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Abstract—Camouflaged object detection (COD) involves seg-
menting objects that share similar patterns, such as color and
texture, with their surroundings. Current methods typically em-
ploy multiple well-designed modules or rely on edge cues to learn
object feature representations for COD. However, these methods
still struggle to capture the discriminative semantics between cam-
ouflaged objects (foreground) and background, possibly generating
blurry prediction maps. To address these limitations, we propose
a novel mask-and-edge co-guided separable network (MECS-Net)
for COD that leverages both edge and mask cues to learn more dis-
criminative representations and improve detection performance.
Specifically, we design a mask-and-edge co-guided separable atten-
tion (MECSA) module, which consists of three flows for separately
capturing edge, foreground, and background semantics. In addi-
tion, we propose a multi-scale enhancement fusion (MEF) module
to aggregate multi-scale features of objects. The predictions are
decoded in a top-down manner. Extensive experiments and visual-
izations demonstrate that our CNN-based and Transformer-based
MECS-Net outperform 13 state-of-the-art methods on four popular
COD datasets.

Index Terms—Camouflaged object detection, mask-and-edge co-
guided, multi-scale enhancement fusion.

I. INTRODUCTION

CAMOUFLAGED object detection (COD) is the task of
accurately segmenting foreground objects that blend in

with their surroundings due to similar patterns, such as color
and texture, but differ semantically. Thus, COD has become a
new challenging research [1], [2], which motivates more COD-
related studies [3], [4], [5], [6].

Due to the high degree of visual similarity between the
foreground and background in camouflaged scenes, COD is
a more challenging task compared to other object detection
tasks [7] (e.g., salient object detection (SOD) [8]). Early re-
searchers tackled this challenge using hand-crafted features for
detection [9], [10], while more recent state-of-the-art (SOTA)
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Fig. 1. Visual examples of challenging camouflage scenarios are presented
to compare our method with recent state-of-the-art (SOTA) methods [1], [18],
[22]. Compared to other methods, our method can learn more edge semantics
(framed by the red boxes) and generate clearer predicted maps (framed by the
green boxes).

methods employ deep learning [1], [2], [11], [12], [13]. For ex-
ample, SINet [2] draws inspiration from biology [14], proposes
two search and recognition modules for locating objects, and
contributes a large-scale camouflaged object dataset, namely
COD10 K, to promote COD development. Generally, repre-
sentative COD methods can be categorized into three groups:
1) methods that use elaborated modules or components [15],
[16], [17], [18], [19], 2) methods that incorporate additional
tasks (e.g., classification [11], SOD [20], and ranking [21]) to
enhance camouflaged feature representations, and 3) methods
that leverage prior knowledge guidance (e.g., edge cues [13],
[22], [23], frequency cues [24], [25], and texture cues [26], [27],
[28]) to facilitate object detection.

Although these methods achieve significant improvements
for COD, some potential issues are still worth investigating.
As shown in Fig. 1, we observe that edge-guided based methods
(BSANet [22], FAPNet [18]) can predict more edge details com-
pared to SINet [1], which indicates that edge cues can provide
more object-related edge semantics and locate objects accurately
(see the 1st row of Fig. 1). However, only edge-guided methods
may obtain blurry prediction maps (see the 2nd row of Fig. 1).
One empirical explanation for this observation is that relying
solely on edge guidance while effective in localizing objects,
may not adequately capture subtle discriminative semantics
due to the high similarity between foreground and background.
The key solution is to learn representations for foreground and
background separately.

Motivated by the insights above, we propose a mask-and-
edge co-guided separable network (MECS-Net) for COD that
simultaneously leverages edge and mask cues to improve perfor-
mance. Specifically, we design a mask-and-edge co-guided sep-
arable attention (MECSA) module to capture edge, foreground,
and background semantics separately, promoting MECS-Net
to learn more discriminative features between foreground and
background. MECSA consists of three flows: a foreground flow,
a background flow, and an edge flow. The edge flow is used
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Fig. 2. Overall architecture of our proposed MECS-Net. MECS-Net mainly consists of three parts: encoder (Res2Net is the default in the work), multi-scale
enhancement fusion (MEF) module, and mask-and-edge co-guided separable attention (MECSA) module.

for edge guidance and map generation, while the foreground
and background flows are incorporated with masks to generate
corresponding foreground and background features. Masks are
obtained from the prediction maps output by MECS-Net. In
addition, we propose a multi-scale enhancement fusion (MEF)
module to capture multi-scale features of objects. Unlike previ-
ous multi-scale modules [1], [22], we design a feature enhance-
ment (FE) component in MEF to further boost multi-scale repre-
sentations. Furthermore, we use multi-level features to generate
richer context features for COD. Our main contributions can be
summarized as follows:
� We propose a mask-and-edge co-guided separable atten-

tion (MECSA) module, which introduces mask and edge
cues to capture edge, foreground, and background seman-
tics separately. MECSA promotes MECS-Net to learn edge
semantics, which is essential for object localization, as well
as discriminative semantics for object detection.

� We present a multi-scale enhancement fusion (MEF) mod-
ule to learn and enhance multi-scale feature representations
for boosting detection performance.

� Extensive experiments demonstrate that our proposed
CNN-based and Transformer-based MECS-Net outper-
form 13 state-of-the-art COD methods across four public
datasets in terms of detection performance, edge details,
object localization, and prediction clarity.

II. METHOD

A. Encoder

We present our proposed MECS-Net in Fig. 2. Specifically,
for an input image I ∈ RH×W×3, it is first fed into an encoder to
generate multi-level features {Oi}4i=1, and these features are all
accompanied by 1× 1 convolutional layers to unify the number
of channels. Here, we exclude the 0th level features as they
contain more redundant information. Instead, we utilize features
from the 1st to 4th levels of the encoder. Then, inspired by [2]
and [29], we further concatenate the features of the top three lev-
els to generate higher-level featuresO5 by a 3× 3 convolutional
layer. To this end, we can obtain multi-level features {Oi}5i=1.

B. Decoder

As shown in Fig. 2, the entire decoding process of MECS-Net
is from top to down. To be specific, Oi is first fed into our
proposed MEF module that can capture multi-scale informa-
tion to generate contextual features Mi. Then, the obtained
features are fed into two successive 1× 1 convolutional layers
to output the current predicted feature maps Di and binary
map Pi. Finally, both Di and Pi are fed into our proposed
MECSA module to separately learn foreground features Fi and
background features Bi and output the predicted binary edge
map Ei. Furthermore, D5 participates in the feature decoding
process of each level, providing rich semantics for each level.
Therefore, these multi-level features {Oi}4i=1 are decoded in a
progressive manner which can be denoted as follows:{

Di=Conv1 (MEF ([Oi ⊕ (Oi � ([Fi+1,Bi+1]) ,D5]))) ,
Pi = Conv1×1 (Di) ,

(1)

where [., .] denotes the concatenation operation. Conv1(·) and
Conv1×1(·) are 1× 1 convolutional layers with/without batch
normalization and ReLU activation, respectively. ⊕ and �
denote element-wise addition and element-wise multiplication
operations, respectively. MEF(·) denotes the MEF module. Note
that in the first, third, and fourth levels, the corresponding
features are up-sampled for dimension matching (as shown in
the red arrow line in Fig. 2).

C. Multi-Scale Enhancement Fusion Module

We draw inspiration from the works of Fan et al. [2], Sun
et al. [23], and Zhu et al. [22], which suggest that multi-scale
contextual semantics can significantly enhance the performance
of COD. Therefore, we propose a multi-scale enhancement
fusion (MEF) module for capturing multi-scale semantics. The
upper right corner of Fig. 2 shows the details of the MEF
module. Specifically, given an input, we first employ a 3× 3
convolutional layer to generate featuresCi. Then,Ci are fed into
four parallel 1× 1 convolutional layers to generate four different
features. Next, these features are fed into four different dilated
convolutional layers (d ∈ {1, 3, 5, 7} denotes the corresponding
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dilation rate) to output multi-scale features Cj
i , j ∈ {1, 2, 3, 4}.

Next, Cj
i are fed into the feature enhancement (FE) component

to refine the Cj
i . The forward process of FE can be expressed as

Mj
i = Cj

i ⊕
(
Cj

i � SA
(
Cj

i � CA
(
Cj

i

)))
, (2)

where CA(·) and SA(·) represent the channel attention (CA) [30]
and spatial attention (SA) [30], respectively. It is worth noting
that for the Cj

i , j ∈ {2, 3, 4}, Mj−1
i are added to the current Cj

i

to obtain new features Cj
i , which integrates the semantics of the

previous scale. Finally, all multi-scale enhancement features are
concatenated and fused to output the desired features Mi. The
entire process be formulated as{

Ni =
[
M1

i ,M
2
i ,M

3
i ,M

4
i

]
,

Mi = Conv1×1 (Ci ⊕ (Ni � CA (Ni))) .
(3)

D. Mask-and-Edge Co-Guided Separable Attention Module

Due to their similar patterns to the backgrounds, camouflaged
objects pose a challenge for distinguishing foreground and
background features. To address this challenge, we propose a
novel mask-and-edge co-guided separable attention (MECSA)
module that promotes the MECS-Net to learn discriminative
features between foreground and background and improve the
performance of COD. The lower right corner of Fig. 2 shows the
details of the MECSA module. The MECSA module contains
foreground, background, and edge flows to learn foreground,
background, and edge features, respectively. Specifically, given
the predicted features Di and binary map Pi, we first use three
parallel 1× 1 convolutional layers to process the features Di.
Then, for the edge flow, we further use a 3× 3 convolutional
layer and a 1× 1 convolutional layer to obtain the edge features
Ef and edge binary map Ei:{

Ef = Di ⊕ Conv3 (Conv1 (Di)) ,
Ei = Conv1×1 (Ef ) .

(4)

For the foreground and background flows, two predicted masks
are cooperated with both flows to learn foreground and back-
ground features. Thus, we use the predicted binary map Pi

followed with a Sigmoid activation to generate the foreground
mask Fm and background mask Bm (Bm = 1− Fm). Finally,
we obtain the foreground features Fi and background features
Bi:{

Fi = Fm � Conv3 (Di ⊕Ef � (Conv1 (Di))) ,
Bi = Bm � Conv3 (Di ⊕Ef � (Conv1 (Di))) .

(5)

E. Loss Function

Our loss function consists of two parts: the prediction loss Lp

and edge loss Le. The two losses can be formulated as{Lp =
∑5

i=1 Lwbce (Pi,G) + Lwiou (Pi,G) ,

Le =
∑5

i=1 Lwbce (Ei,Ge) + Ldice (Ei,Ge) ,
(6)

where Lwbce, Lwiou, and Ldice denote the weighted binary
cross-entropy loss, weighted IOU loss, and dice loss [31],
respectively. G is the ground-truth map and Ge is the edge
ground-truth map. Therefore, the total loss is formulated as
L = Lp + Le.

III. EXPERIMENT

A. Settings

1) Datasets: We evaluate our proposed MECS-Net on
four public datasets: CAMO [11], CHAMELEON [32],
COD10K [2], and NC4K [21]. Following the same setup [2],
1,000 images from CAMO and 3,040 images from COD10 K
are used for training, and all remaining images are used for
testing.

2) Metrics: Following previous works [1], [2], four evalu-
ation metrics are used in the COD field, including S-measure
(Sα) [33], weighted F-measure (Fω

β ) [34], mean absolute error
(M ) [35], and mean E-measure (Eφ) [36].

3) Implementation Details: We apply the PyTorch library
to implement our MECS-Net. Two representative pre-trained
backbones Res2Net-50 [37] and Swin Transformer V2 [38], [39]
(Swin V2) are used as our encoders. During the training process,
all input images are resized to 384× 384. Adam [40] is used as
our optimizer, and the mini-batch is set to 18. The initial learning
rate is 1e-4 and follows the StepLR decay strategy that is divided
by two every 20 epochs. Our model is trained for 200 epochs on
2 Nvidia V100 GPUs (with 32 GB memory). Furthermore, our
model performs inference and prediction on the aforementioned
GPUs at an average speed of 14.51 FPS.

4) Comparison With State-of-The-Arts: We select 12 recent
SOTA methods (CNN-based) for performance comparisons
with our method, including EGNet [8], SINet [1], LSR [21],
PFNet [15], UGTR [41], ERRNet [13], C 2 FNet [17],
SINetV2 [2], BSANet [22], DTCNet [26], FAPNet [18], R-
MGL_v2 [19]. Moreover, we also select one Transformer-based
SOTA method LSR+2 [42] for comparison.

B. Performance Comparisons

1) Quantitative Comparisons: Table I shows the results of
all methods on the four datasets in terms of four metrics. It can
be observed that our MECS-Net outperforms all competitors,
except that the MECS-Net-R versions on the CAMO dataset
are slightly inferior to SINetV2. The results demonstrate the
effectiveness of our MECS-Net. Furthermore, MECS-Net-T
achieves better performance than LSR+2 with Swin V2-based
and significantly outperforms all CNN-based models, which
shows the excellent feature extraction ability of Swin V2.

2) Qualitative Comparisons: The visual comparisons of all
methods are presented in Fig. 3, which demonstrate that MECS-
Net achieves superior visual predictions to other methods in
terms of object localization, edge details, and prediction clarity.
Specifically, MECS-Net effectively handles various camouflage
scenarios by accurately predicting detailed and complete object
structures, even in cases where camouflaged objects share high
similarity with the background and possess complex edges (see
the 1st and 2nd rows of Fig. 3). MECS-Net also adapts to camou-
flaged objects at different scales and detects objects accurately
(see the 3rd and 4th rows of Fig. 3). Moreover, MECS-Net
performs better in the presence of multiple camouflaged objects
(see the 5th row of Fig. 3).

3) Edge Exploration: To explore the effects of the MECSA
module, we show the visual examples of predicted edge maps
compared to R-MGL_v2 [19] in Fig. 4. Our visual results
demonstrate that MECS-Net outperforms R-MGL_v2 in learn-
ing edge features for camouflaged objects, resulting in accurate
predictions of the edge details and object structures.
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TABLE I
COMPARISONS WITH RECENT SOTAS FOR COD ON FOUR DATASETS IN TERMS OF FOUR METRICS

Fig. 3. Visual comparison examples of the MECS-Net with SOTAs.

Fig. 4. Edge exploration comparison examples of the MECS-Net with SOTAs.

TABLE II
ABLATION STUDY RESULTS

C. Ablation Study

Table II shows all ablation studies based Res2Net-50 back-
bone.

1) Effects of MEF Module with/without FE Component:
To assess the effectiveness of the MEF module and its FE
component, we conduct two ablation studies by comparing the
MEF module with/without the FE component to the baseline.
The results are shown in ‘No.1’ and ‘No.2’ in Table II, which

demonstrate that incorporating MEF modules with/without the
FE component yields better performance than the baseline.
Moreover, the MEF module with the FE component exhibits
improved performance, indicating that our designed FE compo-
nent significantly enhances feature representations.

2) Effects of MECSA Module: MECSA is the core module of
MECS-Net. To validate its effectiveness, we added the module
to the baseline, and the experimental results are displayed in
‘No.3’ of Table II. The results show that MECSA improves the
baseline performance.

3) Effects of E-G and M-G Components: The effectiveness of
MECSA is established. However, the influence of edge and mask
cues on the performance of MECSA remains to be explored. To
this end, we conduct two sets of ablation experiments wherein
we remove the ‘E-G’ and ‘M-G’ components, respectively, from
the entire MECS-Net. The results are presented in ‘No.4’ and
‘No.5’ of Table II, which reveals that the removal of both com-
ponents adversely impacts the performance of MECS-Net, with
‘M-G’ playing a more prominent role. These results highlight
the critical guiding role played by both components for COD.

IV. CONCLUSION

This letter proposes a mask-and-edge co-guided separable
network, namely MECS-Net, for COD. MECS-Net includes
two modules, MECSA and MEF, designed to enhance detection
performance. Specifically, MECSA incorporates mask and edge
cues to learn foreground, background, and edge semantics sepa-
rately, boosting discriminative feature learning. Our extensive
evaluations demonstrate that MECS-Net achieves promising
performance.

Authorized licensed use limited to: NANKAI UNIVERSITY. Downloaded on March 22,2024 at 14:05:45 UTC from IEEE Xplore.  Restrictions apply. 



752 IEEE SIGNAL PROCESSING LETTERS, VOL. 30, 2023

REFERENCES

[1] D.-P. Fan, G.-P. Ji, G. Sun, M.-M. Cheng, J. Shen, and L. Shao, “Camou-
flaged object detection,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern
Recognit., 2020, pp. 2777–2787.

[2] D.-P. Fan, G.-P. Ji, M.-M. Cheng, and L. Shao, “Concealed object
detection,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 44, no. 10,
pp. 6024–6042, Oct. 2022.

[3] H. Bi, C. Zhang, K. Wang, J. Tong, and F. Zheng, “Rethinking camouflaged
object detection: Models and datasets,” IEEE Trans. Circuits Syst. Video
Technol., vol. 32, no. 9, pp. 5708–5724, Sep. 2022.

[4] B. Mishra, D. Garg, P. Narang, and V. Mishra, “Drone-surveillance
for search and rescue in natural disaster,” Comput. Commun., vol. 156,
pp. 1–10, 2020.

[5] D.-P. Fan et al., “Inf-Net: Automatic COVID-19 lung infection seg-
mentation from CT images,” IEEE Trans. Med. Imag., vol. 39, no. 8,
pp. 2626–2637, Aug. 2020.

[6] D.-P. Fan et al., “PraNet: Parallel reverse attention network for polyp
segmentation,” in Proc. 23rd Int. Conf. Med. Image Comput. Comput.
Assist. Interv., 2020, pp. 263–273.

[7] L. Liu et al., “Deep learning for generic object detection: A survey,” Int.
J. Comput. Vis., vol. 128, pp. 261–318, 2020.

[8] J.-X. Zhao, J.-J. Liu, D.-P. Fan, Y. Cao, J. Yang, and M.-M. Cheng, “EGNet:
Edge guidance network for salient object detection,” in Proc. IEEE/CVF
Int. Conf. Comput. Vis., 2019, pp. 8779–8788.

[9] S. K. Singh, C. A. Dhawale, and S. Misra, “Survey of object detection
methods in camouflaged image,” IERI Procedia, vol. 4, pp. 351–357, 2013.

[10] N. U. Bhajantri and P. Nagabhushan, “Camouflage defect identification: A
novel approach,” in Proc. IEEE 9th Int. Conf. Inf. Technol., 2006, pp. 145–
148.

[11] T.-N. Le, T. V. Nguyen, Z. Nie, M.-T. Tran, and A. Sugimoto, “Anabranch
network for camouflaged object segmentation,” Comput. Vis. Image Un-
derstanding, vol. 184, pp. 45–56, 2019.

[12] K. Wang, H. Bi, Y. Zhang, C. Zhang, Z. Liu, and S. Zheng, “D2C-Net: A
dual-branch, dual-guidance and cross-refine network for camouflaged ob-
ject detection,” IEEE Trans. Ind. Electron., vol. 69, no. 5, pp. 5364–5374,
May 2022.

[13] G.-P. Ji, L. Zhu, M. Zhuge, and K. Fu, “Fast camouflaged object detec-
tion via edge-based reversible re-calibration network,” Pattern Recognit.,
vol. 123, 2022, Art. no. 108414.

[14] M. Stevens and S. Merilaita, “Animal camouflage: Current issues and new
perspectives,” Philos. Trans. Roy. Soc. B: Biol. Sci., vol. 364, no. 1516,
pp. 423–427, 2009.

[15] H. Mei, G.-P. Ji, Z. Wei, X. Yang, X. Wei, and D.-P. Fan, “Camouflaged
object segmentation with distraction mining,” in Proc. IEEE/CVF Conf.
Comput. Vis. Pattern Recognit., 2021, pp. 8772–8781.

[16] Y. Sun, G. Chen, T. Zhou, Y. Zhang, and N. Liu, “Context-aware cross-level
fusion network for camouflaged object detection,” in Proc. 38th Int. Joint
Conf. Artif. Intell., Virtual Event / Montreal, Canada, Aug. 19-27, 2021,
pp. 1025–1031.

[17] G. Chen, S.-J. Liu, Y.-J. Sun, G.-P. Ji, Y.-F. Wu, and T. Zhou, “Camou-
flaged object detection via context-aware cross-level fusion,” IEEE Trans.
Circuits Syst. Video Technol., vol. 32, no. 10, pp. 6981–6993, Oct. 2022.

[18] T. Zhou, Y. Zhou, C. Gong, J. Yang, and Y. Zhang, “Feature aggregation
and propagation network for camouflaged object detection,” IEEE Trans.
Image Process., vol. 31, pp. 7036–7047, 2022.

[19] Q. Zhai et al., “MGL: Mutual graph learning for camouflaged object
detection,” IEEE Trans. Image Process., vol. 32, pp. 1897–1910, 2023.

[20] A. Li, J. Zhang, Y. Lv, B. Liu, T. Zhang, and Y. Dai, “Uncertainty-aware
joint salient object and camouflaged object detection,” in Proc. IEEE/CVF
Conf. Comput. Vis. Pattern Recognit., 2021, pp. 10071–10081.

[21] Y. Lv et al., “Simultaneously localize, segment and rank the camouflaged
objects,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., 2021,
pp. 11591–11601.

[22] H. Zhu et al., “I can find you! Boundary-guided separated attention network
for camouflaged object detection,” in Proc. AAAI Conf. Artif. Intell., 2022,
pp. 3608–3616.

[23] Y. Sun, S. Wang, C. Chen, and T. Xiang, “Boundary-guided camouflaged
object detection,” in Proc. 31st Int. Joint Conf. Artif. Intell., Vienna,
Austria, Jul. 23-29, 2022, pp. 1335–1341.

[24] Y. Zhong, B. Li, L. Tang, S. Kuang, S. Wu, and S. Ding, “Detecting
camouflaged object in frequency domain,” in Proc. IEEE/CVF Conf.
Comput. Vis. Pattern Recognit., 2022, pp. 4504–4513.

[25] J. Lin, X. Tan, K. Xu, L. Ma, and R. W. Lau, “Frequency-aware cam-
ouflaged object detection,” ACM Trans. Multimedia Comput., Commun.,
Appl., vol. 19, pp. 1–16, 2023.

[26] W. Zhai, Y. Cao, H. Xie, and Z.-J. Zha, “Deep texton-coherence network
for camouflaged object detection,” IEEE Trans. Multimedia, early access,
Jul. 04, 2022, doi: 10.1109/TMM.2022.3188401.

[27] P. Li, X. Yan, H. Zhu, M. Wei, X.-P. Zhang, and J. Qin, “FindNet: Can you
find me? Boundary-and-texture enhancement network for camouflaged
object detection,” IEEE Trans. Image Process., vol. 31, pp. 6396–6411,
2022.

[28] J. Zhu, X. Zhang, S. Zhang, and J. Liu, “Inferring camouflaged objects by
texture-aware interactive guidance network,” in Proc. AAAI Conf. Artif.
Intell., 2021, pp. 3599–3607.

[29] Z. Wu, L. Su, and Q. Huang, “Cascaded partial decoder for fast and accurate
salient object detection,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern
Recognit., 2019, pp. 3907–3916.

[30] J. Hu, L. Shen, and G. Sun, “Squeeze-and-excitation networks,” in Proc.
IEEE Conf. Comput. Vis. Pattern Recognit., 2018, pp. 7132–7141.

[31] F. Milletari, N. Navab, and S.-A. Ahmadi, “V-Net: Fully convolutional
neural networks for volumetric medical image segmentation,” in Proc. 4th
Int. Conf. 3D Vis., 2016, pp. 565–571.

[32] P. Skurowski, H. Abdulameer, J. Błaszczyk, T. Depta, A. Kornacki, and P.
Kozieł, “Animal camouflage analysis: Chameleon database,” Unpublished
Manuscript, vol. 2, no. 6, 2018, Art. no. 7.

[33] D.-P. Fan, M.-M. Cheng, Y. Liu, T. Li, and A. Borji, “Structure-measure: A
new way to evaluate foreground maps,” in Proc. IEEE Int. Conf. Comput.
Vis., 2017, pp. 4548–4557.

[34] R. Margolin, L. Zelnik-Manor, and A. Tal, “How to evaluate foreground
maps?,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2014,
pp. 248–255.

[35] F. Perazzi, P. Krähenbühl, Y. Pritch, and A. Hornung, “Saliency filters:
Contrast based filtering for salient region detection,” in Proc. IEEE Conf.
Comput. Vis. Pattern Recognit., 2012, pp. 733–740.

[36] D.-P. Fan, C. Gong, Y. Cao, B. Ren, M.-M. Cheng, and A. Borji,
“Enhanced-alignment measure for binary foreground map evaluation,” in
Proc. 27th Int. Joint Conf. Artif. Intell., 2018, pp. 698–704.

[37] S.-H. Gao, M.-M. Cheng, K. Zhao, X.-Y. Zhang, M.-H. Yang, and P. Torr,
“Res2Net: A new multi-scale backbone architecture,” IEEE Trans. Pattern
Anal. Mach. Intell., vol. 43, no. 2, pp. 652–662, Feb. 2021.

[38] Z. Liu et al., “Swin transformer: Hierarchical vision transformer using
shifted windows,” in Proc. IEEE/CVF Int. Conf. Comput. Vis., 2021,
pp. 10 012–10 022.

[39] Z. Liu et al., “Swin transformer v2: Scaling up capacity and resolution,” in
Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., 2022, pp. 12 009–
12 019.

[40] D. P. Kingma and J. Ba, “Adam: A method for stochastic optimization,” in
Proc. 3rd Int. Conf. Learn. Representations, San Diego, CA, USA, May
7-9, 2015.

[41] F. Yang et al., “Uncertainty-guided transformer reasoning for camouflaged
object detection,” in Proc. IEEE/CVF Int. Conf. Comput. Vis., 2021,
pp. 4146–4155.

[42] Y. Lv, J. Zhang, Y. Dai, A. Li, N. Barnes, and D.-P. Fan, “To-
wards deeper understanding of camouflaged object detection,” IEEE
Trans. Circuits Syst. Video Technol., early access, Jan. 05, 2023,
doi: 10.1109/TCSVT.2023.3234578.

Authorized licensed use limited to: NANKAI UNIVERSITY. Downloaded on March 22,2024 at 14:05:45 UTC from IEEE Xplore.  Restrictions apply. 

https://dx.doi.org/10.1109/TMM.2022.3188401
https://dx.doi.org/10.1109/TCSVT.2023.3234578


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


