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Abstract—In recent years, deep learning methods have made
significant progress in polyp image segmentation tasks. However,
effectively modeling the complementary relationship between
spatial and frequency domain features within a unified frame-
work and accurately describing the complex and blurred polyp
boundaries remains a challenging task. Most existing methods
focus on spatial domain feature learning, and even when fre-
quency domain information is introduced, the differences in
spectral energy distribution across different feature layers are
often neglected. Meanwhile, cross-layer feature fusion and region-
specific modeling are insufficient, and the high-level semantic
information is not effectively used to guide low-level spatial
features, lacking differentiated modeling mechanisms for fore-
ground, background, and boundary regions. To address these
issues, we propose a Dual-domain Feature Enhancement and
Boundary-guided Multi-branch Attention Network (DBMA-Net)
for polyp image segmentation. The network first introduces a
Multi-scale Context and Attention Fusion Module (MCAF) to
enhance the multi-scale structural and texture representation
of shallow features. Next, a Dual-domain Feature Enhancement
Module (DFE) is designed to strengthen the expression of
deep features by collaboratively modeling spatial semantics and
frequency domain global texture information. In addition, a
Boundary-guided Multi-branch Attention Module (BMAM) is
proposed, which adaptively focuses on foreground, background,
and boundary regions using high-level prediction results, thereby
improving the ability to describe complex boundaries. Exper-
imental results on five publicly available polyp segmentation
datasets demonstrate that the proposed DBMA-Net outperforms
existing methods across various evaluation metrics.

Index Terms—polyp segmentation, medical image segmenta-
tion, dual-domain feature learning, boundary-guided attention

I. INTRODUCTION

Colorectal cancer (CRC) is one of the most prevalent
cancers world- wide, ranking second in both incidence and
mortality, posing a serious threat to public health [1]. There-
fore, early detection and removal of polyps are crucial for
preventing CRC. Colonoscopy, as the ”gold standard” for the
diagnosis and treatment of CRC, allows for direct observation
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of intestinal mucosa and identification of potential lesions.
However, this process is highly dependent on the experience
of doctors and is affected by factors such as the diverse shapes
of polyps, blurred boundaries, and their high similarity to
surrounding mucosa [2], posing risks of false positives and
missed detections. Therefore, developing a computer-aided
system capable of automatically and accurately segmenting
polyps in complex scenes is of great value in reducing the
burden on doctors and improving the early diagnosis and
treatment of CRC.

Early methods for polyp segmentation relied on manually
designed low-level features such as color, texture, and shape
[3], [4]. However, due to the limited expressive power of these
features, they struggled to adapt to complex polyp shapes
and blurred boundaries, resulting in weak generalization ca-
pabilities. With the development of deep learning, methods
based on Convolutional Neural Networks (CNNs) have grad-
ually become mainstream. U-Net [5] has become a classic
framework through the effective fusion of multi-layer features,
and its segmentation performance has been further improved
through deeper network structures and attention mechanisms
[6], [7]. Nevertheless, the local receptive field of convolution
limits its ability to model global context. To address this,
Transformer-based methods such as Swin-UNet [8] and Polyp-
PVT [9] have been introduced, which can better capture long-
range dependencies but still suffer from deficiencies in detail
and boundary delineation. Recent CNN–Transformer hybrid
architectures, such as TransFuse [10], have achieved better
segmentation results in complex scenarios by combining the
advantages of both.

The aforementioned methods have made certain progress in
spatial domain feature modeling and global semantic model-
ing, but most of them still primarily rely on spatial domain
representation, with relatively limited utilization of frequency
domain information [7], [9]. Existing research has shown
that frequency domain features possess unique advantages
in characterizing global structure, periodic texture, and edge
variations, which are helpful in distinguishing polyps from the
background and mitigating low contrast and noise interference



[11], [12]. However, in current polyp segmentation methods,
frequency domain information is often introduced only in a
coarse-grained manner as an auxiliary form, such as through
Fourier transform or spectral filtering to enhance features [12],
[13]. This approach often overlooks the differences in feature
spectral distribution across different semantic levels and fails
to effectively distinguish between the distinct roles of low-
frequency semantic structures and high-frequency boundary
details. Furthermore, features in the frequency and spatial
domains are often modeled in separate branches, lacking an
effective collaborative interaction mechanism, which limits
their discriminative ability in complex scenarios. Therefore,
achieving collaborative modeling of spatial and frequency do-
main features within a unified framework and fully exploiting
multi-level spectral information remain of great significance
for enhancing the performance of colorectal polyp segmenta-
tion.

In addition to the inadequate collaborative modeling be-
tween frequency and spatial domains, the insufficient cross-
layer feature fusion and regional discriminative modeling are
also significant factors limiting the performance of existing
polyp segmentation methods. In colonoscopic images, polyp
regions often exhibit characteristics such as blurred bound-
aries, irregular shapes, and high similarity to surrounding
mucosal tissues, leading to significant overlap between fore-
ground, background, and boundary regions in the feature
space. Although some methods enhance boundary perception
by introducing boundary constraints or explicit edge supervi-
sion [14], [15], these methods often rely on fixed forms of
boundary representation, making it difficult to adapt to the
complex boundary variations of polyps with different scales
and shapes. On the other hand, most existing segmentation
networks tend to uniformly process the entire feature map
during feature modeling, lacking a differentiated modeling
mechanism for foreground, background, and boundary regions.
This makes it difficult for the network to effectively distinguish
between real polyp regions and background interference when
facing low-contrast areas or uncertain boundaries, leading
to issues such as boundary shifts or local discontinuities.
Therefore, there is still a lack of effective solutions for
fully utilizing high-level semantic guidance in the multi-layer
feature interaction process to achieve adaptive attention to
different regions.

To address the above issues, we propose a polyp seg-
mentation network (DBMA-Net) that combines dual-domain
feature enhancement and boundary-guided multi-branch atten-
tion. The network uses Pyramid Vision Transformer (PVT)
as the encoder to model long-range dependencies and ex-
tract multi-scale semantic representations. A cascaded feature
decoder (CFM) aggregates high-level features to generate
initial globally consistent predictions. To tackle the challenges
of scale variation and background interference in shallow
features, we design a Multi-scale Context and Attention Fu-
sion Module (MCAF) to enhance the discriminative ability
of low-level features. Additionally, the Dual-domain Feature
Enhancement (DFE) module adaptively divides frequency

components and jointly models spatial and frequency-domain
information, suppressing redundant low-frequency interference
while preserving key polyp structure and boundary-related
information. Finally, we propose a Boundary-guided Multi-
branch Attention Module (BMAM) to fine-tune the modeling
of foreground, background, and boundary regions under the
guidance of high-level predictions, improving segmentation
accuracy and robustness in complex boundary regions. The
main contributions of this work include:
• We propose the DBMA-Net, which alleviates the issues

of insufficient frequency domain modeling and inade-
quate cross-layer feature fusion and region discrimination
modeling in existing methods.

• We have designed a Multi-scale Context and Attention
Fusion (MCAF) module, which enhances the structural
expression ability of shallow features through multi-
receptive field context modeling and adaptive attention
mechanism, effectively preserving fine-grained details
and weak boundary information.

• We designed a Dual-domain Feature Enhancement (DFE)
module to explicitly model the complementary relation-
ship between spatial and frequency domain features. By
adaptively partitioning frequency components based on
spectral energy distribution, we achieve the enhancement
of deep features.

• We designed a Boundary-guided Multi-branch Attention
Module (BMAM), which utilizes high-level predictions
as semantic priors to perform differentiated modeling
for foreground, background, and boundary regions, and
enhances boundary perception through dynamic attention
fusion.

II. METHODOLOGY

A. Overall architecture

Fig. 1 illustrates the architecture of the proposed DBMA-
Net, which adopts PVTv2-b2 as the backbone and consists of
four main modules: Multi-scale Context and Attention Fusion
Module (MCAF), Dual-domain Feature Enhancement Mod-
ule (DFE), Boundary-guided Multi-branch Attention Module
(BMAM) and Cascaded Fusion Module (CFM) [9].

Specifically, given an input image I ∈ RH×W×3, it is
first fed into the PVTv2-b2 [16] backbone to extract multi-
level features Fi ∈ R

H

2i+1× W

2i+1×Ci , where i ∈ {1, 2, 3, 4}
and Ci ∈ {64, 128, 320, 512} denote the channel dimensions
of each stage. Then, the shallow feature F1, which contains
rich details related to polyps, is input into the MCAF module.
By leveraging multi-scale dilated convolutions together with
channel and spatial attention mechanisms, MCAF enhances
low-level structural details and outputs the shallow enhanced
feature F ′1. Meanwhile, the middle- and high-level features
{F2, F3, F4} are respectively input into three parallel DFE
modules. Through joint modeling in the spatial and frequency
domains, DFE improves feature representation capability and
enables the network to capture cross-scale semantic informa-
tion of polyps, resulting in enhanced features F ′2, F ′3, and F ′4.



Fig. 1. Overall architecture of the proposed DBMA-Net.

Fig. 2. Overview of Multi-scale Context and Attention Fusion Module
(MCAF).

Subsequently, the enhanced features F ′i ∈ R
H

2i+1× W

2i+1×64,
where i ∈ {2, 3, 4}, are fed into the CFM to aggregate high-
level features and capture global contextual information. This
process generates a coarse global localization prediction map
S5 ∈ R

H
23
×W

23
×1, which serves as guidance for subsequent

refinement. Next, the output of the previous BMAM (with
the last BMAM receiving S5), the corresponding enhanced
feature F ′i (i ∈ {1, 2, 3, 4}), and the edge guidance map
E extracted by a Laplacian operator are jointly fed into the
BMAM. Finally, four segmentation maps with different spatial
resolutions Si (i ∈ {1, 2, 3, 4}) are produced, where S1 is
regarded as the final segmentation result.

B. Multi-scale Context and Attention Fusion Module

To enhance the representation capability of shallow features
for complex polyp shapes and irregular boundaries, we pro-
pose the MCAF module, as illustrated in Fig. 2. The module
enlarges the receptive field via multi-branch dilated convolu-
tions to improve contextual modeling, and integrates channel
and spatial attention mechanisms to highlight discriminative
features, thereby effectively improving the segmentation of
small polyps and blurred boundaries.

Specifically, given the shallow feature map F1, a 3 × 3
convolution is first applied to obtain a smoothed feature rep-
resentation L1, which helps capture more fine-grained spatial
details and improves feature continuity. Then, L1 is evenly
split along the channel dimension into four feature groups,
denoted as {L1−1, L1−2, L1−3, L1−4}. Subsequently, adjacent
branch features are combined through element-wise addition
and fed into 3 × 3 convolutions with different dilation rates
to extract multi-scale contextual information. The resulting
feature maps from all branches are concatenated along the
channel dimension and passed through a 1 × 1 convolution
for feature fusion, followed by a residual connection and a
3 × 3 convolution for further refinement. Finally, channel
attention and spatial attention are employed to emphasize
salient features and suppress irrelevant responses, producing
the enhanced shallow feature map F ′1. The overall process can
be formulated as follows.

L1 = Conv3×3(F1) (1)
L′1−1 = Convd23×3(L1−1 + L1−2)

L′1−2 = Convd33×3(L1−2 + L1−3)

L′1−3 = Convd53×3(L1−3 + L1−4)

L′1−4 = Conv3×3(L1−4)

(2)

L′1 = Conv3×3

(
Conv1×1

(
Cat(L′1−1, L

′
1−2, L

′
1−3, L

′
1−4)

)
+Conv1×1(F1)

)
(3)

F ′1 = SA
(
CA(L′1)

)
(4)

where Convk×k denotes a convolution operation with kernel
size k, Convd3×3 represents a dilated convolution with dilation
rate d, Cat(·) denotes channel-wise concatenation, CA(·)



Fig. 3. Overview of Dual-domain Feature Enhancement Module (DFE).

and SA(·) indicate channel attention and spatial attention,
respectively.

C. Dual-domain Feature Enhancement Module

Existing colorectal polyp segmentation methods primarily
rely on spatial domain feature modeling. However, due to
the variability of polyp shapes, blurred boundaries, and low
contrast, it is difficult to simultaneously account for geo-
metric structure adaptability and global context consistency.
Frequency domain features, on the other hand, can enhance
the structural information of images from a global perspective,
but current frequency domain methods struggle to adapt to
the varying energy distributions across different images. To
address these issues, we propose a Dual-domain Feature
Enhancement (DFE) module, which improves the modeling
accuracy of polyp regions and boundaries through adaptive
spatial domain modeling and dynamic frequency domain en-
ergy perception.

Specifically, as illustrated in Fig. 3, during the spatial-
domain enhancement stage, the input feature Fi (i ∈ {2, 3, 4})
is first normalized, followed by a multi-branch deformable
convolution structure. Each branch independently learns de-
formation offsets, allowing adaptive adjustment of sampling
locations to better match the irregular geometry of polyps.

Zj = Dj(LN(Fi)) , j ∈ {1, 2, 3} (5)

W =

3∑
j=1

Zj (6)

To further enhance feature discriminability, a gating and chan-
nel selection mechanism is introduced. Channel-wise weights
are generated via global average pooling to emphasize infor-
mative channels, followed by a 1 × 1 convolution to restore
the original channel dimension. Finally, a residual connection
is employed to avoid feature distortion caused by excessive
enhancement.

Y = Conv1×1(SCA(SG(W ))) + Fi (7)

In the frequency-domain enhancement stage, the spatially
enhanced feature Y is first normalized and transformed into
the frequency domain via a 2D Fourier transform. The mag-
nitude spectrum and phase spectrum are denoted as mag and

pha, respectively. Based on the cumulative energy distribution
in the frequency domain, low-, mid-, and high-frequency
components are adaptively determined.

mag,pha = FFT(LN(Y )) (8)

M ′i = ReLU(Conv(Mi)) , i ∈ {L,M,H} (9)

Mf =
∑

i∈{L,M,H}

M ′i (10)

M ′ =Mf ⊗ σ(ReLU(Conv(Mf ))) (11)

P ′ = pha⊗ σ(Conv(pha)) (12)

Y ′ = IFFT(M ′, P ′) (13)

Y ′′ = Y ′ ⊗ Y + Y (14)

where LN(·) denotes normalization, σ(·) is the Sigmoid ac-
tivation function, and IFFT(·) denotes the inverse Fourier
transform that maps frequency-domain features back to the
spatial domain.

D. Boundary-guided Multi-branch Attention Module

In this paper, we propose a Boundary-guided Multi-branch
Attention Module (BMAM), which jointly utilizes boundary
features extracted by the Laplacian operator, high-level pre-
diction guidance maps, and semantic features. The module
enhances foreground, background, and boundary information
in multiple branches and performs adaptive fusion through
a dynamic gating mechanism, effectively improving polyp
boundary delineation and overall segmentation performance.

Specifically, as illustrated in Fig. 4, the reverse feature Sri+1

is first derived from the predicted feature Si+1.

Sri+1 = 1− σ(Si+1) (15)

where σ(·) denotes the Sigmoid activation function. Subse-
quently, the predicted feature Si+1, the reverse feature Sri+1,
and the boundary feature E are upsampled to the same
spatial resolution as the encoder feature F ′1. These features are
then element-wise multiplied with the corresponding enhanced
encoder feature F ′i to generate three attention feature maps,
namely Atti+1, Attri+1, and AttEi+1.

Atti+1 = Up(Si+1)⊗ F ′i
Attri+1 = Up(Sri+1)⊗ F ′i
AttEi+1 = Up(E)⊗ F ′i

(16)



Fig. 4. Overview of Boundary-guided Multi-branch Attention Module (BMAM).

where Up(·) denotes the upsampling operation and ⊗ rep-
resents element-wise multiplication. Subsequently, each atten-
tion feature map is processed by a 3×3 convolution, followed
by parallel dilated convolutions with different dilation rates to
capture contextual information under diverse receptive fields.
A lightweight ConvNext-style module is then employed to
perform nonlinear feature reorganization and stabilization.

Att′i+1 = CN(DConv3×3(Conv3×3(Atti+1)))

Attr
′

i+1 = CN
(
DConv3×3

(
Conv3×3(Att

r
i+1)

))
AttE

′

i+1 = CN
(
DConv3×3

(
Conv3×3(Att

E
i+1)

)) (17)

where DConv3×3(·) represents dilated 3×3 convolutions with
dilation rates of 1, 2, and 3, and CN(·) denotes a nonlinear
feature reorganization module. Residual connections are then
introduced by adding the original attention feature maps
Atti+1, Attri+1, and AttEi+1 to their corresponding enhanced
features, which effectively alleviates feature distortion caused
by excessive enhancement. Subsequently, the three branches
are dynamically fused using a gated attention mechanism to
adaptively select more discriminative branch features. After
branch fusion, a 3×3 convolution is applied to further integrate
the fused features, followed by a global residual connection
to preserve the original high-level semantic information. Then,
the CBAM is employed to recalibrate the feature responses,
thereby highlighting polyp regions and their boundary struc-
tures. Finally, a 1 × 1 convolution is used to generate the
segmentation prediction.

Att′′i+1 = Att′i+1 +Atti+1

Attr′′i+1 = Attr′i+1 +Attri+1

AttE′′i+1 = AttE′i+1 +AttEi+1

(18)

Si = Conv1×1

(
CBAM

(
Conv3×3

(
Att(Att′′i+1,Att

r′′
i+1,

AttE′′i+1)
))

+ F ′i

)
(19)

where Conv1×1(·) denotes a 1 × 1 convolution, Conv3×3(·)
denotes a 3×3 convolution, CBAM(·) represents the convolu-
tional block attention module, and Att(·) denotes the dynamic
gated fusion mechanism.

E. Cascaded Fusion Module

In the feature decoding and fusion stage, to fully integrate
high-level semantic information from different hierarchical
levels, we introduce the CFM [9]. The module aggregates fea-
tures in a progressive manner through successive upsampling
and cascaded fusion, which effectively enhances the interac-
tion among high-level features. Specifically, CFM is employed
to fuse the enhanced features F ′2, F ′3, and F ′4, and produces
an initial coarse prediction map S5 with globally consistent
semantic information, which serves as reliable guidance for
subsequent refinement.

F. Loss function

In the proposed method, deep supervision is applied to
the four prediction maps {S1, S2, S3, S4} generated by the
BMAM module. The overall training objective is defined as
the average loss over all prediction scales, which can be
formulated as

Ltotal =
1

4

4∑
i=1

L(G,Si) (20)

where G denotes the ground-truth segmentation mask. The
loss function L is a weighted combination of the IoU loss and
the binary cross-entropy (BCE) loss, which is expressed as

L = LwIoU + LwBCE (21)

III. EXPERIMENTS AND RESULTS

A. Datasets

The proposed method is trained and evaluated on five
publicly available colorectal polyp segmentation datasets, in-
cluding Kvasir-SEG [17], CVC-ClinicDB [18], CVC-300 [19],
CVC-ColonDB [20], and ETIS-LaribPolypDB [21]. To ensure
fairness and comparability, all experiments strictly follow
the widely adopted training and testing protocol used in
PraNet [7], without any manual re-splitting or additional
random sampling of the datasets. The training set contains
1,450 images, including 900 images from Kvasir-SEG and 550
images from CVC-ClinicDB. All remaining images are used
for performance evaluation. Specifically, the test set consists
of 798 images, including 100 images from Kvasir-SEG, 62
images from CVC-ClinicDB, 60 images from CVC-300, 380



images from CVC-ColonDB, and 196 images from ETIS-
LaribPolypDB.

B. Implementation Details

This study implements the proposed DBMA-Net model
based on the PyTorch framework. All input images are resized
to 352 × 352 pixels during both training and testing. The
model uses the AdamW optimizer, with an initial learning rate
and weight decay set to 1e-4. The training follows the multi-
scale training strategy from PraNet [7], with scale factors set
to {0.75, 1, 1.25}. To assess the effectiveness of our model,
we employ six metrics: the mean dice similarity coefficient
(mDice) , mean Intersection over Union (mIoU), weighted F-
measure (Fwβ ), S-measure (Sα), max E-measure (Emaxφ ), and
mean absolute error (MAE).

C. Quantitative comparison

To comprehensively evaluate DBMA-Net, we performed
comparative experiments with 9 state-of-the-art segmentation
methods: U-Net [5], UNet++ [6], PraNet [7], Polyp-PVT [9],
CaraNet [23], C2FNet [22], CFANet [14], MEGANet [15] and
SAFE-Net [24] (as shown in Tables I, II, III, IV, and V).
To ensure fairness, the performance results of these methods
were directly taken from their original publications, with
results not provided in the original papers sourced from third-
party publications. Both quantitative and qualitative analyses
demonstrate the superior performance of DBMA-Net across
multiple datasets, highlighting its robust learning ability and
generalization capacity.

1) Learning ability: Based on the observations in Tables I
and II, the proposed method outperforms other models on
the Kvasir-SEG and CVC-ClinicDB datasets, achieving sig-
nificant performance improvements on most evaluation met-
rics. Specifically, on the Kvasir-SEG dataset, the proposed
method achieves mDice and mIoU scores of 92.7% and
87.8%, respectively. Compared to traditional general medical
segmentation models, our method shows higher performance,
with mDice improving by 10.9% and 10.6%, and mIoU
improving by 13.2% and 13.5%, respectively. Compared to
classical models such as PraNet and Polyp-PVT, which are
specifically designed for polyp segmentation, our method also
shows advantages, with mDice increasing by 2.9% and 1.0%,
and mIoU increasing by 3.8% and 1.4%. When compared
to the latest SAFE-Net model, mDice is improved by 1.0%,
and mIoU by 1.3%; at the same time, the proposed method
achieved 92.8%, 95.5%, and 98.3% in Fωβ , Sα, and Emaxξ ,
significantly outperforming the latest methods. On the CVC-
ClinicDB dataset, mDice reaches 94.2% and mIoU reaches
89.6%, both of which are the highest values among the
compared methods. Overall, the proposed model demonstrates
a significant advantage in polyp segmentation learning ability.

2) Generalization ability: To validate the generalization
capability of the model, we conducted evaluations on three
unseen benchmark datasets: CVC-300, CVC-ColonDB, and
ETIS-LaribPolypDB. The experimental results show that on
the CVC-300 dataset, the mDice and mIoU reached 90.3% and

TABLE I
QUANTITATIVE RESULTS ON KVASIR-SEG (SEEN). THE BEST RESULTS

ARE HIGHLIGHTED IN BOLD.

Method mDice mIoU Fωβ Sα Emaxφ MAE
U-Net [5] 0.818 0.746 0.794 0.858 0.893 0.055
UNet++ [6] 0.821 0.743 0.808 0.862 0.909 0.048
PraNet [7] 0.898 0.840 0.885 0.915 0.948 0.030
Polyp-PVT [9] 0.917 0.864 0.911 0.925 0.962 0.023
CaraNet [23] 0.907 0.851 0.902 0.915 0.953 0.027
C2FNet [22] 0.900 0.842 0.894 0.912 0.949 0.030
CFANet [14] 0.915 0.861 0.903 0.924 0.942 0.023
MEGANet [15] 0.913 0.863 0.907 0.918 0.959 0.025
SAFE-Net [24] 0.917 0.865 0.908 0.931 0.963 0.025
Ours 0.927 0.878 0.928 0.955 0.983 0.020

TABLE II
QUANTITATIVE RESULTS ON CVC-CLINICDB (SEEN). THE BEST RESULTS

ARE HIGHLIGHTED IN BOLD.

Method mDice mIoU Fωβ Sα Emaxφ MAE
U-Net [5] 0.823 0.755 0.811 0.889 0.954 0.019
UNet++ [6] 0.794 0.729 0.785 0.873 0.931 0.022
PraNet [7] 0.899 0.849 0.896 0.936 0.979 0.009
Polyp-PVT [9] 0.937 0.889 0.936 0.949 0.989 0.006
CaraNet [23] 0.926 0.880 0.926 0.944 0.979 0.008
C2FNet [22] 0.921 0.871 0.922 0.938 0.982 0.008
CFANet [14] 0.933 0.883 0.924 0.950 0.974 0.007
MEGANet [15] 0.938 0.894 0.940 0.950 0.986 0.006
SAFE-Net [24] 0.937 0.889 0.931 0.958 0.991 0.007
Ours 0.942 0.896 0.941 0.971 0.995 0.006

TABLE III
QUANTITATIVE RESULTS ON CVC-300 (UNSEEN). THE BEST RESULTS

ARE HIGHLIGHTED IN BOLD.

Method mDice mIoU Fωβ Sα Emaxφ MAE
U-Net [5] 0.710 0.627 0.684 0.843 0.875 0.022
UNet++ [6] 0.707 0.624 0.624 0.624 0.898 0.018
PraNet [7] 0.871 0.797 0.843 0.925 0.972 0.010
Polyp-PVT [9] 0.900 0.833 0.884 0.935 0.981 0.007
CaraNet [23] 0.884 0.813 0.864 0.925 0.961 0.009
C2FNet [22] 0.873 0.804 0.858 0.922 0.973 0.008
CFANet [14] 0.893 0.827 0.875 0.938 0.978 0.008
MEGANet [15] 0.899 0.834 0.882 0.935 0.969 0.007
SAFE-Net [24] 0.895 0.828 0.872 0.938 0.978 0.008
Ours 0.903 0.835 0.899 0.952 0.996 0.006

TABLE IV
QUANTITATIVE RESULTS ON CVC-COLONDB (UNSEEN). THE BEST

RESULTS ARE HIGHLIGHTED IN BOLD.

Method mDice mIoU Fωβ Sα Emaxφ MAE
U-Net [5] 0.512 0.444 0.498 0.712 0.776 0.061
UNet++ [6] 0.483 0.410 0.467 0.691 0.760 0.064
PraNet [7] 0.712 0.640 0.699 0.820 0.872 0.043
Polyp-PVT [9] 0.808 0.727 0.795 0.865 0.919 0.031
CaraNet [23] 0.737 0.663 0.728 0.823 0.869 0.036
C2FNet [22] 0.718 0.641 0.712 0.817 0.877 0.044
CFANet [14] 0.743 0.665 0.728 0.835 0.898 0.039
MEGANet [15] 0.793 0.714 0.779 0.854 0.895 0.040
SAFE-Net [24] 0.781 0.704 0.767 0.858 0.908 0.034
Ours 0.814 0.732 0.814 0.895 0.969 0.030

83.5%, improving by 3.2% and 3.8%, respectively, compared
to the classical model PraNet. On the CVC-ColonDB dataset,
despite its challenging nature, the model still achieved 81.4%



Fig. 5. Qualitative segmentation results of different methods. Green, red, and yellow represent true positives, false negatives, and false positives, respectively.

TABLE V
QUANTITATIVE RESULTS ON ETIS-LARIBPOLYPDB (UNSEEN). THE BEST

RESULTS ARE HIGHLIGHTED IN BOLD.

Method mDice mIoU Fωβ Sα Emaxφ MAE
U-Net [5] 0.398 0.335 0.366 0.684 0.740 0.036
UNet++ [6] 0.401 0.344 0.390 0.683 0.776 0.035
PraNet [7] 0.628 0.567 0.600 0.794 0.841 0.031
Polyp-PVT [9] 0.787 0.706 0.750 0.871 0.910 0.013
CaraNet [23] 0.732 0.656 0.712 0.840 0.885 0.012
C2FNet [22] 0.677 0.607 0.656 0.812 0.888 0.030
CFANet [14] 0.732 0.655 0.693 0.845 0.892 0.014
MEGANet [15] 0.739 0.665 0.702 0.836 0.858 0.037
SAFE-Net [24] 0.794 0.713 0.748 0.884 0.919 0.015
Ours 0.799 0.716 0.794 0.900 0.973 0.012

mDice and 73.2% mIoU. On the ETIS-LaribPolypDB dataset,
our method outperformed the comparison methods in mDice
(79.9%) and mIoU (71.6%), and achieved a significant 97.3%
improvement in E-measure, with MAE of 1.2%. Compared to
strong models such as Polyp-PVT and SAFE-Net, our method
demonstrates sustained advantages in structural consistency
and prediction stability, proving its excellent cross-dataset
generalization ability and robustness.

D. Qualitative comparison

Fig. 5 shows the qualitative comparison results between the
proposed method and several state-of-the-art polyp segmen-
tation models in different clinical challenge scenarios. It can
be observed that, under complex endoscopic imaging condi-
tions, the proposed method outperforms others. Specifically,
in scenes with uneven illumination and strong background
interference (as shown in the 1st-2nd rows of Fig. 5), exist-
ing methods generally suffer from foreground discontinuity
or background misdetection, whereas the proposed method
effectively suppresses highlight reflections and low-contrast
noise, generating more complete structures and stronger region
consistency in segmentation results. For samples with polyp-
like structures or blurred boundaries (as shown in the 3rd-
4th rows of Fig. 5), the proposed method more accurately

recovers the true contours of the polyps and maintains good
consistency with the ground truth annotations. Particularly in
small polyp and low-significance target segmentation scenarios
(as shown in the 5th row of Fig. 5), most methods tend to miss
detections or predict smaller regions, whereas the proposed
method remains stable in locating and fully segmenting small
lesions. These visual results intuitively verify the effectiveness
of the proposed method in frequency-domain and spatial
feature modeling and regional discrimination, allowing the
network to better handle key challenges commonly found
in endoscopic images, such as noise interference, semantic
ambiguity, and scale diversity.

E. Ablation Study

To validate the effectiveness of each module, we conducted
ablation experiments on different datasets. From Table VI, we
can observe that the performance of the model has declined
to varying degrees after the removal of MCAF, CFM, DFE,
and BMAM modules. Specifically, the removal of MCAF
results in a decrease in mDice and mIoU on Kvasir-SEG
and CVC-ClinicDB, highlighting the importance of multi-scale
contextual information for improving segmentation accuracy
and consistency. The removal of CFM leads to performance
degradation across all datasets, especially on CVC-300 and
ETIS-LaribPolypDB, indicating the critical role of efficient
cross-layer feature fusion in regional discrimination. The re-
moval of DFE significantly decreases the performance across
all five datasets, demonstrating that the dual-domain feature
enhancement mechanism effectively improves region overlap
precision and boundary consistency. The removal of BMAM
significantly reduces the boundary-related metrics, emphasiz-
ing the irreplaceable importance of boundary information for
polyp segmentation.

IV. CONCLUSION

Polyp segmentation plays a crucial role in early screening
for colorectal cancer. To address the limitations of existing



TABLE VI
ABLATION STUDY ON KVASIR-SEG, CVC-CLINICDB, CVC-300, CVC-COLONDB, AND ETIS-LARIBPOLYPDB. THE METRICS ARE MDICE AND

MIOU. THE BEST RESULTS ARE HIGHLIGHTED IN BOLD.

Version Kvasir-SEG CVC-ClinicDB CVC-300 CVC-ColonDB ETIS-LaribPolypDB
mDice mIoU mDice mIoU mDice mIoU mDice mIoU mDice mIoU

w/o MCAF 0.919 0.874 0.938 0.889 0.892 0.825 0.794 0.717 0.784 0.705
w/o CFM 0.916 0.864 0.937 0.891 0.884 0.813 0.800 0.727 0.792 0.714
w/o DFE 0.918 0.864 0.929 0.880 0.872 0.796 0.805 0.724 0.772 0.692
w/o BMAM 0.901 0.856 0.927 0.879 0.895 0.803 0.801 0.716 0.779 0.695
DBMA-Net 0.927 0.878 0.942 0.896 0.903 0.835 0.814 0.732 0.799 0.716

methods in frequency domain information utilization, cross-
layer feature fusion, and region discrimination modeling,
we propose DBMA-Net, which combines dual-domain fea-
ture enhancement and boundary-guided multi-branch attention.
This approach enhances the model’s segmentation accuracy
in complex endoscopic scenes. By incorporating multi-scale
contextual modeling through the MCAF module, dual-domain
feature collaborative enhancement through the DFE module,
and boundary-aware attention modeling through the BMAM
module, DBMA-Net significantly improves segmentation per-
formance. Experimental results show that DBMA-Net outper-
forms existing methods on five public datasets, and ablation
studies validate the effectiveness of each module. Future
work will focus on improving the inference efficiency and
computational cost of the model to better suit real-time clinical
applications.
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