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Abstract: Camouflaged object detection (COD) is an arduous challenge due to the striking re-
semblance of camouflaged objects to their surroundings. The abundance of similar background
information can significantly impede the efficiency of camouflaged object detection algorithms. Prior
research in this domain has often relied on supplementary prior knowledge to guide model training.
However, acquiring such prior knowledge is resource-intensive. Furthermore, the additional pro-
vided prior information is typically already embedded in the original image, but this information
is underutilized. To address these issues, in this paper, we introduce a novel Camouflage Cues
Guidance Network (CCGNet) for camouflaged object detection that does not rely on additional prior
knowledge. Specifically, we use an adaptive approach to track the learning state of the model with
respect to the camouflaged object and dynamically extract the cues of the camouflaged object from the
original image. In addition, we introduce a foreground separation module and an edge refinement
module to effectively utilize these camouflage cues, assisting the model in fully separating camou-
flaged objects and enabling precise edge prediction. Extensive experimental results demonstrate that
our proposed methods can achieve superior performance compared with state-of-the-art approaches.

Keywords: camouflaged object detection (COD); deep learning; without prior knowledge; camouflage cues

1. Introduction

Deep learning has made significant strides in the field of object detection [1-3]. In ob-
ject detection research, scholars primarily emphasize detecting objects in ordinary scenes [4].
However, as deep learning algorithms have become increasingly industrialized in recent
years, the research community has started to emphasize the practicality of camouflaged
object detection (COD). Specifically, COD is a research field that focuses on identifying
camouflaged objects within images [5,6]. Camouflaged objects can be categorized into
two main types: natural and artificial camouflage [7]. Natural camouflage refers to how
organisms utilize brightness, color, and body shape to conceal themselves in their envi-
ronment [8]. Many species employ this strategy to survive, either to avoid predators or to
capture prey [9,10]. On the other hand, artificial camouflage involves using techniques such
as paint, clothing, and accessories to create visual deception and conceal the object. This
form of camouflage is commonly employed in military applications [11,12], art [13], and
other domains [14,15]. The primary objective of camouflaged object detection is to generate
a binary detection map for the camouflaged objects in the image [7]. However, detecting
camouflage presents a challenge due to the visual similarity between the foreground and
background [16-18].

Early camouflaged object detection algorithms drew inspiration from natural pro-
cesses such as animal predation and used a two-part model of search and detection [19].
These early algorithms relied solely on basic images for training. Subsequent researchers
concluded that training on image features alone was insufficient to identify and understand
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camouflaged objects accurately [20]. Therefore, researchers introduced additional prior
knowledge during model training. Numerous COD algorithms [20-22] have achieved com-
mendable results by relying on the guidance of prior knowledge. While prior knowledge
has made significant contributions, the drawback lies in the manual labeling requirement,
incurring substantial costs. Meanwhile, we have discovered that satisfactory results can
be achieved without relying on any prior knowledge, using only cues extracted from the
original image to guide model training. As depicted in Figure 1, our prediction results
outperform BGNet [20] and S-MGL [21], which exhibit unsatisfactory performance in
predicting the boundaries of the object even with the incorporation of boundary priors
during training. Furthermore, owing to the inadequate understanding of the camouflaged
object’s overall structure, there exists a significant issue of uneven pixel distribution in the
prediction results.

h ™

(a) Ime (b) GT (c) Ours (d) BGNet (e) S-MGL

Figure 1. Visual examples of camouflaged object detection in challenging scenarios showcase our
algorithm’s capabilities. When compared to recent COD algorithms (e.g., BGNet, and S-MGL) that
rely on boundary priors, our algorithm achieves superior boundary detection results without the
need for any prior information and effectively mitigates uneven pixel distribution.

Based on the above issues, we propose a Camouflage Cues Guidance Network
(CCGNet) for camouflaged object detection. Specifically, we introduce the adaptive feature
fusion Module (AFFM), which vigilantly monitors the model’s learning state and dynam-
ically selects and integrates features to generate cues for camouflage. The camouflage
cues comprise the available knowledge from each model layer, which can be employed to
rectify and complement features across different layers and direct the model’s attention
toward the overall image structure. In order to effectively utilize the camouflage cues, we
introduce the foreground separation module (FSM). This module leverages the camouflage
cues to complement the multi-layer features, allowing the model to focus more on the
overall structure of the camouflaged objects and effectively separate them from similar
environments. Additionally, to refine the model’s representation further, especially the
edge information, we propose the edge refinement module (ERM). ERM achieves finer
edge predictions by combining features with contextual information. As shown in Figure 1,
in comparison to other COD algorithms, we achieve visually superior edge delineation
results and mitigate uneven pixel distribution without the use of priors.

Overall, our work makes the following main contributions:

*  For the camouflaged object detection (COD) problem, we introduce a novel Camou-
flage Cues Guidance Network, i.e., CCGNet. This network incorporates an Adaptive
Feature Fusion Module (AFFM) to enrich the model’s comprehension of the overall
structure of camouflaged objects by effectively extracting and integrating the inherent
semantic information present within the image itself.

e We introduce two crucial modules, namely, the foreground separation module (FSM)
and the edge refinement module (ERM). These modules utilize the camouflage cues
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generated by the AFFM to thoroughly investigate the relevant semantic details within
the image and improve the edge representation of camouflaged objects.

¢  Extensive experiments conducted on three traditional benchmark datasets show that
our model outperforms state-of-the-art models in all four metrics.

2. Related Work
2.1. Camouflaged Object Detection Dataset

Several datasets have been developed to facilitate advancements in camouflaged object
detection. Commonly used datasets include CAMO [23], COD10K [19], and NC4K [22], which
comprise 1250, 10,000, and 4121 images, respectively. Additionally, Skurowski et al. [24]
introduced the CHAMELEON dataset, consisting of 76 images. Lv et al. [18,22] presented
the CAM-FR dataset, which includes 2280 images, each annotated with localization and
ranking. Zheng et al. [11] introduced the first camouflaged human dataset, comprising
1000 images. Subsequently, Fang et al. [12] expanded upon Zheng et al.’s dataset, resulting
in a camouflaged human dataset with 2600 images. In this article, we employed the three
most commonly used datasets, namely CAMO, COD10K, and NC4K.

2.2. Camouflaged Object Detection

In recent years, COD methods can be categorized into two groups: those utilizing
prior information and those not relying on prior information.

With additional prior information. Lv et al. [18,22] introduced a joint framework
for locating, segmenting, and ranking camouflaged objects. They incorporated additional
ranking information during training, improving camouflage understanding. Zhai et al. [21]
proposed mutual graph learning, which effectively separates images into task-specific
feature maps for precise localization and boundary refinement. Sun et al. [20] explored the
use of object-related edge semantics as an additional guide for model learning, encouraging
the generation of features that emphasize the object’s edges. He et al. [25] suggested using
edge likelihood maps for guiding the fusion of camouflaged object features, aiming to
enhance detection performance by improving boundary details. Kajiura et al. [26] employed
a pseudo-edge generator to predict edge labels, contributing to accurate edge predictions.
Zhu et al. [27] proposed the utilization of Canny edge [28] and Conedge techniques to assist
in model training. Li et al. [29] proposed co-training camouflage and saliency objects [30,31]
to enhance model detection. Yang et al. [5] integrated the advantages of Bayesian learning
and transformer-based [32,33] inference. They introduced uncertainty-guided random
masking as prior knowledge to facilitate model training. Bian et al. [34] utilized edge
information to assess the degree of concealment of the object. Song et al. [35] suggested the
selection of certain structural features, such as illumination, texture direction, and edges,
and employed weighted structural texture similarity to assess the impact of camouflage
texture. However, prior information is often expensive and impractical.

Without additional prior information. Mei et al. [36] proposed a localization mod-
ule, a focus module, and a novel distraction mining strategy to enhance model perfor-
mance. Fanetal. [7,19] introduced a search and recognition network inspired by the
predatory behavior of hunters in nature, which implements object localization and recog-
nition steps. Sun et al. [37] proposed an attention-inducing fusion module that integrates
multilevel features and incorporates contextual information for more effective predic-
tion. Zhang et al. [10] proposed a model that incorporates two processes of predation,
specifically sensory and cognitive mechanisms. To achieve this, specialized modules were
designed to selectively and attentively aggregate initial features using an attention-based
approach. Jia et al. [38] proposed a method where the model attends to fixation and edge
regions and utilizes an attention-based sampler to progressively zoom in on the object re-
gion instead of increasing the image size. This approach allows for the iterative refinement
of features. Ren et al. [39] introduced the concept of constructing multiple texture-aware
refinement modules within a deep convolutional neural network. These modules aim to
learn texture-aware features that can accentuate subtle texture differences between the
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camouflaged object and the background. Dong et al. [40] integrated large receptive fields
and effective feature fusion into a unified framework to enhance the model’s ability to
detect camouflaged objects. In practice, algorithms that do not depend on prior information
typically utilize various techniques to aggregate features with different receptive field
sizes to obtain better detection results. Many of these algorithms exhibit inefficiency and
frequently encounter limitations in the efficient extraction of image information. In contrast,
our proposed CCGNet effectively guides the model training process by autonomously
extracting valuable features from the image itself, generating camouflage cues without the
need for external prior knowledge.

3. Proposed Method
3.1. Overall Architecture

The architecture of CCGNet is illustrated in Figure 2, which consists of three modules:
the adaptive feature fusion module (AFFM), foreground separation module (FSM), and
edge refinement module (ERM), as described in Section 3.2, Section 3.3, and Section 3.4
respectively. For extracting multiscale features, the Res2Net-50 [41] architecture is utilized
as the backbone. In this paper, the multiscale features are obtained from the last four layers
of the feature hierarchy. The layer closest to the input is excluded as it contains excessive
noise and has a small receptive field. Please note that the layer closest to the input is not
depicted in Figure 2.

| | A

Conv Conv Conv Conv
A £ 5 1A | I
Up2 Up4

l 1)‘2 X3
Dw2
AFFM DLA
4J 4J J «
FSM FSM FSM ‘x,,
RF, RF, RF,

SCA

0,
ERM <4 ERM <« ERM 14

Adaptive Feature Fusion Sigmoid
Module (AFFM)

$
Camouflage Cues (CC)

Figure 2. Overview of our framework. The proposed CCGNet framework comprises three compo-
nents: the adaptive feature fusion module (AFFM), the foreground separation module (FSM), and
the edge refinement module (ERM). The AFFM assumes a pivotal role in delving into the overall
structure of camouflaged objects through the adaptive fusion of multilayer features, thus generating
tailored camouflage cues (CC) that align with the model’s learning state. The combined operation of
the foreground separation module (FSM) and the edge refinement module (ERM), in tandem with
the camouflage cues, results in a significant enhancement of feature representation.

3.2. Adaptive Feature Fusion Module

Boundary priors and ranking priors have been employed to assist object detection
models [18,22,42]. Nevertheless, the fundamental information utilized for detection re-
sides within image features. Given the inherent resemblance between foreground and
background features in camouflage images and the potential loss of crucial information
during model training, effectively harnessing reliable feature information has proven to
be a significant challenge for previous models. In such cases, the integration of additional
prior knowledge can indeed lead to substantial improvements in detection performance.
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However, these supplementary prior features rely on human identification, resulting in
increased labor costs, and excessive dependence on this supplementary prior information
can potentially hinder the algorithm’s adaptability and effectiveness. It is crucial to empha-
size that the training data already contain supplementary prior knowledge, which may not
be fully retained or optimally utilized due to the model’s design. To obtain comprehensive
and beneficial information for camouflaged object detection, we introduce the adaptive
feature fusion module (AFFM). This module dynamically fuses multilayer features based
on the model’s learning state regarding the camouflaged object, extracting valuable knowl-
edge for detection. This process ultimately yields comprehensive camouflage cues (CC).
The camouflage cues encompass all the knowledge that the model has learned, which is
beneficial for camouflaged object detection. The efficient utilization of these camouflage
cues can enhance the model’s understanding of the overall structure of the camouflaged
object. The details of AFFM are described below.

As shown in Figure 2, a convolution operation is applied to all input features. Sub-
sequently, all input features are resized. The high-level feature {f;}}_, is adjusted to size

{x}3, € R% ¥ %256 and the low-level feature f1 is adjusted to size x; € R § X128,
Following that, we leverage the deep layer attention (DLA) [43] mechanism to augment
the model’s comprehension of the overall structure of camouflaged objects. This involves
analyzing the interplay between each feature layer, assigning weights to individual lay-
ers according to the significance of the acquired features, and applying weight filtering
to extract features pertinent to the camouflaged object. Moreover, within the context of
DLA, weight generation entails the computation of correlations between feature layers.
These feature layers adeptly encapsulate the current model’s learning state with respect
to the camouflaged object. Consequently, our feature fusion process closely aligns with
the model’s learning state concerning the camouflaged object. The computation process of
DLA is represented by Equation (1).

wi; = Softmax(p(x);- (G0N0 € {1,2,3)
3

xXj = B Z W; X + Xj, Xl‘/x]‘ € {xl,xz, X3} (1)
i=1

1=

xp = [x1;X2; x3]

where w; ; represents the correlation weight between layer i and layer j, ¢(-) denotes
the reshape operations, and f is initially set to 0 and then automatically assigned by
the network. .

Then, we fuse the obtained feature x;, € R# and feature x;. Inspired by [20],
we employ the spatial channel attention (SCA) mechanism to investigate the correlations
among different feature channels and extract valuable detection knowledge from them.
The above process can be described as follows:

x ¥ %768

O4 = SCA(X],X],,) ’

SCA < Convyy1(Convsxz(o(Convixi(+)))) @)
where Conv;,; represents a set of convolution operations with a convolution kernel size
of i x i, a BN (batch normalization) layer, and a SiLU activation function. ¢ denotes
CBAM [44].

Finally, we apply the sigmoid function to O4 to obtain the camouflage cues (CC),
which is represented as a binary graph. The camouflage cues that fuse high-level and
low-level feature generation in AFFM contain a wealth of knowledge about the model’s
comprehension of the overall structure of the camouflaged object that can be used for
camouflaged object detection. By combining features from different layers, the model takes
advantage of the different advantages inherent in each layer. This adaptive fusion process
ensures that the generated camouflage cues are consistent with the current stage of the
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model’s understanding of the camouflaged object, providing valuable guidance throughout
the model’s training process.

3.3. Foreground Separation Module

As mentioned earlier, AFFM extracts cues related to camouflaged objects from images
to construct CC. This information serves as a guide for model training and supplements
the missing knowledge in each layer. In order to effectively utilize CC, we designed the
foreground separation module (FSM). The main goal of this module is to achieve a complete
prediction of camouflaged objects by incorporating learning cues specific to camouflaged
objects into the representation learning process and effectively separating the camouflaged
object from the background in the image. More precisely, using CC to enhance the features
of each layer can enhance the model’s learning of the overall structure of the camouflaged
object and effectively alleviate the problem of uneven pixel distribution. The overall
structure of FSM is depicted in Figure 3.

f.(i=1273) . - RF,
onv
Element-wise Multiplication
CcC Channel attention

AAP  Adaptive Average Pooling

Convid 1D convolution operation

-|-> AAP — Convld —» Sigmoid

CA Foreground Separation Module (FSM)

Figure 3. Illustration of FSM. The foreground separation module (FSM) fully segregates the fore-
ground information of the camouflaged object through multifeature channel filtering, utilizing CC to
complete the missing information in each feature layer.

Specifically, inspired by [45], we use channel attention (CA) for image features {f;}>_,

to explore key channel features, and then obtain gcoarse € RZ’% * 21% X236 through a convolu-
tion operation. The g;efin, is derived from gcoarse and gec. gec is obtained by applying an up-
or downsampling operation to CC. Certainly, g.fine already encompasses fairly compre-
hensive information about the object. However, to attain precise separation of foreground
and background features, we re-examine the channel features to filter out any camouflage
features. Finally, the final output {RE;}?_, is obtained by using 1 x 1 convolution.

The calculation process is depicted in Equation (3).

Scoarse = CO?’Ingg(CA(fi)),i S {1/2/3}
8refine = coarse ® Upa/Dw; (gcc) 3)
RF; = Conlel(CA<grefine))ri €{1,23}

where f; represents the image features output by the backbone. RF; is the refined feature.

3.4. Edge Refinement Module

While FSM can effectively utilize the camouflage cues to complement and refine the
features in each layer, the perception of specific details, such as edge information, is still
not precise enough. To address this issue without relying on prior knowledge to supervise
model training, we introduce the edge refinement module (ERM), which filters features
to help the model achieve finer edge predictions by exploring contextual information.
In contrast to the texture enhancement module (TEM), our approach also considers the
semantic correlations between different branches within the same feature layer.
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As shown in Flgure 4, we obtain features {y;}3_; € R?“ X gt %256 by aggregating the
fine features {RF;}?_, and the high-level output features {O;}}_, through the preprocessing
operation (PPO). The feature {yl} ', comprises top-down semantlc information. The
generation process of {y;}?_, is illustrated in Equation (4).

Y = PPO(RFZ‘,OI'+1),1' c {1,2}

_ (4)
Y3 = RFg
Conv
g L
CBI d’/ Conv. —» Conv —» Conv
O U Z—T
—— Conv —Up PPO
z 2 72
+y> CB, — Ol
-;Zi Linear ﬂ ReLU i»
: z z?
—_—><+ CB, — (-
4 4

Conv
Edge Refinement Module (ERM)
Figure 4. Illustration of ERM. ERM learns the interrelation between various channels of the same

feature and connects contextual features to achieve refined boundary predictions.

To explore the semantic correlation between different channel branches of the same

layer feature, we divide {y;}?_, into four parts [y};y% y?;y%] in the channel dimension.

Inspired by [20], we add the features of a branch to the features of its neighboring branches.
This process can be formulated as follows:

zi = CBi(y; +y7),i € {1,2,3}
l=CBi  +yl+y[ ) i€ {123}, € {2,3) 5
+ = CBy(z} +y}),i € {1,2,3}

N

1

where {CB; }4 ; indicates a series of convolution operations and the specific composition
of {CB; 14 i1 is shown in Equation (6).

CB; <= DConvl, 5(Convy1(-))

CB, < DConv3, 4 Convix1(+)))

(-
(

6
( (6)
(

Conuvszy

CB3 <= DConv3, 5(Convyx3(Convyyi(+)))

(
(
(
CBy <= DConv3, 5(Convy3(Convsy i (Convini(+))))

where DConvfX ; Tepresents a atrous convolution [46] with a convolution kernel size of i x i
and a dilation rate of j.
In order to avoid losing important detection information during convolution, we add a

. . . . i o W %256 .
residual structure to each interaction branch to obtain feature zﬂ € R 72T 27 Merging
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i . Hox W2 L .
all zﬁ together, we obtain feature {Z;}3_, € R XS X256 L pich incorporates semantic

information from adjacent branches. It filters features by learning the relationships between
adjacent features, thereby prompting the model to focus more on expressing details. As
illustrated in Figure 2, as the feature progresses forward, O; displays finer edge details
compared to {O;}%,.

Then, we perform a series of computations for {Z;}?_, to obtain the output feature

3 H o« W1 . .
{0i};_; € RZ#T72%T7 " The computation process is as follows:
O;i =y +A-R(L(Z)),i € {1,2,3}. 7)
where R denotes the ReLU function, L denotes the linear function, and A is the scaling factor.

3.5. Loss Function

CCGNet incorporates two types of loss functions: dice loss (Lgjc.) [14] and structural
loss (Lstruct) [47]. For O4, we utilize Lg;., to balance scenarios where positive and negative
samples are unbalanced. For {O;}?_,, we apply Lstyuct to promote structural consistency
and accuracy.

Lstruct = L%)CE + L%u (8)

Therefore, the total loss is defined as in Equation (9).

3
Liotar = Z Lstruct(oir GT) + Liice (04/ GT) )
i=1

where {O;}}_; represents the feature map generated by CCGNet, and GT refers to the
ground truth. During the testing process, O; is used as the prediction result of the model.

4. Experiments and Analysis
4.1. Experiment Setup

We implement our model using PyTorch and utilize the Adam optimization algo-
rithm [48] to optimize the overall parameters. The learning rate starts at 1 x 1074, dividing
by 10 every 50 epochs. The model is accelerated using an NVIDIA 3090Ti GPU. During
the training stage, the batch size is set to 36, and the whole training takes approximately
100 epochs. And the scaling factor A is set to 0.5.

4.2. Comparison with States of the Art

We evaluated our method on three benchmark datasets: CAMO [23], COD10K [19],
and NC4K [22]. To gauge the effectiveness of our approach, we employed four widely rec-
ognized and standardized metrics: MAE (M) [31], weighted F-measure (Fg’ ) [49], average
E-measure (Ey) [50], and S-measure (S,) [51].

To demonstrate the effectiveness of our proposed CCGNet, we conducted a com-
parative analysis by comparing its prediction results with those of eleven state-of-the-art
methods. The selected methods for comparison are EGNet [42], SCRN [52], F3Net [47],
CSNet [53], BASNet [54], SINet [19], PFNet [36], S-MGL [21], BGNet [20], LSR+ [18] and
C2ZFNet [37]. For a fair comparison, the prediction results of these methods were provided
by the original authors or generated using models trained with open-source code.

Quantitative Evaluation. Table 1 summarizes the quantitative results of different COD
methods on the three benchmark datasets. Our method outperforms previous methods in all
four evaluation indicators on the three datasets. In particular, compared with the BGNet [20],
our method shows an average increase of 1.13% in Sy, 0.16% in Ey, and 0.1% in Fg’ .

Regarding the slightly lower training results observed in comparison to BGNet for
certain datasets, we conducted a comprehensive analysis to identify the underlying reasons
for these disparities. As illustrated in Figure 5, when we compare the prediction results
of CCGNet with those of other models, we observe that CCGNet effectively mitigates the
issue of uneven pixel distribution. However, this occasionally leads to a broader range of
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predicted objects, which may have a slight influence on specific evaluation metrics. Notable
examples include the legs of insects in the first row of Figure 5 and the size of people in the
fourth row.

Table 1. Quantitative comparison with state-of-the-art methods for COD on three benchmarks using
four widely used evaluation metrics (i.e.,Sx, Ep, FEJ , and M). The best scores are highlighted in bold,
and the symbol 1 indicates that a higher score is better.

Method CAMO-Test COD10K-Test NC4K

ScTEg TEY T ML ScTEg TEY T M ScTEg TEY T ML
2019 EGNet [42] 0.732 0.800 0.604 0.109 0.736 0.810 0.517 0.061 0.777 0.841 0.639 0.075
2019 SCRN [52] 0.779 0.797 0.643 0.090 0.789 0.817 0.575 0.047 0.830 0.854 0.698 0.059
2020 F3Net [47] 0.711 0.741 0.564 0.109 0.739 0.795 0.544 0.051 0.780 0.824 0.656 0.070
2020 CSNet [53] 0.771 0.795 0.642 0.092 0.778 0.809 0.569 0.047 0.750 0.773 0.603 0.088
2020 BASNet [54] 0.749 0.796 0.646 0.096 0.802 0.855 0.677 0.038 0.817 0.859 0.732 0.058
2020 SINet [19] 0.745 0.804 0.644 0.092 0.776 0.864 0.631 0.043 0.808 0.871 0.723 0.058
2021 PFNet [36] 0.782 0.841 0.695 0.085 0.800 0.877 0.660 0.040 0.829 0.887 0.745 0.053
2021 S-MGL [21] 0.772 0.806 0.664 0.089 0.811 0.844 0.654 0.037 0.829 0.862 0.731 0.055
2021 C2FNet [37] 0.799 0.851 0.710 0.078 0.811 0.886 0.669 0.038 0.843 0.899 0.757 0.050
2023 LSR+ [18] 0.789 0.840 0.751 0.079 0.805 0.880 0.711 0.037 0.840 0.896 0.801 0.048
2022 BGNet [20] 0.807 0.861 0.742 0.072 0.829 0.898 0.719 0.033 0.849 0.903 0.785 0.045
CCGNet (Ours) 0.827 0.877 0.754 0.069 0.833 0.888 0.710 0.033 0.859 0.902 0.785 0.045

Qualitative Evaluation. We qualitatively evaluated different COD algorithms on
the CAMO dataset. As shown in Figure 5, our model provides more accurate details
for the camouflaged object in the second row, which can be attributed to the precise
localization and comprehensive appearance prediction. This result indicates that our FSM
and ERM help the model separate the foreground background better and refine the edge
prediction. For the fish in the third row, the current COD algorithm achieves accurate
localization but predicts the overall structure poorly, resulting in uneven pixel distributions.
Specifically, the phenomenon of missing object structures and labeling the foreground as
the background occurs in the predictions. In contrast, our predictions show significantly
less uneven pixel distribution, which suggests that our proposed AFFM is helpful for the
model in understanding the overall structure of the object. For the fourth row of people,
our model achieves more accurate localization and boundary prediction compared to
other COD algorithms. These results show that our proposed CCGNet can understand
the object’s structure better and achieve finer edge prediction than COD algorithms using
additional priors.

(a) Image (b) GT (¢) Ours (d) BGNet () C*FNet () S-MGL (g) PFNet (h) SINet

Figure 5. Visual comparison of the proposed model with five state-of-the-art COD methods. (The
images are from the CAMO [23] dataset).
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4.3. Ablation Study

To validate the effectiveness of each component and hyperparameter (1) in our design,
we conducted ablation experiments on three publicly available datasets. The results of
these experiments are summarized in Tables 2—4.

Effectiveness of AFFM. From Table 2, we observe that Model 5 outperforms Model 4.
Specifically, utilizing camouflage cues generated by AFFM in Model 5 resulted in an average
improvement of 0.5% in the S, metric, 1.33% in the Ey metric, and 1.23% in the Fg’ metric.
Moreover, as depicted in Figure 6, the third column of results illustrates a comprehensive
overview of the overall structure of the camouflaged object. This observation suggests that
the camouflage cues provided by AFFM indeed contribute to a thorough understanding
of the structure, aiding the model in distinguishing the camouflaged object from a similar
background. Additionally, these cues furnish ample information for subsequent modules
to filter and learn more precise details.

AP

@ I;'ag (b) GT (c) No.1 (d) No.2 (e) No.3

Figure 6. Visual comparisons for showing the benefits of different modules. No.1, No.2, and No.3
depict the predictions generated by the model following AFFM, FSM, and ERM, respectively. (The
images are from the CAMO [23] dataset. The effect images of the FSM and ERM modules are taken
from the O; branch in Figure 2).

Effectiveness of FSM. As shown in Table 2, Model 4 demonstrates significant per-
formance improvements over Model 2 on the three benchmark datasets. Specifically, the
average increase in the S, indicator was 0.3%, the average increase in the E, indicator was
0.26%, and the average increase in the F{’ indicator was 0.8%. Furthermore, as illustrated
in Figure 6, in comparison to the predictions in the third column, the predictions in the
fourth column include more detailed features, such as the dog’s legs in the first row. This
observation suggests that the FSM contributes to enhancing the model’s comprehension of
the overall structure of camouflaged objects as well as mitigating uneven pixel distribution.

Effectiveness of ERM. In Table 2, the improved detection accuracy when comparing
Model 3 with Model 5, or when comparing Model 1 with Model 2, clearly demonstrates
that the inclusion of ERMs significantly enhances the model’s ability to detect edge details.
This is evident from the average increase of 0.56% in the S, metric, 0.3% in the Ey metric,
and 0.36% in the FY metric across the three benchmark datasets. In Figure 6, we observe
that the predictions in the fifth column exhibit smoother edge features compared to those
in the fourth column, as evident in the representation of the lizard abdomen in the third
row of predictions. Additionally, the fifth column predictions present more comprehensive
predictions for camouflaged objects, such as the legs of spiders in the second row. This
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observation implies that the exploration of contextual information between the feature
layers and the filtering of features based on the semantic relevance of different branches
within the same feature to enhance fine-grained feature representation can effectively
enhance the model’s performance in detecting the edge information of camouflaged objects.

Table 2. Quantitative evaluation for ablation studies on three datasets. The best results are highlighted
in bold.

Model Method CAMO-Test COD10K-Test NC4K
Su TEp TESTML  SuTEpTESTML  SuTEp TES T M
1 Base 0.799 0.860 0.717 0.078 0.801 0.867 0.655 0.038 0.834 0.887 0.745 0.050
2 Base+ERM 0.814 0.852 0.727 0.078 0.827 0.875 0.690 0.034 0.854 0.892 0.771 0.046
3 Base+ AFFM+FSM 0.818 0.870 0.746 0.072 0.832 0.885 0.710 0.032 0.852 0.903 0.782 0.045
4 Base+FSM+ERM 0.8220.864 0.7450.074  0.827 0.8710.6940.035  0.855 0.892 0.773 0.047
5 (ours) Base+AFFM+FSM+ERM  0.827 0.877 0.754 0.069 0.833 0.888 0.710 0.033 0.859 0.902 0.785 0.045
Table 3. Sensitivity analysis on A. We compared the best scale factors using the four widely used
indicators on three datasets. The best results are highlighted in bold.
Model A CAMO-Test COD10K-Test NC4K
Sa TEp TESTML  SuTEpTESTML SuTEp TES T M
1 0.2 0.817 0.863 0.740 0.075 0.830 0.877 0.705 0.033 0.855 0.898 0.781 0.045
2 0.3 0.826 0.875 0.753 0.070 0.832 0.884 0.703 0.032 0.857 0.899 0.785 0.044
3 0.4 0.825 0.869 0.750 0.070 0.832 0.885 0.708 0.032 0.855 0.897 0.782 0.045
4 0.5 0.827 0.877 0.754 0.069 0.833 0.888 0.710 0.033 0.859 0.902 0.785 0.045
5 0.6 0.815 0.865 0.738 0.076 0.832 0.888 0.706 0.033 0.857 0.901 0.784 0.045
Sensitivity analysis on A. Analyzing the prediction results of the COD10K-test dataset
in Table 3, we find that the model’s prediction performance shows an increasing and then
decreasing trend as the parameter A increases. Specifically, when A is less than or equal
to 0.4, all the predictors show an increasing trend. When A is greater than 0.5, all the
predictors show a decreasing trend, and the predicted value reaches a peak when A is at
0.5. When A = 0.5, the S, metric increases by 0.1%, the Ey metric increases by 0.3%, and
the FY’ metric increases by 0.2% compared to the predicted value when A = 0.4 (i.e., the
second-highest value in the test). Based on these results, we have set the value of A to 0.5 in
this experiment.
Table 4. AFFM adaptive feature fusion experiment. The best results are highlighted in bold.
Model Lavers CAMO-Test COD10K-Test NC4K
y ScTEpTEY T ML S TE, TEY T ML S TEgTF T M
1 fa 0.822 0.864 0.745 0.074 0.827 0.871 0.694 0.035 0.855 0.892 0.773 0.047
2 fa, f1 0.827 0.870 0.752 0.072 0.830 0.877 0.702 0.034 0.859 0.899 0.783 0.045
3 fa, f3, f1 0.819 0.866 0.747 0.073 0.831 0.878 0.706 0.032 0.857 0.896 0.782 0.042
4 (Ours) fa, f3, fo, f1 0.827 0.877 0.754 0.069 0.833 0.888 0.710 0.033 0.859 0.902 0.785 0.045

AFFM fusion feature layer experiment. In generating camouflage cues in AFFM,
experiments were conducted to ascertain which feature layer information should be com-
bined adaptively. As demonstrated in Table 4, the model’s detection performance exhibited
a significant improvement by including more feature layers in the fusion process. The most
favorable detection outcomes were achieved when all feature layers were employed for
adaptive fusion. These findings underscore the essential role played by each feature layer in
augmenting the model’s comprehension of camouflaged objects. It is crucial to emphasize
that the contribution of each layer to the final test result is distinct and irreplaceable.
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5. Conclusions

In this paper, we propose a novel network, CCGNet, for camouflaged object detection,
which does not require additional prior guidance training. We propose a feature fusion
module that adaptively fuses multilayer features to generate camouflage cues. We integrate
the camouflage cues with a foreground separation module, which filters the fused features
to separate the object from the background. Finally, the edge information of the camou-
flaged object is refined by fusing the context information through the edge refinement
module. Our model outperforms other state-of-the-art methods through comprehensive
experiments on three benchmark camouflage datasets.
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