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Abstract: Compared with generic object detection, camouflaged object detection (COD) is more difficult due to its
high similarity to the background. Most COD methods used convolutional neural network (CNN) in the past. In
contrast, we note the great potential of Transformer in vision tasks, so we use Swin Transformer as the backbone to
generate more robust multi-level features. Considering the complex characteristics between the camouflaged object
and the background, we propose an edge-aware module (EAM) to generate a fine edge prior. In addition, the feature
aggregation module (FAM) is used to fuse multi-level features, and the internal connections between edge points are
investigated by feeding edge feature pixels into a graph convolutional network (GCN) to purify uncertain edge points,
then guiding multi-level feature fusion operation. We reduce indistinguishable noise by cascading several FAMs and
get prediction maps with sharp edges. Experimental results show that the proposed model can run at the real-time
speed of 46 frames per second (FPS) on a single NVIDIA 2080Ti GPU. Comparing with 12 state-of-the-art COD
methods on four public datasets, the proposed method outperforms other approaches.
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0 Introduction

Camouflage originally refers to a method that
animals use to hide themselves or to deceive other
animals, and the ability to camouflage usually af-
fects the survival of these animals. Different from sa-
lient object detection (SOD) , the goal of camou-
flaged object detection (COD) is to detect objects
in environments when the objects are hidden in the
background. Such objects blend in with the back-
ground using the strategies such as distraction'’,
color matching'®', motion camouflage® and disrup-

tive coloration'*’. Animals try to conceal themselves
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from predators to increase their chances of surviv-
ing. Inspired by this zoology mechanism, humans al-
so apply camouflage to a variety of occasions. Sol-
diers conceal themselves by donning camouflage
gear in challenging battlefield settings to reduce the
risk of detection and attack. Simultaneously, people
are also starting to focus on how to employ visual in-
formation to disrupt the camouflage.

Camouflage is common in a range of natural
scenes and can deceive humans. Detecting a camou-
flaged object is more challenging than detecting
tasks that require clear contrasts between the target

and the background. The main reasons are as fol-
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lows: (1) Confusing colors and textures; (2)
blurred boundaries between edges and the back-
ground; (3) deception of human visual perception
by objects®’. While COD is difficult, it is still neces-
sary. COD technology has great potential for appli-
cation, such as defect detection (e.g., road crack
detection) , medical image segmentation (e.g., pol-
yp segmentation, lung infection segmentation) , and
more downstream image analysis. Although several
effective frameworks for general object detection
have been proposed, they cannot achieve satisfacto-
ry performance for COD. Furthermore, early COD
systems relied heavily on modules like receptive
field blocks (RFBs) *' to gather contextual infor-
mation and detect possible regions. By widening the
receptive field, these approaches gather adequate
detailed information, but it is difficult to identify eas-

1910 considered

ily confused pixels. Some approaches
local information (e.g., boundaries) , but they mere-
ly combine it with features and may cause misguid-
ance.

Drawing on the team’s preliminary research ef-

for‘[ﬁ[ 11-15]

, to address the above problems, we pro-
pose a novel network. It gradually generates refined
prediction maps in a cascaded manner, supplements
details via an edge-prior-based graph convolutional
network (GCN), and shows outstanding perfor-
mance on multiple datasets.

First of all, we use the Swin Transformer'** as
the backbone to generate more powerful feature rep-
resentations and then connect the atrous spatial pyra-
mid pooling (ASPP) module"'” at the final layer to
generate the initial prediction prior which contains
multi-scale contextual information. Second, we of-
fer an edge-aware module (EAM) that aggregates
the first three levels’ features and generates accu-
rate edge representations via residual connections
with spatial attention and channel attention''.
Then, we combine the current layer feature, higher-
level feature with edge prior. Inspired by Ref.[19],
we apply a GCN to refine the feature map’ s edge
pixels with reliable edge prediction. After cascading
multiple modules, we acquire prediction maps with
finer boundary information. Note that we use all lev-

els of features extracted from the backbone for more

accurate results. We conduct comprehensive experi-
ments on four benchmark datasets to validate the ef-
fectiveness of the proposed method, and experimen-
tal findings show that the model is effective. The
main contributions are as follows:

(1) We design an EAM, which provides accu-
rate global edge priors for subsequent feature aggre-
gation operations.

(2) We develop a feature aggregation module
(FAM) to combine different hierarchical features
and utilize an edge point-based GCN to refine de-
tailed information. Furthermore, we cascade three
FAMs to progressively generate prediction maps of
different scales.

(3) We further conduct comparative experi-
ments on four commonly used datasets. Compared
with 12 state-of-the-art approaches, the proposed
method outperforms other competitors and can run

at the real-time speed of 46 frames per second (FPS).
1 Related Work

1.1 Camouflaged object detection

Traditional methods mainly focus on low-level
features of images (such as color, texture, gradi-
ent) to evaluate the differences between the objects
and the background. Galun et al."”*”" proposed a bot-
tom-up aggregation framework that combines the
structural features of textures with filter responses
to differentiate objects through different statistical

1.#"" proposed a 3D convexity-

measures. Pan et a
based method to eliminate the influence of the back-
ground noise and identify the camouflaged target.
Bhajantri et al.’”’ employed gray-level co-occur-
rence matrix (GLCM) -based texture features for
camouflage detection. Yin et al."”” used optical flow
to detect moving camouflaged targets. These meth-
ods only consider part of the image features and are
useful in certain situations. It cannot, however, of-
fer superior results in situations where the fore-
ground and background are comparable.

Pioneers have achieved excellent achievements
with convolutional neural networks (CNNs). Le et

al.'"® built a new dataset of camouflaged images for

benchmarking and presented an end-to-end network
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that includes a segmentation branch and another
classification branch. The classification branch is
used to predict the probability that an image con-
tains a camouflaged object, which is subsequently
utilized to enhance segmentation performance in the
segmentation branch. Fan et al." proposed the SI-
Net model which contains two modules: The search
module (SM) locates the camouflaged objects, and
the identification module (IM) is used to accurately
detect it. Mei et al."”’ introduced the concept of dis-
traction into the camouflaged object segmentation
task and developed a new distraction mining ap-
proach for distraction identification and removal to
help the accurate segmentation of camouflaged ob-
jects. Zhai et al."”® decoupled the feature maps into
two specific tasks: One for roughly localizing ob-
jects and the other for accurately predicting edge de-
tails and iteratively reasoning about their higher-or-
der relationships through the graphs. After this, Fan

1 [7]

et a improved the network and provided three

well-designed submodules, namely texture en-
hanced module, neighbor connection, and group re-
versal attention blocks to achieve better results. Li

et al.'*"

proposed joint training of SOD and COD
tasks and use of contradictory information to simul-
taneously improve the performance of both tasks.
Zhan et al.”™ employed multi-scale image features

to detect concealed cracks on road surfaces.
1.2 Edge-aware learning

Existing methods demonstrate that object edge
prediction is more challenging. Besides, correct
edge perception is beneficial to performance. Zhao
et al.'"” use the complementarity of salient edge in-
formation and salient object information to more pre-
cisely detect prominent objects and their boundaries.
Feng et al.”” designed a boundary-enhanced loss
(BEL) to explore refined boundaries. Qin et al."*”
proposed a new loss function, which fused binary
cross—entropy (BCE) loss, structural similarity
(SSIM) and intersection-over-union (IOU) loss,
for effectively segmentation and accurate boundary
prediction. Chen et al.”™' proposed a contour loss,
which leveraged the contour to guide the model to

obtain more discriminative features, and enhanced

local feature representation while preserving object
boundaries. He et al.""” proposed a refined differen-
tial module to generate edge cues and then used a
point-based GCN to model the global boundary fea-

ture learning to detect glass-like objects.
1.3 Vision Transformer

Vaswani et al."*' first presented a Transformer
structure fully based on attention for the subject of
natural language processing (NLP). Recently,
ViT!¥ has applied the Transformer to the field of
computer vision and obtained promising results. DE-
TR"™ used the Transformer decoder for end-to-end
object detection, considerably simplifying the hand-

35]

crafted processes. PV T used a progressive shrink-
ing pyramid to reduce the computation and easily
embed it into various downstream tasks. GLC-
Net'*" integrated the local detail extraction capabili-
ty of CNNs with the global context modeling
strength of Transformers to capture robust feature
representations under complex remote sensing back-
grounds. VOLO"" introduced outlook attention to
efficiently encode finer-level features and context in-
to tokens. DPT™ extracted tokens from the various
stages of the Vision Transformer and used a convo-
lutional decoder to combine them into full resolution
representations for finer-grained and more globally
predictions. Swin Transformer''®’ designed the shift-
ed windows to bring more efficiency by self-atten-
tion and achieve cross-window connection. With
comprehensive consideration of computation and
performance, we choose Swin Transformer as the
backbone.

2 The Proposed Method

2.1 Overview

The broad framework of the proposed model is
depicted in Fig.1. We first provide an input image as
Z: H X WX 3, including one or more object cam-
ouflage in the background. The backbone network

[16]

Swin Transformer " is used to generate four multi-

scale features, which can be denoted as

{ fiel{l,2,3,41}},
last level feature f;, a cascaded ASPP'""' module

respectively. Following the
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Fig.1 The overall pipeline of the proposed model with three main modules

with four dilation rates d €1{1, 6,12, 18 } generates
the initial prediction priors 2.
Then,

named EAM to obtain edge priors. New research*”

we design an aggregation structure

shows that lower-level features from shallow layers
often retain fine-grained information used to con-
struct objects. Thus, we select three-layer shallow-
er features, which are fed to EAM to generate an
edge prior. Furthermore, we use the edge ground
truth to learn more valuable edge cues to direct the
subsequent network. The process can be formulated
as
E=EAMC(/,, fo, f3) (1)
where E denotes the edge prior map produced by
EAM, which is supervised by the edge ground truth
and serves as guidance for the main detection
branch. The detail of EAM is given in Section 2.3.
In order to gradually refine from abstract high-
level features to accurate predictions, we propose
FAM, which locates potential camouflage objects
and mines details by strategically combining multi-
ple prior features, and gradually improves predic-
tions in a way that cascades multiple modules for en-
hanced reliability. The process can be formulated as
P,_,=FAM(P, [, E) (2)
where P, denotes feature from previous level FAM
(P, from ASPP) and f; the feature from current lay-
er, 1€{2, 3, 4}. The detail of FAM is given in Se-

cion 2.4.

Finally, the network outputs high-quality pre-
diction maps and edge predictions, which are jointly
supervised by the ground truth. The details of loss

functions are declared in Section 2.5.
2.2 Swin Transformer backbone

Swin Transformer improves efficiency by self-
attention computation within the non-overlapping
shifted windows. At the same time, cross-window
connections are realized by shifting the window''".
This architecture has flexibility at different scales,
and enables local modeling capabilities while en-
abling long-range dependence. These properties
make it compatible with many vision tasks. Consid-
ering factors such as complexity and performance,
we choose Swin-B as the feature extraction back-
bone network.

After mput the image, the Swin-B backbone
generates a list of feature maps { f;, i€{1, 2, 3, 4}},
respectively. The feature list { /i, /2, /3} is involved
in subsequent edge extraction, and { /3, fs, fi} par-
ticipates in feature aggregation in a cascaded manner
to generate refined global predictions. In particular,
/i dilates multi—scale contextual information via

ASPP to obtain an initial prior feature, which is de-

fined as

P4—LBR(Lat(f4, FAQPP(](;), AQII’<f4)

xspP( f4) \SPP( f4) )) (3)

where Cat(+), CBR(*), and F"" denote concate-
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nation, Conv+ BN + RelLU operation and atrous

convolution with dilation rate 7, respectively.
2.3 Edge-aware module

Deep features are generally recognized to carry
more semantic information, whereas shallow fea-
tures provide more detailed information. As a re-
sult, we select three-level shallower features to pro-
duce edge features. First, { /i, /2, /3} is performed
Conv3 X3, Convl X1, and upsampling opera-
tions to make them have the same size, and then

concatenate them to get a rough edge representation.

Er:Cat(Conv(ﬁ),UpQ(Conv(fZ)),

Up(Conv( £))) (4)
where Up,(+) means ¢ X upsampling operation.
Then, E, through CBR, spatial attention'*
and channel attention’™ (SA 4+ CA) operations,
gets the final edge prior after a residual connection.
E=E.XSA(CA(CBR(E,)))+E. (5)
Specifically, we can define the channel atten-
tion CA(+)as
CA(x)=oc(W(avg(x))+ Wymax(z))) (6)
where x denotes the input; avg‘(+) and max‘( +)
are the average-pooling and max-pooling, respec-
tively; W, and W, share parameters, and each
branch consists of a 1 X 1 convolution that reduces
the number of channels by a factor of 16, followed
by a Rel.U activation and another 1 X 1 convolution
that restores the channel dimension; ¢ denotes the
sigmoid function.
The spatial attention operation SA(+)is
SA(x)=o0o(f""(avg'(x)+ max'(x))) (7)
where avg'( ) and avg'( + ) denote the average-pool-
ing and max-pooling operation cross the channel,
f7""is the convolution with the size of 7X7.
The resulting edge prior will be used to partici-

pate in feature aggregation to enhance details.
2.4 Feature aggregation module

A crucial step in obtaining a good feature repre-
sentation is to mine the target region’s hard pixels.
After residual connection, the overlooked features

can be examined by removing the currently anticipat-

t*", Specifically, we first

ed region at the side outpu
perform a convolution operation on higher-level fea-
ture and current-level feature to ensure that the num-
ber of channels is consistent. After a sigmoid func-
tion, the current-level feature is multiplied with the

reversed higher-level prediction.
Fi=0o(Conv(£))©O1 —(a(P1)))
ie{l,2,3} (8)
where ¢(() denotes the sigmoid function, “(”
the multiple operation, f; the current-level feature,
and 2., the output of the previous cascaded block.
To make F] have sharper edge, inspired by
Ref.[19], we further feed edge pixels with high con-
fidence into a graph convolution network™" to learn
their intrinsic connections. We first extract top-K
high-confidence nodes ), whose value are greater
than a certain threshold from the known edge prior
E, and sample the same number of points from F7;
by their indices. In this way, we obtain the sampled
set of feature matrix X** with the highest probabil-
ity, where C denotes the number of channels. In
this experiment, K is set to 128. Then we can for-

mulate the graph convolution learning process as
Z=ReLU(AXW ) (9)

where A*" ¥ is the adjacency matrix representing the
graph, X*”¢ the input feature matrix, and W "¢ a
learnable feature matrix. We construct A using a sin-
gle 1 X 1 convolution with learnable parameters. Af-
ter graph convolution, we project the output point
feature matrix Z back to F; based on the index. Af-
ter a 3 X 3 Conv operation, the enhanced feature is
reduced to 1 channel and concatenated with F;. Fi-
nally, we get the refined feature 2. The whole pro-
cess can be described as

P =F/+ Conv(GCN(F])) i€{2,3,4} (10)
We finally consider the last 7, as the final pre-

diction map.
2.5 Loss function

Same as previous research*” ') | we combine
two loss components, i.e., the weighted binary
cross entropy (WBCE) loss'™' and weighted inter-
section-over-union (wIOU) loss*, as our loss

function. The two are used to calculate the global
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loss and pixel-level loss, respectively. Unlike stan-
dard loss functions, the weighted loss focuses more
on hard pixels instead of giving the same weights to
each pixel. Furthermore, we perform deep supervi-
outputs of the FAMs
({ P, P», P5}) , the outputs of the EAM (E), and
the outputs of the ASPP (2,). The entire loss func-

sion on the three

tion can be expressed as follows
L=2 1£,, + ’124%‘ (11)

L'rdge - [:WH(‘E( E’Eg) (12)
‘Cprvd: (‘["wlSCE( pi’Pg)+ [:WI()U( R,Pg)) (13)

ie(l.2.3.4)

where E, is the edge ground truth and P, the mask
ground truth; note that we do not use £,y for edge
supervision because of the huge gap between the
foreground region and background region which
may lead to unstable descent of loss function; A, is

setto 10 and A, 1s set to 1.

3 Experiment

3.1 Datasets and evaluation metrics

3.1.1 Datasets

We conduct experiments on four COD bench-
mark datasets. CHAMELEON"™ is a small-sample
dataset which contains 76 images. CAMO"* con-
tains 1 000 images for training (CAMO-Train) and
250 images for the (CAMO-Test).
CODI10K" is the largest dataset to date, which is

testing

divided into five super-classes and 69 sub-class cam-
ouflaged object categories, and has 3 040 training
images, and 2 026 testing images. NC4K'**' is the
largest camouflaged object detection testing datas-
et, which contains 4 121 images, that can be used
to evaluate the generalization ability of the model.
Following the proposed model®’, we combine the
training sets of COD10K-Train and CAMO-Train
to build the final training set and evaluate our model
on the others.
3.1.2 Evaluation metrics

In our experiment, we choose the output of the
latest FAM module 7, as the final prediction map,
because it incorporates more features from multiple
branches. We use four widely-used evaluation met-

rics: Structure-measure (S,)™, mean enhanced-

measure (E,)'*', weighted F-measure (F})""

]

and mean absolute error (MAE )7,

Structure-measure S, evaluates region-level
and object-level structural similarity between predic-
tion A, and ground truth P,, and the formula can be
expressed as
S.=a*S(P,P)+(1—a)S(P,P,) (14)
where S, and S, denote the object-level and region-
level structural similarity, respectively. We set a to
0.5 as indicated in Ref.[44].
Mean E-measure E; uses the enhanced matrix
¢rm to Jointly capture image-level statistics and pix-

el-level matching information.

! iifﬁm(ﬂf,y) (15)

E, —
* wX h ==

Weighted F-measure F; defines weighted Pre-
cision (Precision”) and weighted Recall (Recall*)
to measure exactness and completeness.

; Precision” X Recall”
Fy=01+p")X—; — (16)
pB° X Precision” + Recall”

where 8 is set to 0.3 following Ref.[ 46 ].

MAE measures the pixel-level difference be-
tween the prediction P, and the ground truth P,.
1 w H
For a fair comparison, we use the standard
evaluation with the same code to calculate the four

metrics of all compared models.
3.2 Implementation details

We build the network on the PyTorch frame-
work and train all the experiments on a single
NVIDIA 2080Ti GPU. The weights pretrained on
ImageNet-22k are used to establish the parameters
of the Swin Transformer backbone. Before training,
all camouflage pictures and ground truth maps are
resized to 384X 384 and no augmentation strategies
are used. The batch size is set to 6. We use the Ad-
am optimizer, and the initial learning rate is set to
le—5. After every 30 epochs, the learning rate is di-
vided by 10. The network is trained for a total of
60 epochs, which takes around 5.5 h. During test-
ing, images are also resized to 384X 384 and subse-

quently entered into the network. We only use the
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output of the latest FAM as the final prediction map
since it incorporates more features from multiple
branches. The resulting prediction map is finally
scaled to its original size using the bilinear interpola-
tion operation to evaluate the results. The edge
ground truth is automatically generated from the
original binary masks using a Sobel gradient opera-
tor. The resulting gradient maps are used as supervi-

sory signals for the EAM.
3.3 Ablation study

We design ablation experiments by stepwise de-

coupling each submodule to verify their validity.
3.3.1 Effectiveness of Swin Transformer back-
bone

We replace Swin Transformer backbone with
some CNN backbones (e. g., ResNet-50"*,
ResNet-101"%, Res2Net-50*") and Transformer
backbone (e.g., PVT-M'*") to verify the validity of
the backbone. In all ablation experiments, we only
replace the backbone network while keeping the
training strategies, loss functions, and other set-
tings strictly consistent (Table 1). The best scores
are highlighted in bold.

Table 1 Effectiveness analysis of backbone network, including ResNet-50, ResNet-101, Res2Net-50, PVT-M and Swin-B

CHAM"™

CAMO™

COD10K"™ NC4K™

Backbone

S, Eos* Fy* My S, % E, 2 Fy 2 My S, E,% Fy* My S, 4 E,* Fi* My

ResNet-501"

0.883 0.938 0.812 0.030 0.780 0.840 0.683 0.083 0.784 0.865 0.633 0.042 0.826 0.889 0.740 0.053

ResNet-101% 0.888 0.941 0.810 0.029 0.789 0.849 0.700 0.080 0.822 0.872 0.676 0.038 0.838 0.899 0.757 0.050
Res2Net-50%7 0.884 0.941 0.805 0.031 0.796 0.847 0.700 0.080 0.803 0.876 0.655 0.040 0.836 0.891 0.748 0.051

PVT-M*
Swin-B"”

0.888 0.942 0.814 0.029 0.833 0.912 0.796 0.057 0.838 0.096 0.712 0.030 0.865 0.920 0.788 0.043
0.892 0.949 0.823 0.026 0.882 0.934 0.832 0.041 0.858 0.929 0.757 0.025 0.888 0.938 0.833 0.032

We find that the network performance using
Swin Transformer is significantly better than others.
We also give the visual comparison of different back-
bones in Fig.2. From the left to the right, there are
input images, ground truth (GT) , predictions of
ours (Swin Transformer) , ResNet-50, Res2Net-
50, and PVT-M. From the first and second rows of
Fig.2, we can find that the Transformer backbones
have more accurate structural prediction than the
CNN backbones. It demonstrates the superiority of
transformers’ long-distance dependencies. From the

third row of Fig.2, it shows that camouflage objects

with too small size will be ignored in CNN back-

S EIESENENES

£~ R
L ddsac =

ResNet-50 Res2Net-50 PVT-M

Images Ours

Fig.2 Visual comparison of different backbones

bones. It may be caused by an excessively large re-
ceptive field. In general, Swin backbone is better
than others.
3.3.2 Effectiveness of FAM

To verify the effectiveness of FAM, we con-
duct ablation studies by gradually decoupling the
pipeline of the input. We first remove the higher-lev-
el feature branch while keeping the two other
branches. Then we add the higher-level guidance in-
to the FAM, but only use a simple convolution on
the P, (as the higher-level feature of the first FAM)
to reduce the number of channels instead of the
ASPP. From Table 2, we find that our method
wins about 0.018, 0.023, 0.022, 0.005 on S-mea-
sure, mean E-measure, weighted F-measure, and
MAE, respectively, where w/o is the abbreviation
of without. This shows the important role of the
higher-level guidance. Moreover, compared with
the method without the ASPP module, our full
model gets much better scores. This demonstrates
that connecting ASPP after the backbone to produce
a prior is beneficial for subsequent feature aggrega-

tion.
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Table 2 Effectiveness analysis of higher-level feature guidance

CHAM"™

CAMO™

COD10K"™ NC4K™

Ablation variant

Sct Eod Fy A My S,Y Eo P Fyd My S, A Eg M Fy b My S, 4 Eg A Fi A MY

w/o higher-level guidance 0.878 0.920 0.802 0.032 0.860 0.920 0.807 0.048 0.840 0.898 0.736 0.029 0.869 0.920 0.812 0.036

w/o ASPP
w/oFAM 18&.28&.3
w/o FAM 2 &. 3
w/o FAM 3

0.886 0.938 0.813 0.029 0.874 0.924 0.818 0.045 0.850 0.916 0.744 0.026 0.878 0.928 0.820 0.034
0.883 0.937 0.803 0.031 0.877 0.924 0.819 0.046 0.849 0.920 0.738 0.031 0.878 0.925 0.820 0.038
0.888 0.937 0.813 0.030 0.879 0.927 0.823 0.044 0.856 0.925 0.748 0.029 0.884 0.934 0.827 0.034
0.892 0.940 0.819 0.027 0.881 0.928 0.827 0.044 0.858 0.926 0.751 0.027 0.885 0.934 0.827 0.034

Ours 0.892 0.949 0.823 0.026 0.882 0.934 0.832 0.041 0.858 0.929 0.757 0.025 0.888 0.938 0.833 0.032

We further justify the effectiveness of the FAM
by substituting it with a lightweight alternative that
performs cross-level feature fusion via edge-guided
spatial weighting. Our ablation protocol involves re-
moving the FAM from the deepest layer (testing
high-level GCN necessity) , the mid-high layers
(testing redundancy) , and all layers. Quantitative
results in Table 2 reveal that the S-measure remains
relatively stable during progressive removal, whereas
pixel-wise precision drops drastically. The model
maintains coarse structural awareness but loses fine
details. Crucially, ablating the shallowest FAM
leads to a catastrophic failure, underscoring that the
refinement of high-resolution features via the FAM
is indispensable for pixel-accurate saliency mapping.

We further conduct ablation studies on edge pri-

or branch to verify its effect on feature aggregation.

3.3.3 Effectiveness of EAM

We completely remove the edge prior from the
EAM to verify its effectiveness. From the column 3
and column 4 of Fig.3 we can find that the edge
guidance enhances the edge details of the prediction
map. We further preserve the edge prior but use a
simple concatenation instead of GCN operations in
the FAM. The column 5 of Fig.3 shows its ability
for extracting hard pixels of edge. In addition, com-
pared with the full network, Table 3 shows that
sharper edge information supplement improves net-

work performance.

£ I
A

Images GT w/o edge w/o GCN

Fig.3 Effectiveness of edge guidance

Table 3 Effectiveness analysis of edge guidance and edge-based GCN operation

CHAM"™

CAMO™

COD10K"™ NC4K"

Ablation variant

S.t Eo} Fyt My S, % E 4 Fyd My S, & E,* Fyd MYy S, 4 Ex, b Fyh My

w/o0 edge guidance 0.884 0.840 0.812 0.030 0.863 0.881 0.800 0.049 0.819 0.912 0.725 0.028 0.867 0.902 0.782 0.046

w/0o GCN

0.889 0.940 0.816 0.028 0.878 0.929 0.827 0.043 0.854 0.920 0.749 0.026 0.881 0.930 0.821 0.035

Ours 0.892 0.949 0.823 0.026 0.882 0.934 0.832 0.041 0.858 0.929 0.757 0.025 0.888 0.938 0.833 0.032

3.3.4 Sensitivity analysis on the number of
edge points K

To investigate the impact of Top-K edge pixel
selection on model performance, we conduct the
following ablation study. As presented in Table 4,
selecting a small number of K leads to insufficient
information within the graph structure, preventing
the graph network from

accurately  refining

continuous  edges. Conversely, selecting an

excessively large K introduces low-confidence edge

points as noise, which disrupts the structural

integrity of the predictions. On balance, we
determine that K=128 is the optimal value for
achieving robust performance.
3.3.5 Sensitivity analysis on loss weights

To investigate the impact of the loss weights
on training, we conduct an ablation study by vary-
ing the edge loss coefficient A, &€ {1, 5, 10, 15 } while
keeping other training parameters constant. The

quantitative results are summarized in Table 5.
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Table 4 Ablation study on the number of edge points K

Number CHAM™ CAMORY COD10K"™ NC4K™!
of edge
point K S.A E h FyA MYV S, A E,h FyA MY S, A E b FyA My S, A E A FiA My

64 0.887 0.937 0.809 0.030 0.879 0.926 0.821 0.044 0.857 0.924 0.748 0.026 0.885 0.933 0.825 0.034
256 0.890 0.942 0.815 0.029 0.881 0.928 0.825 0.043 0.857 0.924 0.749 0.027 0.886 0.934 0.827 0.034
128 0.892 0.949 0.823 0.026 0.882 0.934 0.832 0.041 0.858 0.929 0.757 0.025 0.888 0.938 0.833 0.032

Table 5 Sensitivity analysis of the loss weight A

Loss weight CHAM® CAMO™ COD10K" NCA4K!

A S.A Esh Fyd My S, A Eob Fyd My S, A Eod FyA My S, Eoh Fyr My
A=1, =1 0.889 0.940 0.814 0.029 0.880 0.930 0.827 0.042 0.856 0.926 0.750 0.026 0.887 0.935 0.828 0.034
A=5, =1 0.890 0.945 0.818 0.028 0.882 0.931 0.829 0.043 0.859 0.927 0.753 0.026 0.888 0.938 0.831 0.034
A=10, 2,=1 0.892 0.949 0.823 0.026 0.882 0.934 0.832 0.041 0.858 0.929 0.757 0.025 0.888 0.938 0.833 0.032
A=15, 2,=1 0.887 0.938 0.816 0.031 0.878 0.930 0.826 0.044 0.856 0.925 0.750 0.026 0.882 0.931 0.823 0.037

Experimental results indicate that a small A, methods, including BASNet™, EGNet”, CPD"",
causes a slight decrease in S,, and the predictions F*Net*, PraNet”, SINet”, PFNet®, C2FNet™,
maintain basic structural integrity. However, met- SINetvV2'™, LSR™, UGTR™, ZoomNet™,

rics such as E,, F} and M drop sharply. This sug- DTINet™, and TPRNet"". For a fair comparison,

gests that an insufficient edge loss weight leads to we directly use the prediction maps provided by the

severe pixel-level prediction bias. Conversely, authors and evaluate them with the same formula. If

when A, is set too high, the model overemphasizes the prediction map is lacking, we generate the pre-

. . diction maps using the author’s pretrained model.
edge details at the expense of the overall pixel struc- P g P

3.4.1 Quantitative results
ture.

We summarize the quantitative results of differ-
3.4 Comparison with the SOTA methods ent baseline models on the four datasets (Table 6).

We compare our method with 12 existing COD The best scores are highlighted in bold. From the re-

Table 6 Quantitative results of different datasets (including CHAM, CAMO, COD10K and NC4K) on four evaluation

metrics

CHAM™ CAMO™ COD10K"™ NC4K"™

S.* Es* Fy* MV S, % E;* Fy* MV S,* E;* F)* MV S.* E,* Fy* My

BASNet™ 0.687 0.721 0.474 0.118 0.618 0.661 0.413 0.159 0.634 0.678 0.365 0.105 0.695 0.785 0.546 0.095
EGNet®  0.848 0.870 0.702 0.050 0.732 0.768 0.583 0.104 0.737 0.779 0.509 0.056 0.777 0.864 0.639 0.075
CPD"™  0.853 0.866 0.706 0.052 0.726 0.729 0.550 0.115 0.747 0.770 0.508 0.059 0.787 0.852 0.696 0.072

F3Net*  0.848 0.917 0.744 0.047 0.711 0.780 0.564 0.109 0.739 0.819 0.544 0.051 0.780 0.848 0.656 0.070
PraNet®™  0.860 0.907 0.760 0.044 0.769 0.824 0.663 0.094 0.789 0.861 0.629 0.045 0.822 0.877 0.724 0.059
SINet®  0.869 0.891 0.740 0.044 0.751 0.771 0.606 0.100 0.771 0.806 0.551 0.051 0.808 0.876 0.723 0.058

PFNet®™  0.882 0.942 0.810 0.033 0.782 0.852 0.695 0.085 0.800 0.868 0.660 0.040 0.839 0.892 0.745 0.053
C2FNet™ 0.888 0.946 0.828 0.032 0.820 0.864 0.752 0.066 0.813 0.890 0.636 0.036 0.838 0.898 0.762 0.049
SINetV2™ 0.888 0.942 0.816 0.030 0.820 0.882 0.743 0.070 0.815 0.887 0.680 0.037 0.847 0.905 0.770 0.048
LSR™  0.890 0.948 0.820 0.030 0.787 0.852 0.696 0.080 0.804 0.889 0.673 0.037 0.840 0.907 0.770 0.048

UGTR™  0.888 0.918 0.794 0.031 0.785 0.859 0.686 0.086 0.818 0.850 0.667 0.035 0.839 0.892 0.746 0.052
ZoomNet™ 0.902 0.958 0.845 0.023 0.820 0.892 0.752 0.066 0.838 0.911 0.729 0.029 0.853 0.912 0.784 0.043
TPRNet™ 0.891 0.930 0.816 0.031 0.814 0.870 0.781 0.076 0.829 0.892 0.725 0.034 0.854 0.903 0.790 0.047
DTINet™ 0.883 0.928 0.813 0.033 0.857 0.912 0.796 0.050 0.824 0.893 0.695 0.034 0.863 0.915 0.792 0.041
Ours  0.892 0.949 0.823 0.026 0.882 0.934 0.832 0.041 0.858 0.929 0.757 0.025 0.888 0.938 0.833 0.032

Baseline
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sults we can find that Zoom, as the latest method,
outperforms other methods on each dataset, and our
method outperforms it on three datasets (CAMO,
CODI10K, NC4K). Specifically, our method has a
4.5% improvement on S,, 2.8% improvement on

the mean E,, 6.4% improvement on the average

F;, and 0.004—0.024 decrease on MAE. Our

0.8
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method outperforms all competitors on three datas-
ets (CAMO, CODI10K, NC4K) and is the second
best on one dataset (CHAMELEON). We further
provide Precision-Recall and F-measure curves of
our method and other 11 state-of-the-art (SOTA)

models. As shown in Fig.4, ours performs better

than other models.
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o
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Fig.4 F-measure curves (the 1st row) and precision curves (the 2nd row) of 12 methods on four benchmark datasets

3.4.2 Visual comparison
Fig.5 is the result of comparing our method
with other SOTA models. It can be observed that

our method outperforms others in predicting the
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camouflage objects.
In particularly, our method achieves more ro-
bust edge representations when all methods accu-

rately localize objects (e.g., the 6th row).

HIEI
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la<Ad0NEREN

MGL-R  PFNet  SINetV2

Fig.5 Vision comparison of the proposed model with SOTA methods
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3.4.3 Analysis of speed and model complexity
Table 7 shows the speed and computational
complexities of our method and seven other latest
models. We do experiments on a NVIDIA 2080T1
GPU. The hyperparameters refer to the settings in
the corresponding papers. Our model has 109.41M

parameters and requires 48.56G floating-point opera-
tions (FLOPs). The complexity of the model is
mainly in the Swin-B backbone part which has 88M
parameters and costs 47G FLLOPs. Despite the large
number of model parameters, it can still run at the
real-time speed of 46 FPS.

Table 7 Speed and model complexity analysis on multiple models

Method Ours SINet" PFNet™’ UGTR™  MGL-R™ LSR™ SINetV2”  ZoomNet™
Paramster  109.41M 48.95M 46.50M 48.87TM 63.58M 50.95M 24.93M 32.38M
FLOPs 48.56G 19.42G 19.00G 1.00T 549.62G 66.64G 12.24G 203.40G
FPS 46 56 62 12 56 52 25

3.5 Failure cases

Although our method has achieved excellent ac-
curacy, it may still fail in some challenging scenari-
os. We show partially failed cases in Fig.6. We ar-
gue that the main reasons for failure are :

(1) Although we employ edge guidance to re-
duce the effect of blurred bounds, it is still readily
misled in scenarios with many obfuscated object
boundaries (the 1st row of Fig.6).

(2) When the scale of the object is excessively
small, the repeated downsampling operations lead
to the neglect or even complete loss of object fea-
tures, thereby preventing accurate localization (the
2nd row of Fig.6).

(3) While the GCN performs well on regions
with continuous edges, it struggles with irregular
and fragmented occlusions. In such scenarios, fine
boundaries fail to generate a sufficient number of
graph nodes. Meanwhile, the disconnected and dis-
tant small regions restrict the connectivity between

nodes, preventing the model from accurately captur-

Images GT Ours

Fig.6 Several failure cases

ing the edges of multiple regions (the last row of
Fig.6).

In order to solve the above problems, we argue
that it can be alleviated by fine-grained network
structures, augmented datasets or high-resolution

training datasets. These await our further research.

4 Discussion

In this study, we propose a novel COD frame-
work based on the Swin Transformer, incorporating
an edge-aware module and a graph-based feature ag-
gregation strategy. The proposed method achieves
superior performance over existing approaches on
multiple public benchmark datasets. This section
provides an in-depth analysis and discussion of the
experimental results from five perspectives: Module
effectiveness, trade-off between accuracy and effi-
ciency, generalization ability, model limitations,

and future research directions.
4.1 Effectiveness of the proposed modules

Ablation studies demonstrate that each compo-
nent of the proposed network contributes significant-
ly to performance improvements. Compared with
traditional CNNs (e. g., ResNet, Res2Net) and
lightweight Transformer backbones (e.g., PVT) ,
Swin Transformer offers stronger capability in mod-
eling long-range dependencies and capturing global
context, thus providing a more robust feature repre-
sentation for COD tasks. The EAM enhances

boundary representations by aggregating low-level



586

Transactions of Nanjing University of Aeronautics and Astronautics

Vol. 43

features and applying spatial and channel attention
mechanisms, leading to more accurate boundary
prediction. The FAM, guided by graph convolution
networks, effectively models the intrinsic relation-
ships between high-confidence edge points, refining
multi-level features in a cascaded manner and signifi-
cantly improving the clarity and precision of the final

predictions.
4.2 Trade-off between accuracy and efficiency

Although the proposed model has a relatively
large number of parameters (109.41M) and higher
computational complexity (48.56G FLOPs), it still
achieves the real-time inference speed of 46 FPS on
a single NVIDIA 2080T1 GPU. This indicates that
the method balances detection accuracy and compu-
tational efficiency, making it suitable for practical

applications.
4.3 Generalization ability

To further evaluate the generalization capabili-
ty of the proposed model, we apply it to several
downstream tasks that share similarities with COD,
including polyp segmentation, lung infection detec-
tion, camouflaged people detection, and road crack
detection. Experimental results demonstrate that
our method consistently yields strong performance
across these tasks, suggesting that the proposed ap-
proach is not only effective in COD but also transfer-

able to medical imaging and industrial inspection ap-

plications.
4.4 Limitations

Despite its promising performance, the pro-
posed method has several limitations. In scenarios
with extremely blurred boundaries or very small-
scale targets, the model may fail to accurately local-
ize the object. Additionally, in heavily occluded
scenes, the model can misclassify due to irregular
shapes and ambiguous cues. Furthermore, the rela-
tively complex network structure may pose challeng-
es for deployment in resource-constrained environ-

ments.
4.5 Downstream applications

To further confirm our method’s generalization
performance, we do validation studies on the four
downstream applications listed below.

(1) Polyp segmentation

Similarly to camouflaged objects, polyp seg-
mentation in colonoscopy images is a challenging
task. Following Ref.[ 8], we first retrain our model
on ClinicDB""" and Kvasir-SEG"™ training datasets
to verify its generalization ability in the medical im-
aging field. We then use two unseen test datasets,
namely ETIS™' and ColonDB'™', to evaluate the
results. Table 8 shows the results of our method
compared with SOTA methods on four metrics (in-
cluding Dice™, S,, E3™ and F}). The visualization

results can be seen in Fig.7(a).

Table 8 Quantitative results on ETIS™ and ColonDB™ test datasets

el CHAM™ CAMO™
aseline
Dice™ 4 S, A Eg= 4 FyA Dice™ 4 S A Ey A FyA
UNet™ 0.444 0.684 0.740 0.366 0.512 0.710 0.780 0.494
UNet+ -+ 0.509 0.683 0.776 0.390 0.660 0.692 0.760 0.467
PraNet" 0.638 0.794 0.841 0.600 0.728 0.820 0.872 0.699
Ours 0.732 0.860 0.881 0.704 0.785 0.858 0.910 0.765

(2) Lung infection segmentation

To further validate the effect of our method on
medical images, we retrain our model on the COV -
ID-19 lung infection segmentation dataset'™’. From
Fig.7(b), we can find that even if the contrast be-
tween the infected area and other parts in the CT im-

age is extremely low, our method can still perform

preliminary segmentation.

(3) Camouflage people detection

People will hide in some complicated situations
due to particular camouflage. The study of persons
dressed in certain camouflage patterns has crucial
consequences for certain special vocations (e.g.,

field rescue, military). We validate our method on a
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special camouflaged people dataset'®’. The visual-
ization results are shown in Fig.7(c).

(4) Defect detection

Defects in industrial products endanger human
safety. However, due to their irregularity and topo-
logical complexity, defects are frequently difficult to
discover. We retrain our model using CrackFor-
est'™, a road crack dataset. Despite the small num-
ber of sample (only 156 images) , our approach pro-

duces good results (Fig.7(d)).

Images GT Ours

Images GT Ours
(a) Polyp segmentation (b) Lung infection segmentation
) i
Tmages GT Ours  Images GT Ours
(c) Camouflaged people detection (d) Road crack detection

Fig.7 Visualization results for four downstream applications

5 Conclusions

This paper proposes a novel approach for the
COD task. First, Swin Transformer is employed to
generate robust feature representations. Further-
more, the EAM is adopted to yield more discrimina-
tive edges, while the FAM further refines edge de-
tails and enhances inter-layer information fusion.
Compared with 12 state-of-the-art COD methods,
the proposed method exhibits excellent performance
and strong generalization ability on four benchmark
datasets. Additionally, the method achieves satisfac-
tory results in several experiments on downstream
applications, which indicates its certain application
value.

Future efforts can be directed toward the fol-
lowing aspects: (1) Integrating stronger multi-scale
attention and structure-aware modules to enhance
detection of small or highly camouflaged objects;
(2) exploring tighter integration of graph neural net-

works and Transformer architectures to improve

cross-level feature interaction; (3) designing more
lightweight and efficient architectures for deploy-
ment on mobile or edge devices; (4) constructing
more diverse and challenging synthetic camouflage
datasets, and employing data augmentation tech-
niques to improve model robustness and adaptabili-
ty.
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