930 0.901 0.967 0.018 0.896 0.843 0.946 0.019 0.905 0.881 0.943 0.028
3 0.886 0.868 0.937 0.043 0.931 0.905 0.971 0.018 0.895 0.843 0.947 0.019 0.903 0.881 0.943 0.028
5 0.889 0.868 0.937 0.042 0.928 0.900 0.965 0.020 0.897 0.848 0.948 0.019 0.904 0.882 0.943 0.029
7 0.885 0.865 0.932 0.045 0.929 0.900 0.961 0.019 0.897 0.846 0.947 0.019 0.905 0.882 0.943 0.029

TABLE X
THE COMPARISON OF FIVE BACKBONE NETWORKS WHEN EACH OF THEM WAS USED TOGETHER WITH THE PROPOSED BADANET.

Backbone
CAMO-Test (250) CHAMELEON (76) COD10K-Test (2026) NC4K (4121)

Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓ Sα ↑ Fβ ↑ Eφ ↑ M ↓
ResNet50 [58] 0.814 0.766 0.853 0.078 0.898 0.842 0.938 0.031 0.843 0.762 0.901 0.033 0.857 0.812 0.897 0.047

Res2Net50 [38] 0.805 0.761 0.848 0.080 0.894 0.840 0.923 0.034 0.839 0.755 0.896 0.034 0.861 0.818 0.902 0.047
SwinT [31] 0.890 0.870 0.934 0.040 0.922 0.889 0.958 0.020 0.888 0.831 0.943 0.020 0.903 0.878 0.943 0.029
PVT [32] 0.862 0.846 0.912 0.052 0.914 0.878 0.952 0.023 0.875 0.816 0.933 0.023 0.884 0.856 0.927 0.036

PVTv2 [19] 0.891 0.870 0.938 0.041 0.930 0.901 0.967 0.018 0.896 0.843 0.946 0.019 0.905 0.881 0.943 0.028

the features at diverse spatial scales. With regard to each
MDASPP module, a Boundary-Aware Distracted Attention
(BADA) block that we introduced receives both the features
that the module produced and the boundary map. The BADA
block integrates the distraction mining mechanism and the
boundary information in order to reinforce the boundary of an
object. Finally, the last BADA block generates the detection
mask. Extensive experiments have been performed on four
popular COD data sets. The results showed that the proposed
BADANet normally outperformed the 18 baselines that we
tested. We believe that the promising results should benefit
from the boundary-aware distracted attention mechanism that
we deliberately introduced.
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