
Biomedical Signal Processing and Control 120 (2026) 110023 

A
1

 

Contents lists available at ScienceDirect

Biomedical Signal Processing and Control

journal homepage: www.elsevier.com/locate/bspc  

DEGF-Net: Dual-Encoder Global–Local Joint Feature Aggregation Network 

for colorectal polyp segmentation
He Yu a,c ,∗, Jinming Guo b, Xiaorui Cao b, Xuan Li b , Yulong Li a , Jianying Hao a, 
Haoming Yang a, Xi Zhou d,e , Tao Huang d,e ,∗∗

a College of Computer Science and Technology, Changchun University, Changchun, 130022, PR China
b College of Electronic and Information Engineering, Changchun University, Changchun, 130022, PR China
c Key Laboratory of Intelligent Rehabilitation and Barrier-free for the Disabled Ministry of Education, Changchun University, Changchun, 130022, PR China
d College of Science and Engineering, James Cook University, Cairns, 4878, Queensland, Australia
e Centre for AI and Data Science Innovation, James Cook University, Cairns, 4878, Queensland, Australia

A R T I C L E  I N F O

Keywords:
Polyp segmentation
Feature fusion
Medical image processing
Swin transformer
Convolutional neural network

 A B S T R A C T

Accurate segmentation of colorectal polyps in colonoscopy images is crucial for early prevention and computer-
aided diagnosis of colorectal cancer, yet large variations in polyp appearance, low polyp-mucosa contrast, 
and device-related imaging discrepancies still hinder robust performance, especially for small and flat lesions 
and cross-dataset generalization. To address these challenges, we propose a Dual-Encoder Global–Local Joint 
Feature Aggregation Network (DEGF-Net) that enhances feature fusion and improves generalization. DEGF-Net 
adopts a dual-encoder architecture that separately models long-range global context and fine-grained local 
textures. A Global Joint Feature Fusion Module (GFFM) employs global attention to align and aggregate 
high-level features from both branches into a unified representation, while an Upper-Lower Level Feature 
Fusion Module (UL-FM) performs residual multi-scale cross-layer fusion in the decoder to narrow the semantic 
gap between high-level semantics and low-level details and refine polyp boundaries. In addition, a multi-
output hybrid loss is applied to the final and intermediate predictions to leverage deep supervision, accelerate 
convergence, and improve robustness. Experiments on two benchmark colonoscopy datasets, Kvasir-SEG and 
CVC-ClinicDB, show that under a unified setting, DEGF-Net achieves mean Dice scores of 0.933 and 0.958, 
respectively, surpassing recent CNN-based, Transformer-based, and hybrid architectures and exhibiting strong 
cross-dataset generalization. These results indicate that DEGF-Net can substantially improve automatic polyp 
segmentation and provide a promising technical basis for computer-aided colorectal cancer screening.
 

1. Introduction

Colorectal cancer (CRC) remains a major public health burden [1], 
with considerable mortality driven by delayed diagnosis owing to 
its often asymptomatic early course. Most CRCs originate from col-
orectal polyps, prevalent yet treatable precancerous lesions, whose 
timely detection and removal can interrupt malignant progression. 
Population-wide screening can reduce morbidity and mortality [2], 
and colonoscopy remains a highly effective preventive modality. In 
this context, accurate segmentation of polyps in colonoscopic images is 
crucial for reliable computer-assisted detection and improved screening 
outcomes. Nevertheless, this task is complicated by intrinsic data char-
acteristics, including variability in polyp shape and color, the difficulty 
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of detecting small or flat lesions, and the low color and texture contrast 
between polyps and surrounding mucosa, which often results in poorly 
defined boundaries. 

Traditional polyp segmentation methods often struggle to achieve 
high segmentation accuracy since they primarily rely on shallow fea-
tures, such as basic linear iterative clustering [3], texture [4], and 
shape [5]. By contrast, deep learning has substantially improved feature 
representation and driven significant progress in colorectal polyp seg-
mentation. For example, U-Net [6] established the canonical encoder–
decoder paradigm based on Convolutional Neural Networks (CNNs) [7].
The encoder extracts hierarchical features, while the decoder restores 
spatial resolution via transposed convolution (deconvolution),
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aligning output and input dimensions for precise, pixel-level predic-
tions. Numerous U-Net derivatives, such as UNet++ [8], nnU-Net [6], 
and Res-UNet [9], have achieved further performance gains in polyp 
segmentation. Despite the success of CNN-based architectures, their 
reliance on localized convolutional operations [10,11] inherently limits 
their ability to capture global contextual relationships and model 
long-range dependencies, which are critical for accurately segmenting 
complex polyp structures.

In contrast to convolutional operations, Transformers can model 
global dependencies, thereby capturing long-range contextual relation-
ships [12] and achieving state-of-the-art performance in image segmen-
tation tasks [13,14]. They offer notable advantages, including enhanced 
scalability [15] and resilience to performance degradation [10]. In 
medical imaging, Transformer-based architectures have demonstrated 
impressive success across a wide range of tasks [16,17]. Nonetheless, 
despite their strength in capturing global context, Transformers tend 
to lose fine spatial detail when transforming image data into one-
dimensional token sequences [18]. Moreover, their strong performance 
often depends on the availability of extensive, annotated datasets, 
which is challenging to achieve in many medical imaging applica-
tions, where data scarcity remains a significant constraint. Against this 
background, hybrid CNN-Transformer architectures have gradually be-
come an important development trend in current polyp segmentation. 
TransFuse [19] employs parallel CNN and Transformer branches and 
uses BiFusion modules for feature fusion at multiple scales, thereby 
preserving shallow spatial details while fully incorporating global con-
text, and has achieved excellent performance on medical segmentation 
tasks such as polyp and skin lesion segmentation. CSwinDoubleU-
Net [20] combines the CSwin Transformer with the U-Net architecture, 
enhancing segmentation accuracy in complex scenarios through a dual-
encoder-dual-decoder design and cross-scale attention. These hybrid 
architectures clearly demonstrate that combining CNNs and Transform-
ers in parallel or cascaded fashions is a key direction for improving 
performance in current polyp segmentation.

From the perspective of feature fusion, existing methods still ex-
hibit the following common limitations: Most methods perform CNN 
and Transformer feature concatenation or BiFusion independently at 
each scale, lacking global-level joint modeling and alignment over the 
‘‘entire high-level semantic space’’, which can easily lead to discrep-
ancies between the two branches in their understanding of complex 
background regions. In multi-scale fusion strategies, the decoding stage 
is typically based on simple top-down aggregation or skip connections, 
without an explicit design for cross-layer residual interaction to bridge 
the semantic gap between high-level semantics and low-level details. As 
a result, boundary delineation for small, flat, and low-contrast polyps 
still has substantial room for improvement. To tackle these issues, this 
paper aims to build a polyp segmentation network that simultaneously 
accounts for global semantics and local details and exhibits strong 
generalization capability. We propose a novel framework for colorec-
tal polyp segmentation, termed Dual Encoder Global Joint Feature 
Network (DEGF-Net). Its core idea is to synergistically fuse the com-
plementary strengths of CNNs and Transformers and to systematically 
bridge discrepancies between global and local representations, as well 
as between multi-scale semantics, through explicit cross-branch global 
fusion and cross-scale residual fusion. The main contributions of this 
work can be summarized as follows:

• A global–local dual-encoder segmentation framework (DEGF-Net) 
is proposed, which integrates a CNN encoder and a Swin Trans-
former encoder in parallel to jointly capture fine-grained lo-
cal textures and long-range global context, addressing the in-
herent limitations of single-encoder CNN or Transformer-based 
architectures.

• A Global Joint Feature Fusion Module (GFFM) is introduced 
to explicitly align and aggregate high-level features from the 
CNN and Transformer branches via shared attention weighting, 
enabling global semantic consistency and reducing cross-branch 
feature discrepancies under complex and low-contrast clinical 
backgrounds.
2 
• An Upper-Lower Level Feature Fusion Module (UL-FM) is de-
signed to perform residual multi-scale cross-layer fusion in the 
decoder, effectively bridging the semantic gap between high-
level semantics and low-level spatial details, leading to improved 
boundary delineation for small, flat, and irregular polyps.

• Comprehensive experiments on Kvasir-SEG and CVC-ClinicDB 
demonstrate Dice scores of 0.933 and 0.958, respectively. Ad-
ditional evaluations on the DRIVE retinal dataset and a public 
cell segmentation dataset further verify the strong cross-domain 
generalization of the proposed method.

The remainder of this paper is organized as follows. Section 2 
reviews the current research progress on colorectal polyp segmentation 
from the perspective of different network structures. Section 3 details 
the overall architecture of DEGF-Net, including the dual-encoder de-
sign and the structures of the two feature-fusion modules. Section 4 
presents the datasets, experimental settings, evaluation metrics, and 
comparative results, and analyzes the performance and generalization 
of the proposed model. Finally, Section 6 concludes the paper, discusses 
future research directions, and emphasizes the clinical significance of 
deep-learning-based colorectal polyp segmentation for promoting early 
cancer diagnosis and reducing misdiagnosis and missed diagnosis.

2. Related work

For medical image segmentation tasks involving complex structures 
such as colorectal polyps, it is highly challenging to simultaneously 
account for local detail modeling and global context modeling, and 
to fuse multi-scale features effectively. This section focuses on the 
specific task of colorectal polyp segmentation and reviews existing 
deep learning-based methods. Based on their network architectures, 
related work can be roughly categorized into three groups: CNN-based 
methods, Transformer-based methods, and CNN-Transformer hybrid 
architectures.

2.1. CNN-based methods for colorectal polyp segmentation

Early automatic segmentation methods for colorectal polyps are 
primarily based on classical fully convolutional networks and encoder–
decoder architectures. The U-Net [6] model proposed by Ronneberger 
et al. employs a symmetric encoder–decoder convolutional architec-
ture, where a contracting path extracts contextual information and an 
expansive path enables precise localization. By introducing skip con-
nections and strong data augmentation, U-Net has achieved milestone 
results in medical image segmentation and has been widely adopted 
as a baseline network for polyp segmentation tasks. Building on the U-
Net framework, UNet++ [8] introduces densely nested skip connections 
and multi-scale deep supervision, significantly reducing the semantic 
gap between the encoder and decoder and improving segmentation 
performance on complex structures.

Badrinarayanan et al. proposed SegNet [21], a typical convolu-
tional encoder–decoder network for semantic segmentation. By using 
pooling indices for upsampling during the decoding stage, SegNet 
preserves object boundaries and fine-grained structures while main-
taining computational and memory efficiency. This architecture has 
been widely adopted by subsequent medical image segmentation meth-
ods. PolypSegNet [22] builds on the SegNet encoder–decoder frame-
work and introduces sequential deep dilated Inception modules and 
deeply fused skip modules to aggregate contextual information at mul-
tiple scales and narrow the semantic gap. On several colonoscopy 
datasets, it achieves higher Dice/IoU scores than U-Net and SegNet, and 
shows stronger robustness in scenarios involving small and low-contrast 
polyps, thereby providing an important structural benchmark for sub-
sequent work. This class of methods generally relies on convolutions 
with fixed receptive fields and thus remains limited in modeling long-
range contextual relationships and complexly morphed polyps. When 
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dealing with small or flat polyps, multiple downsampling operations 
can easily overwhelm or miss the target features. Moreover, in scenarios 
with complex backgrounds and blurred boundaries, relying solely on 
local convolutions and simple skip connections often fails to reconstruct 
complete and sharp polyp contours.

2.2. Transformer-based methods for colorectal polyp segmentation

Given the success of Vision Transformers (ViT) [23] and their 
variants in natural image tasks, an increasing number of studies have 
sought to incorporate Transformer-based backbones into colorectal 
polyp segmentation to better model long-range dependencies and global
context. Compared with traditional networks that rely purely on convo-
lutions, these methods typically use a Transformer as the primary fea-
ture encoder and add dedicated multi-scale feature-fusion and bound-
ary-refinement modules on top to address challenges such as diverse 
polyp morphologies and blurred boundaries.

Polyp-PVT [24], proposed by Dong et al. is one of the earlier works 
that systematically introduced the Pyramid Vision Transformer (PVT) 
into polyp segmentation. This method uses PVT as a single encoder 
backbone, exploits its hierarchical Transformer structure to extract 
global semantic features at multiple scales, and designs a Cascaded 
Fusion Module (CFM), a Camouflage Identification Module (CIM), and a 
Similarity Aggregation Module (SAM) to aggregate high-level semantics 
and positional information, enhance responses in low-level camou-
flaged polyp regions, and propagate similarity features across layers, re-
spectively. Polyp-PVT outperforms many traditional CNN-based meth-
ods on five public datasets, validating the effectiveness of Transformer 
backbones in complex polyp scenarios. ColonFormer [25], proposed 
by Nguyen et al. further explores the use of efficient Transformers 
for polyp segmentation. The model uses a lightweight Transformer en-
coder that explicitly captures long-range semantic dependencies across 
multiple scales, and a hierarchical decoder to learn multi-level feature 
representations. It also incorporates refinement modules and improved 
skip-connection strategies to refine boundaries. Experiments on sev-
eral datasets demonstrate that ColonFormer outperforms representative 
contemporaneous methods on multiple metrics, indicating that a pure 
Transformer backbone, without an additional CNN encoder branch, 
can also achieve high accuracy in polyp segmentation. In their study 
on early detection of colorectal cancer, Ayana et al. [26] proposed 
an overall framework based on Vision Transformers and designed a 
polyp segmentation subnetwork, PUTS, within it. PUTS is built upon 
Swin-Unet, a pure Transformer-based encoder–decoder architecture, 
and introduces a spatial Transformer localization module that explicitly 
relocates input images to highlight potential lesion regions, after which 
Swin-Unet performs fine-grained segmentation. On the Kvasir-SEG [27] 
and CVC-ClinicDB [28] datasets, PUTS achieves mIoU scores of 0.8673 
and 0.9092, respectively, which are significantly higher than those of 
many classical CNN and hybrid models. This indicates that a Trans-
former framework combined with spatial relocalization can effectively 
enhance the saliency and segmentation quality of polyp regions under 
complex views and imaging conditions.

RSAFormer [29], proposed by Yin et al. is another polyp segmenta-
tion method that employs a Transformer backbone as the main encoder. 
The network uses a Transformer encoder to capture global semantic 
information and introduces a Region Self-Attention (RSA) module to 
enhance features specifically in regions with blurred boundaries and 
highly similar tissue structures. It further employs a dual-decoder struc-
ture to generate diverse feature maps and coarse segmentation maps, 
which are then fed back into the RSA module to reinforce region-
level attention. Across multiple polyp datasets, RSAFormer outperforms 
various existing methods in Dice and mIoU, indicating that combin-
ing region-level self-attention with a Transformer backbone improves 
modeling of complex boundaries.
3 
Overall, this category of polyp segmentation methods, which uses 
Transformers as the sole backbone encoder, mainly improves seg-
mentation performance by explicitly modeling long-range dependen-
cies and global semantic relationships at multiple scales, combined 
with multi-scale feature fusion and region-level attention mechanisms. 
These designs enhance the characterization of small, camouflaged, and 
boundary-blurred polyps. However, these methods typically rely on a 
single Transformer encoder pathway and still have certain limitations 
in explicitly aligning ‘‘global Transformer semantics’’ with ‘‘local spatial 
details’’. For example, although Polyp-PVT, ColonFormer, and PVT-MA 
incorporate specialized multi-scale fusion designs, they lack explicit 
complementary mechanisms with an independent CNN branch, and 
local texture and fine boundary information may still be insufficient 
under complex backgrounds and extreme morphological variations.

2.3. CNN-Transformer hybrid architectures for colorectal polyp segmenta-
tion

To jointly leverage the strengths of CNNs for modeling local, fine-
grained features and Transformers for capturing global contextual de-
pendencies, numerous CNN-Transformer hybrid networks have been 
proposed for polyp segmentation in recent years, leading to a variety 
of dual-branch or dual-encoder architectures with multi-scale feature 
fusion.

TranSEFusionNet [19] employs Transformer and CNN branches as 
parallel encoding paths and introduces a Spatial Feature Fusion Module 
(SFM) and an Edge Feature Fusion Module (EFM) to collaboratively 
fuse deep and shallow, edge and region information in the decoding 
stage. It outperforms single-CNN or single-Transformer architectures 
on several polyp datasets. CSwinDoubleU-Net [20] combines convolu-
tions with the CSwin Transformer into a dual U-shaped structure and 
enhances modeling capacity for complex polyp morphologies through 
multi-level, multi-branch feature interaction, achieving high Dice and 
mIoU scores in experiments. The Ens2 model [30] integrates multiple 
CNN and Transformer segmenters and achieves stable, robust over-
all performance across several datasets, indicating that multi-model 
ensembles can improve generalization to some extent under complex 
noise and varying imaging conditions. Building on this line of work, 
Cao et al. proposed DEMF-Net [31]., which combines Swin Trans-
former and CNN into a dual-branch encoder structure through a dual-
encoder multi-scale feature fusion design, and introduces multi-scale 
fusion modules to alleviate cross-layer semantic discrepancies. DEMF-
Net achieves better segmentation performance than many CNN and 
Transformer baselines on several polyp datasets.

Collectively, these studies show that dual-encoder or dual-branch 
structures, combined with feature fusion modules, have become an 
important avenue of development in current polyp segmentation re-
search. Designing more effective cross-branch and multi-scale feature 
fusion mechanisms that fully leverage the complementary strengths of 
CNNs and Transformers while maintaining model efficiency remains 
a key factor shaping both performance and generalization. Despite 
these efforts, several research gaps remain. Most methods emphasize 
either the global context modeled by the Transformer branch or the 
local textures captured by the CNN branch, but lack a global fea-
ture fusion mechanism tailored to polyp segmentation that explicitly 
aligns and jointly encodes semantic and spatial positional information. 
Meanwhile, the semantic gap between high- and low-level multi-scale 
features remains unbridged. Current cross-layer fusion strategies mostly 
rely on simple addition or concatenation, ignoring differences in se-
mantic abstraction levels and noise distributions across layers, which 
can easily introduce information conflicts or redundancy when deep 
semantics are propagated to shallow layers.

To address these shortcomings, the proposed DEGF-Net builds upon 
a dual-encoder architecture consisting of Swin Transformer and CNN, 
and introduces a Global Joint Feature Fusion Module (GFFM) and an 
Upper-Lower Level Feature Fusion Module (UL-FM) to explicitly realize 
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Fig. 1. DEGF-Net overall architecture.
joint modeling and interaction between global and local information, as 
well as between multi-level semantics and boundary cues. GFFM shares 
attention weights across branches to align and fuse high-level features 
from the two encoders, thereby strengthening unified representations 
that integrate global semantics and local structures. UL-FM employs 
a multi-scale cross-layer selection mechanism to effectively mitigate 
the semantic gap between high- and low-level features, suppress noise 
interference, and preserve critical boundary information. Experimental 
results show that this design achieves better segmentation performance 
and stronger generalization than existing methods on multiple polyp 
segmentation datasets and other medical imaging datasets. In this 
way, it partially remedies the limitations of current pure Transformer-
backbone methods in local detail modeling and cross-layer information 
alignment, and effectively addresses the aforementioned key gaps in 
current research (see Table  1).

3. Methods

3.1. Network architecture

This study proposes a dual-encoder-based global feature fusion 
method for colorectal polyp segmentation, as depicted in Fig.  1. This 
architecture consists of four core components: the encoder, the decoder, 
the Global Joint Feature Fusion Module (GFFM), and the Upper and 
Lower Level Feature Fusion Module (UL-FM). The encoder capital-
izes on a dual-path design that merges Swin Transformer and CNN 
branches to jointly encode global contextual cues and fine-grained 
spatial details. In the decoder, features at both high and low levels 
are jointly reconstructed to preserve essential semantic information 
and restore the output segmentation to the original image dimensions. 
The GFFM merges features extracted by the dual encoder to enhance 
semantic and positional understanding. The UL-FM fuses multi-scale 
features from various layers to better capture structural details. Finally, 
a feature-supplementation block is introduced to recover edge infor-
mation that may be lost during up-sampling, thereby improving the 
model’s representativeness.

Given a colorectal polyp image 𝐼 ∈ R𝐻×𝑊 ×3, the input is processed 
simultaneously through both the Swin Transformer and CNN channels. 
As shown in Fig.  3, the image is processed through four layers of dual 
encoders, each of which is a dual encoder, to obtain global and local 
4 
information to generate a feature map with dimensions R
𝐻

2(𝑖+1)
× 𝑊

2(𝑖+1) , 
where 𝑖 ∈ {1, 2, 3, 4}. The encoded features are subsequently passed 
into the Global Joint Feature Fusion Module (GFFM), where features 
are fused while maintaining dimensional consistency with the input 
at each hierarchical level. The fused feature maps from both lower 
and upper levels are subsequently passed to the UL-FM, facilitating 
multi-scale integration across hierarchical layers. These integrated fea-
tures are then consolidated via a convolutional layer before being 
forwarded to the decoder. Within the decoder, layer-wise concatenation 
is performed, followed by a feature-complementation block, which ulti-
mately produces the final polyp segmentation output. It is particularly 
worth noting that the CSB (Characterization Supplementary Blocks) in 
the decoder is a characterization supplementary block, as part of the 
authors’ earlier work. Its structure is described in DEMF-Net [31].

3.2. Dual encoding mechanism

3.2.1. Swin transformer encoder
The Swin Transformer encoder in the proposed method adopts the 

Swin-B model, a large-scale variant of the Swin Transformer archi-
tecture [32]. Compared to Swin-T, Swin-B offers a deeper network 
architecture and more parameters, resulting in enhanced representa-
tional capacity and improved segmentation performance. The specific 
parameter configurations are outlined in Table  2.

3.2.2. CNN encoder
To balance network depth, ResNet-18 is employed as the CNN 

encoder to model the local spatial characteristics of polyp images. 
This branch comprises five components: the pre-downsampling module, 
ConvLayers1, ConvLayers2, ConvLayers3, and ConvLayers4.

The input 𝐼 ∈ R𝐻×𝑊 ×3 is first processed by ResNet-18 and passed 
through a pre-downsampling module. In this module, two consecutive 
convolutional blocks, each with a 3 × 3 kernel and a stride of 2, are 
applied to progressively reduce the spatial resolution. This step not only 
reduces the spatial resolution but also prepares the network for residual 
concatenation during the output stage. The operation is expressed using 
the following function, which 𝐼 ′ ∈ R

𝐻
2 ×𝑊

2 ×64: 
𝐼 ′ = 𝐹 (𝐼). (1)
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Table 1
Summary of colorectal polyp segmentation methods reviewed in Section 2, including year, main evaluation datasets, a representative accuracy, and remaining 
research gaps or future directions.
 Method Year Main evaluation datasets Evaluation metrics Main research gaps/future directions  
 CNN-based methods
 U-Net [6] (CNN 
encoder–decoder)

2015 Kvasir-SEG, CVC-ClinicDB, 
CVC-ColonDB, CVC-T, ETIS

Dice 0.812/mIoU 
0.722 (Kvasir-SEG)

Classical FCN-style baseline; limited receptive 
field and weak long-range context modeling, 
performance degrades on very small/flat and 
low-contrast polyps, motivating stronger global 
modeling and multi-scale fusion.

 

 UNet++ [8] (CNN 
nested U-Net)

2018 Kvasir-SEG, CVC-ClinicDB, 
CVC-ColonDB, ETIS

Dice 0.724/mIoU 
0.633 (Kvasir-SEG)

Dense skip connections narrow the 
encoder–decoder gap but still rely on local 
convolutions; boundary sharpness and 
cross-dataset robustness remain limited in 
complex scenes.

 

 PolypSegNet [22] 
(SegNet variant)

2021 CVC-ClinicDB, 
CVC-ColonDB, ETIS, 
Kvasir-SEG

Dice 0.881/mIoU 
0.809 (Kvasir-SEG)

Dilated Inception and deep skip fusion enhance 
context, but fixed convolutional receptive fields 
still limit modeling of very long-range 
dependencies and extreme morphology; 
generalization across centers is moderate.

 

 Transformer-based methods
 Polyp-PVT [24] 
(pure PVT 
Transformer 
encoder)

2023 CVC-ClinicDB, Kvasir-SEG, 
CVC-ColonDB, CVC-T, ETIS

Dice 0.937/mIoU 
0.889 (Kvasir-SEG)

Hierarchical PVT backbone captures strong 
global semantics, while local textures and 
boundary details remain suboptimal in heavily 
camouflaged and low-contrast regions due to 
the absence of an explicit CNN branch.

 

 ColonFormer [25] 
(pure Transformer, 
MiT encoder)

2022 Kvasir-SEG, CVC-ClinicDB, 
CVC-ColonDB, CVC-T, ETIS

Dice 0.927/mIoU 
0.877 (Kvasir-SEG)

Efficient ViT backbone and refined decoder 
improve performance, but the model remains a 
single Transformer pathway; complementary 
CNN-style edge and texture modeling is not 
explicitly exploited, leaving room for finer 
boundary control.

 

 PUTS [26] 
(Swin-Unet based 
Transformer with 
spatial localization)

2024 Kvasir-SEG, CVC-ClinicDB mIoU 0.8673 
(Kvasir-SEG), 
0.9092 
(CVC-ClinicDB)

Combines spatial relocalization with a 
Swin-Unet backbone to enhance saliency, yet 
mainly focuses on global cues; further work is 
needed on high-precision boundary refinement 
and broader cross-dataset generalization.

 

 RSAFormer [29] 
(region 
self-attention 
Transformer)

2024 Kvasir-SEG, CVC-ClinicDB, 
CVC-ColonDB, ETIS

Dice 0.922 
(Kvasir-SEG)

Region self-attention improves 
blurred-boundary modeling, but there is still no 
explicit cross-branch alignment between global 
Transformer semantics and local spatial details, 
which can limit robustness to severe 
appearance variations.

 

 CNN-Transformer hybrid methods
 TranSEFusionNet 
[19] (dual-branch 
CNN + Transformer)

2023 CVC-ClinicDB, Kvasir-SEG, 
CVC-ColonDB, ETIS

Dice 0.865/mIoU 
0.791 (Kvasir-SEG)

Parallel CNN/Transformer encoders with spatial 
and edge fusion improve performance, but 
cross-branch interaction is still relatively 
shallow; feature fusion is not globally attentive 
and may introduce redundancy.

 

 CSwinDoubleU-Net 
[20] (double U-Net 
with CSwin 
Transformer)

2024 CVC-ClinicDB, Kvasir-SEG, 
CVC-ColonDB, ETIS

Dice 0.931/mIoU 
0.883 (Kvasir-SEG)

Double U-shaped architecture boosts capacity 
but increases complexity; multi-branch feature 
interaction mainly occurs locally, and explicit 
global–local alignment is still insufficient.

 

 Ens2 [30] 
(ensemble of CNN 
and Transformer 
segmenters)

2023 Kvasir-SEG, CVC-ClinicDB, 
CVC-ColonDB

Dice 0.935/mIoU 
0.893 (Kvasir-SEG)

Multi-model ensemble significantly improves 
robustness and average performance, but at the 
cost of heavy inference and memory; lacks a 
unified mechanism for efficient feature-level 
fusion across models.

 

 DEMF-Net [31] 
(dual encoder Swin 
Transformer + CNN)

2024 Kvasir-SEG, CVC-ClinicDB, 
CVC-ColonDB, ETIS, 
EndoScene

Dice 0.953/mIoU 
0.919 (Kvasir-SEG)

Dual encoders plus DAF/AFFM/CSB enhance 
multi-scale fusion and edge extraction, yet 
cross-branch interaction remains relatively 
coarse; more explicit joint modeling of global 
semantics and local boundaries is needed, 
which motivates our DEGF-Net design.

 

Note: Evaluation Metrics are mainly reported as mean Dice (and mIoU where available) on the Kvasir-SEG and/or CVC-ClinicDB datasets as given in the original papers or in 
unified comparison tables; readers are referred to the cited works for complete metric tables and experimental settings.
The remaining 16 residual convolutional layers are evenly divided 
across the four convolutional layers: ConvLayers1 through ConvLay-
ers4. Each block consists of four convolutional layers and an additional 
residual connection. The 2-times downsampling operation is applied at 
each stage to ensure that the output dimensions at each level match 
those produced by the corresponding layers in the Swin Transformer 
encoder. This alignment guarantees that the features from both en-
coding paths are compatible for subsequent fusion. The process is 
5 
formalized as:

𝑅1 = 𝐹 (𝐼 ′) + Conv3×3(𝐼 ′), (2)

𝑅𝑖+1 = 𝑅𝑖 + 4Conv3×3 (𝑅𝑖+1 ), 𝑖 ∈ {1, 2, 3}, (3)

where 𝑅1 ∈ R
𝐻
4 ×𝑊

4 ×𝐶1 , 𝑅2 ∈ R
𝐻
8 ×𝑊

8 ×𝐶2 , 𝑅3 ∈ R
𝐻
16 ×

𝑊
16 ×𝐶3 , 𝑅4 ∈

R
𝐻
32 ×

𝑊
32 ×𝐶4 .
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Fig. 2. Modular diagram of Global Joint Feature Fusion Module (GFFM).
Fig. 3. Detailed schematic of the Upper and Lower Level Feature Fusion Module (UL-FM).
Table 2
Network parameters.
 Component Parameter

 

SwinTransformer

Patch_size 4  
 Embed_dims 128  
 num heads [4,8,16,32]  
 Window size 7  
 depths [2,2,18,2]  
 Drop_path_rate 0.5  
 

CNN

Pre-downsampling [3,64,3,2]  
 ConvLayer1 [64,128,3,2]; [128,128,3,1]  
 ConvLayer2 [128,256,3,2]; [256,256,3,1] 
 ConvLayer3 [256,512,3,2]; [512,512,3,1] 
 ConvLayer4 [512,512,3,2]; [512,512,3,1] 
 
GFFM

Layer1 [128,128,3,1]  
 Layer2 [256,256,3,1]  
 Layer3 [512,512,3,1]  
 Layer4 [1024,1024,3,1]  
 
UL-FM

Layer1 [384,128,3,1]  
 Layer2 [786,256,3,1]  
 Layer3 [1536,512,3,1]  
 Convs 1 3 × 3, 𝑠 = 1  

To further leverage temporal information and enhance robustness 
against feature corruption, we aggregate the cooperative features from 
consecutive timesteps into a feature sequence:

3.3. Global joint feature fusion module

Although many CNN-Transformer hybrid segmenters combine the 
same-scale features via simple concatenation/addition (or apply atten-
tion independently within each branch), such local and per-scale fusion 
does not explicitly align the two encoder branches in the high-level 
6 
semantic space. Consequently, the CNN and Transformer branches may 
exhibit inconsistent responses to complex mucosal backgrounds, specu-
lar highlights, and low-contrast regions, and naive fusion can propagate 
these discrepancies to the decoder, undermining boundary accuracy 
and cross-dataset robustness. To address this gap beyond basic feature 
fusion, we propose the Global Joint Feature Fusion Module (GFFM), 
as illustrated in Fig.  2. GFFM introduces an attention-guided cross-
branch enhancement mechanism: attention-derived channel weights 
from one branch are shared to reweight the features of the other 
branch, enabling explicit cross-branch alignment and complementary 
aggregation of salient semantic cues while suppressing irrelevant back-
ground responses. This design provides a measurable performance gain. 
As shown in the ablation study (Table  4), incorporating GFFM yields 
Dice/mIoU/Precision/Recall of 0.917/0.862/0.917/0.931 on Kvasir-
SEG, demonstrating that attention-guided cross-branch alignment con-
tributes positively to the overall segmentation performance.

As shown in Fig.  2, the feature 𝐵𝑖, which is output from Swin-
B, is subjected to channel attention selection by average pooling, and 
avgpool(⋅) represents the operation of channel attention selection. The 
obtained weight matrix avgpool(𝐵𝑖) is multiplied by the features 𝐵𝑖 and 
𝑅𝑖 respectively, and then spliced to obtain the feature 𝐵𝑖. Similarly, 
the CNN output feature 𝑅𝑖 is averaged-pooled for channel attention 
selection. The obtained weight matrix avgpool(𝑅𝑖) is multiplied by the 
features 𝐵𝑖 and 𝑅𝑖 respectively, and also spliced to obtain the feature 
𝑅′
𝑖 . The features 𝐵′

𝑖 and 𝑅′
𝑖 are both passed through a convolution kernel 

with sizes of 1 and 3 × 3, respectively.
As illustrated in Fig.  2, the feature 𝐵𝑖, produced by the Swin-B mod-

ule, undergoes channel attention via average pooling, denoted by the 
function avgpool(⋅). The resultant attention weight matrix avgpool(𝐵𝑖) is 
independently multiplied with features 𝐵𝑖 and 𝑅𝑖, respectively. These 
weighted features are subsequently concatenated to generate the re-
fined feature 𝐵′

𝑖 . Analogously, the CNN-generated feature 𝑅𝑖 is pro-
cessed through the average pooling-based channel attention, producing 
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the attention weight matrix avgpool(𝑅𝑖). This weight matrix is sepa-
rately applied to features 𝐵𝑖 and 𝑅𝑖, and the results are concatenated 
to obtain the enhanced feature 𝑅′

𝑖 . Finally, both 𝐵′
𝑖 and 𝑅′

𝑖 are further 
refined by two convolutional operations employing a kernel of size 3×3. 
At last, the processed features are merged to produce the output 𝑆𝑖:

𝐵′
𝑖 =

[

𝐵𝑖 ×avgpool(𝐵𝑖);𝑅𝑖 ×avgpool(𝐵𝑖)
]

, (4)

𝑅′
𝑖 =

[

𝑅𝑖 ×avgpool(𝐵𝑖);𝑅𝑖 ×avgpool(𝑅𝑖)
]

, (5)

𝑆𝑖 = Conv3×3 (𝐵′
𝑖 ) + Conv3×3 (𝑅′

𝑖 ), (6)

where 𝑖 ∈ {1, 2, 3, 4}, and [; ] denotes channel-wise concatenation.

3.4. Upper and lower level feature fusion module

The complete architecture of the UL-FM is depicted in Fig.  3. As 
depicted, UL-FM receives two inputs representing features at varying 
scales. Leveraging multi-scale information is crucial for reducing the 
semantic discrepancy between the encoder and decoder. Conventional 
approaches, such as directly adding or multiplying feature maps with 
different spatial resolutions, often fail to achieve effective fusion. There-
fore, UL-FM adopts a multi-scale feature selection strategy to facilitate 
more meaningful integration, ensuring that features from different lev-
els are effectively aligned and semantically enriched before decoding. 
Compared with conventional multi-scale feature fusion strategies that 
simply upsample and aggregate features from different resolutions, UL-
FM performs adaptive cross-level selection and re-weighting driven 
by the joint representation, which explicitly aligns upper- and lower-
level semantics and suppresses redundant background responses. This 
design enables the decoder to exploit more complementary semantic 
and spatial cues, leading to more accurate reconstruction of small, flat, 
and low-contrast polyps.

After the GFFM produces 𝑆𝑖, 𝑖 ∈ {1, 2, 3, 4}, the features from the 
upper and lower levels, which differ in semantic and spatial informa-
tion, are first processed by a 3 × 3 convolution with stride one and then 
summed to form an intermediate representation 𝑆′: 
𝑆′ = Conv3×3 (𝑆𝑖 ) + Conv3×3 (𝑆𝑖−1 ). (7)

A selector module then derives attention weights from 𝑆′ via average 
pooling, Avgpool(𝑆′), to preserve informative cross-level semantic cues 
while suppressing redundant features. To obtain the final fused output 
𝑇𝑗 (with 𝑗 ∈ {1, 2, 3}), the selected features are first transformed by a 
1 × 1 convolution, passed through a sigmoid activation, and are then 
multiplied element-wise with the up-level features 𝑆𝑖−1 to facilitate 
improved fusion of cross-level features and obtain the final fused output 
𝑇𝑗 : 

𝑇𝑗 = 𝑆𝑖−1 ⊙ Sigmoid(Conv1×1(Avgpool(𝑆′))), (8)

where ⊙ denotes element-wise multiplication.

3.5. Decoder

The decoder section of this paper references the traditional U-Net 
decoder workflow, which proceeds as follows: abstract features from 
the bottom-most layer of the encoder undergo upsampling, concate-
nation with features from corresponding encoder layers, refinement 
through convolutional blocks, and repetition of this process until the 
original resolution is restored, as shown in Fig.  1. The CSB block dia-
gram in this paper is simplified. The flat cubes represent supplementary 
edge detail features within the CSB module. For detailed descriptions, 
please refer to DEMF-Net [31]. Among the remaining cubes in the 
decoder section, the bottom blue cube and the orange cube represent 
the feature-fusion results for each encoder layer. The fusion results from 
each layer are passed upward, upsampled, and aligned with those from 
the previous layer (indicated by yellow arrows in Fig.  1). This process 
yields the feature fusion results for the current layer, represented by 
the gray cube. The results from the topmost layer will pass through the 
CSB module to produce the final predicted polyp segmentation result, 
𝑂.
7 
3.6. Loss function

The loss function employed for training the model is specified as 
follows:

 = 𝑊
IoU + 𝑊

BCE, (9)

total = 𝛼(𝐺,𝑂1 ) + 𝛽(𝐺,𝑂2 ) + 𝛿(𝐺,𝑂3 ) + 𝛾(𝐺,𝑂). (10)

This loss function integrates two components, 𝑊
IoU and 𝑊

BCE. Polyp 
segmentation typically suffers from severe foreground–background
class imbalance and large variations in polyp size. In this setting, using 
a single BCE loss is often dominated by abundant background pixels and 
may lead to under-segmentation of small or flat polyps, whereas using 
only an IoU loss primarily constrains region-level overlap and often 
produces overly smooth boundaries. Therefore, we adopt a hybrid loss 
to combine the complementary advantages of both terms. The weighted 
IoU loss 𝑊

IoU encourages high region-level agreement between pre-
diction and ground truth and alleviates the effect of class imbalance, 
while the weighted BCE loss 𝑊

BCE provides pixel-wise supervision that 
preserves fine structures and sharp boundaries, especially around small 
and low-contrast polyps. As a result, the hybrid loss leads to more 
accurate and robust polyp segmentation than using either IoU or BCE 
alone. To optimize the model and enhance its predictive accuracy, a 
weighted loss function is employed. The hyperparameters 𝛼, 𝛽, 𝛿, and 
𝛾 are set to values of 0.1, 0.1, 0.1, and 0.7, respectively. As stated in 
Eq.  (10), 𝑂1 corresponds to the results of the encoder, 𝑂2 refers to 
the results of the second-to-last layer, 𝑂3 denotes the results of the 
third-to-last encoder layer, and 𝑂 represents the final prediction map.

4. Experiments and results

4.1. Colorectal polyp segmentation dataset

To train and evaluate the proposed methodological model, its effec-
tiveness in diagnosing colorectal polyps is assessed to ensure reliable 
diagnostic support for physicians. Five polyp datasets that are publicly 
accessible: Kvasir-SEG [27], CVC-ClinicDB [28], CVC-ColonDB [33], 
EndoScene [34], and ETIS [35] are selected. These datasets typically 
contain polyps of varying types and sizes, thereby simulating real clin-
ical scenarios. Fig.  4 shows examples of images from the five publicly 
available polyp datasets described above. The details of each dataset 
are as follows:

Kvasir-SEG: the dataset represents the largest publicly accessible 
collection for polyp segmentation. It includes 1000 images of polyps, 
each accompanied by its corresponding annotation. The resolutions of 
the images span from 332 × 487 pixels to 1920 × 1072 pixels, and the 
polyp regions exhibit significant variation in size and shape.

CVC-ClinicDB, which was officially utilized during the training 
phase of the MICCAI 2015 Colonoscopy Video Automated Polyp Detec-
tion Sub-Challenge, contains 612 polyp images with annotations. The 
dataset comprises frames extracted from 29 distinct endoscopic video 
sequences, each at a spatial resolution of 384 × 288 pixels.

CVC-ColonDB: the dataset is designed for tasks related to the detec-
tion and classification of colorectal polyps. It comprises 380 annotated 
polyp images, derived from 15 distinct colonoscopy videos. The images 
feature both normal tissue and polyps, with a resolution of 574 × 500 
pixels each.

EndoScene: the dataset comprises 912 annotated images and is a 
fusion of CVC-ClinicDB and CVC300. This dataset is frequently used 
for training and evaluating automated algorithms for polyp detection 
in colonoscopy images.

ETIS: the dataset consists of 192 polyp images, each annotated, and 
sourced from 29 different colonoscopy sequences. Every image in the 
collection has a resolution of 1225 × 996 pixels.
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Fig. 4. Five public polyp dataset images.
4.2. Experiment setup

The experiments are implemented in PyTorch, utilizing GPU accel-
eration provided by an NVIDIA RTX 3090 graphics card. The Swin 
Transformer is initialized using pre-trained Swin-B weights for the 
encoder. Instead of conventional data augmentation methods, a multi-
scale training strategy [36] is employed. The model parameters are 
optimized using the Stochastic Gradient Descent (SGD) optimizer. To 
further enhance training efficiency and performance, an early-stopping 
mechanism and a cosine annealing learning rate schedule are inte-
grated. The initial learning rate is set at 1 × 10−4 and progressively 
increases to a peak value of 0.01. The training procedure is run for 
60 epochs with a batch size of 4. No additional geometric or color 
augmentation is used. Multi-scale training serves as the only augmen-
tation strategy, introducing scale variation across iterations to reduce 
overfitting and improve generalization. For optimization, we employ 
SGD with momentum and cosine annealing. This choice follows several 
recent CNN-Transformer hybrid segmentation studies in which SGD has 
demonstrated stable convergence during multi-scale training. Although 
adaptive optimizers such as Adam may offer additional improvements, 
exploring such alternatives is left for future work.

4.3. Evaluation metrics

This study employs four widely used evaluation metrics to assess the 
performance of medical image segmentation methods: the Dice similar-
ity coefficient (Dice), mean Intersection over Union (mIoU), Precision, 
and Recall. These metrics are extensively recognized in the literature 
for their effectiveness in quantifying the accuracy and reliability of 
segmentation outcomes within medical imaging applications.

Dice = 2 × 𝑇𝑃
2 × 𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁

, (11)

mIoU = 1
𝑁

𝑁
∑

𝑛=1

𝑇𝑃𝑛
𝑇𝑃𝑛 + 𝐹𝑃𝑛 + 𝐹𝑁𝑛

, (12)

Precision = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

, (13)

Recall = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

. (14)

Here, Dice for each test image is computed according to Eq. (11), 
and the final Dice score reported in our experiments is obtained by 
averaging the Dice values over all test images. 𝑇𝑃𝑛, 𝐹𝑃𝑛, and 𝐹𝑁𝑛
denote the numbers of true positives, false positives, and false negatives 
for the 𝑛th test image, respectively, and 𝑁 is the total number of test 
images.

The Dice similarity coefficient measures the overlap between two 
sets and is widely used in image segmentation tasks to evaluate the cor-
respondence between predicted segmentations and their ground truths. 
The mIoU metric measures the overlap between predicted segmentation 
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masks and their corresponding ground-truth annotations, providing a 
comprehensive indication of segmentation quality. Precision quanti-
fies the proportion of positively predicted samples that are correctly 
identified, thereby reflecting the reliability of the segmentation model’s 
positive predictions. Conversely, recall measures the model’s ability to 
accurately detect true positives, serving as an indicator of sensitivity, 
particularly relevant to polyp detection accuracy.

4.4. Analysis of learning ability

All experiments are conducted on the public Kvasir-SEG and CVC-
ClinicDB datasets. For both datasets, all images and their corresponding 
masks are uniformly resized to 512 × 512 pixels. For each dataset, we 
first randomly select 90% of the images as the development data and 
reserve the remaining 10% as a held-out test set. In the development 
data, 10% of the images are reserved as a validation set for hyperpa-
rameter tuning and early stopping. In total, this yields 1305 training 
images (81%), 145 validation images (9%), and 162 test images (10%) 
across the two datasets. The validation and test sets are strictly disjoint, 
and all quantitative results are reported on the test set.

The performance of the proposed method for polyp segmentation 
is evaluated by comparing it with several widely used open-source 
models using four evaluation metrics. These models include U-Net [6], 
UNet++ [8], HarDNet-MSEG [37], SANet [38], TransUNet [39], and 
DS-TransUNet [40]. Additional polyp segmentation methods are also 
included for comparison. The performance of the proposed model is 
evaluated by comparing it with state-of-the-art approaches on two 
colorectal polyp image collections: the CVC-ClinicDB and Kvasir-SEG 
datasets. To enhance clarity, the top-performing results for each metric 
are highlighted in bold in Table  3. As illustrated in Table  3, the 
metrics achieved by the DEGF-Net surpass those of classical polyp 
segmentation approaches, including both traditional CNN-based mod-
els and hybrid CNN-Transformer architectures. Specifically, on the 
CVC-ClinicDB dataset, DEGF-Net outperforms HarDNet-MSEG by 2.2%, 
3.2%, 0.2%, and 3.2% across the respective metrics. For the Kvasir-SEG 
dataset, the improvements over DS-TransUNet are 2.0%, 2.7%, 1.7%, 
and 0.3%, respectively. The results indicate that the proposed method 
outperforms existing approaches in segmenting colorectal polyps.

Note that the results presented in Table  3 were partially obtained 
using the original author’s publicly available code repository and pre-
trained weights. Retraining and testing were conducted under identical 
software and hardware conditions (e.g., PyTorch and CUDA versions), 
with some results directly sourced from the original paper. However, 
our ablation studies during experimentation demonstrate that the per-
formance of our proposed method remains robust across a reasonable 
range of variations in its core configuration.

Our comparative analysis employs standard segmentation metrics 
(Dice, mIoU, Precision, Recall) as the primary basis for evaluation, con-
sistent with prior works (e.g., HarDNet-MSEG [46], DS-TransUNet [40], 
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Fig. 5. Performance comparison using the evaluation metrics of Dice and mIoU on CVC-ClinicDB and Kvasir-SEG datasets.
Table 3
Quantitative results of learning ability.
 Encoder type Model CVC-ClinicDB Kvasir-SEG

 Dice mIoU Precision Recall Dice mIoU Precision Recall 
 

CNN

U-Net [6] 0.832 0.750 0.887 0.851 0.812 0.722 0.855 0.835  
 UNet++ [8] 0.715 0.602 0.814 0.773 0.724 0.633 0.836 0.769  
 ResUNet++ [41] 0.795 0.796 0.878 0.702 0.813 0.793 0.877 0.706  
 Focus U-Neta [42] 0.941 0.893 0.956 0.930 0.910 0.845 0.917 0.916  
 PraNet [43] 0.899 0.849 0.961 0.912 0.898 0.840 0.903 0.910  
 DDANet [44] 0.941 0.893 0.951 0.936 0.857 0.780 0.864 0.888  
 PolypSegNeta [21] 0.915 0.862 0.961 0.911 0.887 0.826 0.917 0.925  
 ACSNet [45] 0.882 0.826 0.923 0.911 0.898 0.838 0.902 0.930  
 HarDNet-MSEG [46] 0.932 0.882 0.960 0.923 0.904 0.848 0.923 0.907  
 SANet [47] 0.899 0.859 0.925 0.914 0.904 0.847 0.916 0.923  
 
Transformer

nnFormera [48] 0.923 0.876 0.924 0.913 0.892 0.830 0.959 0.912  
 Polyp-PVTa [24] 0.937 0.889 N/A N/A 0.917 0.864 N/A N/A  
 TransUneta [39] 0.935 0.887 N/A N/A 0.913 0.856 N/A N/A  
 

Hybrid

TranSEFusionNeta [19] 0.865 0.791 N/A N/A 0.845 0.781 N/A N/A  
 CSwinDoubleU-Neta [20] 0.931 0.883 0.965 0.872 0.910 0.844 0.903 0.854  
 DS-TransUNeta [40] 0.942 0.894 0.937 0.950 0.913 0.859 0.914 0.936  
 MGCBFormera [49] 0.955 0.915 0.963 0.949 0.931 0.885 0.955 0.919  
 Ens2a [30] 0.935 0.893 N/A N/A 0.927 0.883 N/A N/A  
 DEMF-Net [31] 0.953 0.919 0.962 0.953 0.915 0.860 0.913 0.937  
 DEGF-Net (Ours) 0.958 0.922 0.962 0.955 0.933 0.886 0.931 0.939 
a The labeling results were directly adopted from the data in the original paper.
Table 4
Ablation study on Kvasir-SEG evaluating the contribution of the proposed modules.
 Index Setting Kvasir-SEG

 Backbone GFFM UL-FM Dice mIoU Precision Recall 
 Med.1 √

× × 0.907 0.847 0.897 0.913  
 Med.2 √ √

× 0.917 0.862 0.917 0.931  
 Med.3 √

×
√

0.918 0.865 0.913 0.933  
 DEGF-Net √ √ √

0.933 0.886 0.931 0.939 
MGCBFormer [49], Ens2 [30], DEMF-Net [31]). Although AUC-ROC 
curves can provide complementary insights, their calculation relies on 
model confidence scores, which are not consistently obtainable from all 
benchmark methods. Therefore, AUC-ROC curves are not provided in 
this paper.

Fig.  5 presents a comparative analysis of the DEGF-Net method 
against several state-of-the-art techniques, evaluated using the Dice 
similarity coefficient and mIoU metrics. The evaluation is performed 
on the CVC-ClinicDB and Kvasir-SEG datasets.

Fig.  6 presents a comparative analysis of several leading medi-
cal image segmentation models on the CVC-ClinicDB and Kvasir-SEG 
datasets, with an emphasis on their precision and recall performance. 
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From the results, the DEGF-Net (green columns) proposed in this study 
demonstrates the best Recall performance in both cases: 0.955 on CVC-
ClinicDB and 0.939 on Kvasir-SEG, outperforming the other models 
compared. In medical image analysis, Recall is a key indicator of the 
model’s ability to identify lesion regions, as it measures the proportion 
of actual lesions that are covered, which directly reflects the risk of 
missed detection. In clinical diagnosis, omitting a single lesion can have 
serious consequences, so a high recall rate is particularly important for 
practical applications. Meanwhile, although DEGF-Net performs well 
in Recall, its precision remains high (0.962 and 0.931, respectively), 
which does not lead to many false alarms due to an overemphasis on 
detection rate and reflects a good balance in prediction.
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Fig. 6. Performance comparison using the evaluation metrics of Precision and Recall on CVC-ClinicDB and Kvasir-SEG datasets.
Fig. 7. Visualization results of polyp segmentation.
Fig.  7 depicts the segmentation outputs of DEGF-Net on both the 
CVC-ClinicDB and Kvasir-SEG datasets, with the first three examples 
drawn from CVC-ClinicDB and the subsequent three from Kvasir-SEG. 
From the analyses presented in Table  3 and Fig.  7, it is evident that the 
DEGF-Net excels in polyp segmentation. The advantages of the model 
can be summarized below:

1. Adaptability for clinical variability: The segmentation perfor-
mance is effectively enhanced to address real-world issues, in-
cluding irregular polyp shapes, size variability, and the coexis-
tence of multiple polyps. In particular, the model achieves more 
accurate edge segmentation for irregularly shaped polyps.

2. Hybrid encoder architecture: The integration of Swin Trans-
former and CNN to a dual encoder enables the model to leverage 
10 
the complementary strengths of both architectures. Moreover, 
pruning branches in the Swin Transformer reduces computa-
tional cost while maintaining significant improvements in polyp 
detection rate and segmentation accuracy.

3. Advanced feature fusion: Two newly proposed feature fusion 
modules capture both structural details and positional informa-
tion by integrating global features and multi-level feature rep-
resentations, enabling effective segmentation of polyp regions, 
even in complex clinical scenarios.

4.5. Ablation experiments

An ablation study was conducted on model variants using the 
Kvasir-SEG dataset to assess the segmentation performance of the 
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Table 5
Quantitative results for generalizability, the best results are highlighted.
 Model CVC-ColonDB ETIS EndoScene

 Dice mIoU Dice mIoU Dice mIoU  
 U-Net [6] 0.471 0.390 0.401 0.340 0.627 0.535 
 UNet++ [8] 0.318 0.253 0.297 0.247 0.428 0.357 
 ResUNet++ [41] 0.300 0.222 0.121 0.081 0.834 0.777 
 PraNet [43] 0.709 0.640 0.628 0.567 0.871 0.797 
 DDANet [44] 0.520 0.439 0.247 0.195 0.834 0.777 
 ACSNet [45] 0.716 0.649 0.578 0.509 0.863 0.787 
 HarDNet-MSEG [46] 0.731 0.660 0.677 0.613 0.887 0.821 
 SANet [47] 0.745 0.665 0.750 0.654 0.888 0.815 
 DEMF-Net [31] 0.751 0.668 0.736 0.635 0.908 0.882 
 DEGF-Net (Ours) 0.792 0.712 0.750 0.675 0.924 0.886 
DEGF-Net for colorectal polyp images. The study also aimed to high-
light the contribution of each component to the model’s overall effec-
tiveness.

The baseline configuration, referred to as ‘Backbone’, consists solely 
of a two-branch encoder and decoder. Variants of the model were 
constructed by including or omitting the Global Federated Feature 
Fusion Module (GFFM) and the Upper and Lower Level Feature Fusion 
Module(UL-FM). The standard configuration, incorporating both mod-
ules, is denoted as ‘Backbone+GFFM+UL-FM’ (DEGF-Net). The validity 
of each configuration was assessed by comparing performance metrics 
on the Kvasir-SEG dataset.

4.5.1. Effectiveness of the global federated feature fusion module (GFFM)
As shown in Table  4, the model variant Med.2, which includes 

GFFM, achieves improvements of 1.0% in Dice, 1.5% in mIoU, 2.0% 
in Precision, and 1.8% in Recall, over the baseline ‘Backbone’. These 
results suggest that the GFFM effectively integrates features from the 
dual encoder and captures both hidden semantic and positional infor-
mation in polyp images, enhancing global contextual understanding 
and improving output accuracy.

4.5.2. Effectiveness of the upper and lower level feature fusion module 
(UL-FM)

According to Table  4, the model Med.3, which incorporates UL-
FM, shows improvements of 1.1% in Dice, 1.8% in mIoU, 1.6% in 
Precision, and 2.0% in Recall over the baseline. This indicates that 
UL-FM effectively reduces the semantic gap across various feature 
levels, enabling the propagation of high-level semantic and positional 
information throughout the polyp region. Consequently, it facilitates 
the successful fusion of cross-level features and enhances segmentation 
performance.

4.5.3. Effectiveness of the full configuration (DEGF-Net)
The complete DEGF-Net model integrates a dual-encoder architec-

ture comprising a Swin Transformer and a CNN, along with the GFFM 
and UL-FM modules. By employing a dual-encoder architecture, the 
model addresses CNNs’ inability to capture long-range dependencies 
and overcomes the shortcomings of the Swin Transformer in extract-
ing fine-grained local details, thereby harnessing the complementary 
strengths of both. Moreover, the inclusion of GFFM and UL-FM allows 
the module to capture fine-grained structural and positional details 
from both global and hierarchical feature levels, resulting in robust and 
accurate polyp segmentation, even in complex clinical scenarios.

4.6. Generalization capability

4.6.1. Generalization ability on polyp datasets
To assess the generalization capability of the DEGF-Net, which 

achieved outstanding results on the CVC-ClinicDB and Kvasir-SEG 
datasets, it was further tested on the EndoScene, CVC-ColonDB, and 
ETIS datasets. The segmentation models that performed best on the 
CVC-ClinicDB and Kvasir-SEG polyp datasets were selected for testing 
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on the CVC-ColonDB, EndoScene, and ETIS datasets. None of these 
three datasets was used in the model training.

As shown in Table  5, the DEGF-Net demonstrates strong gener-
alization performance when compared to existing models. It effec-
tively adapts to varying characteristics of different polyp datasets and 
achieves superior segmentation results on all three previously un-
seen datasets. On the CVC-ColonDB dataset, particularly, the DEGF-Net 
achieves improvements of 2.3% in Dice and 2.1% in mIoU over the 
traditional segmentation algorithm, TransUnet. On the ETIS dataset, 
the method outperforms DEMF-Net, achieving gains of 1.7% in Dice 
and 3.8% in mIoU. For the EndoScene dataset, the DEGF-Net out-
performs the second-best model, TransUnet, achieving a 0.8% higher 
Dice score and a 0.2% improvement in mIoU. The results suggest 
that the DEGF-Net demonstrates strong generalization across various 
clinical scenarios. It maintains high segmentation performance across 
datasets with varying imaging environments and polyp characteristics, 
demonstrating its potential for widespread use in real-world clinical 
settings.

4.6.2. Generalization ability on other medical datasets
To assess the adaptability and performance of the DEGF-Net across 

different medical imaging domains, experiments were conducted on the 
DRIVE retina dataset and a publicly available cell segmentation dataset. 
This evaluation assesses the algorithm’s potential beyond colorectal 
polyp segmentation, highlighting its broader applicability to diverse 
medical image segmentation tasks.

The DRIVE dataset, provided by the Image Processing Group [50], 
consists of 40 color retinal images that can be used for training and an 
additional 20 for testing, all provided at a resolution of 584 × 565 pix-
els. The cell segmentation dataset, which also includes 30 cell images 
for training and an additional 20 for testing, all with a resolution of 
512 × 512 pixels, is commonly utilized for evaluating medical image 
segmentation models.

During the experiments, all images from both datasets were uni-
formly resized to 512 × 512 pixels. These experiments help to validate 
the generalization capability of the DEGF-Net across various medical 
imaging contexts.

Table  6 illustrates that the DEGF-Net outperforms existing mod-
els in terms of segmentation accuracy on both the retina and cell 
segmentation datasets. Fig.  8 provides a visual comparison of the DEGF-
Net model with other existing models for retinal segmentation. These 
results indicate that DEGF-Net can be effectively adapted to a range 
of medical image segmentation tasks beyond colorectal polyp seg-
mentation. The demonstrated generalization capability provides strong 
evidence supporting the applicability of the DEGF-Net across a broader 
range of medical imaging domains.

5. Discussion

While the colorectal polyp segmentation method presented in this 
paper has yielded encouraging results, several aspects still require 
further refinement in future investigations. Specifically, these areas 
include:
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Table 6
Generalization ability of other datasets.
 Model DRIVE Cell

 Dice mIoU Precision Recall Dice mIoU Precision Recall 
 U-Net [6] 0.770 0.627 0.775 0.769 0.950 0.905 0.956 0.944  
 UNet++ [8] 0.721 0.616 0.637 0.628 0.932 0.873 0.956 0.910  
 DEMF-Net [31] 0.886 0.795 0.869 0.903 0.982 0.965 0.984 0.980  
 DEGF-Net (Ours) 0.896 0.823 0.893 0.908 0.994 0.985 0.993 0.990 
Fig. 8. Visualization results of retinal segmentation and cell segmentation.
1. The values of the hyperparameters 𝛼, 𝛽, 𝛿, 𝛾, in the loss function 
are set based on empirical experiments as well as the relative 
importance assigned to the different loss components throughout 
the training process. The weights (𝛾 = 0.7) of the final prediction 
graph O emphasize that the final output should be the main 
focus of the training process, which is typical for many tasks, 
as the final prediction is the most important aspect, and it is 
crucial to ensure that the model performs well in this regard. By 
assigning higher weights, the model is encouraged to learn to 
generate high-quality final predictions. While the final output 
should be the main priority, 𝑂1, 𝑂2, and 𝑂3, the intermedi-
ate outputs of each encoder layer, capture different levels of 
feature abstraction, and the intermediate outputs can provide 
valuable supervisory signals for fine-grained tuning at differ-
ent levels of abstraction, so the remaining weights are equally 
distributed among the three hyperparameters. These features 
can help the model converge faster, prevent overfitting, and 
improve generalization by using multiple feature levels in the 
model representation. For now, the selection of loss-function hy-
perparameters remains largely empirical, with room for further 
improvement.
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2. Recent studies predominantly concentrate on the segmentation 
of colorectal polyps in images, with most publicly available 
datasets being extracted from colonoscopy videos. This presents 
an opportunity to adapt existing colorectal segmentation meth-
ods for video data, enabling their application to colonoscopy 
videos. Furthermore, these methods can be integrated into hard-
ware devices to delineate the areas and locations of colorectal 
polyps in real time and efficiently during colonoscopy, making 
them an effective adjunct to colonoscopy.

3. Although the DEGF-Net shows strong segmentation performance 
on the retina and cellular datasets. Moving forward, compara-
tive experiments will be conducted on additional medical im-
age segmentation datasets, focusing on developing feasible, re-
liable, and accurate segmentation methods based on existing 
techniques. Further optimization of the model is essential to 
reduce training time and minimize its high hardware memory 
usage.

4. Despite the strong overall performance of DEGF-Net on Kvasir-
SEG and CVC-ClinicDB, several limitations remain. The method 
can still under-segment or miss extremely small or flat polyps 
with very low contrast to the surrounding mucosa, and it is 
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Fig. 9. Poor segmentation results for small or flat samples.

susceptible to severe colonoscopy artefacts such as specular 
highlights, motion blur, and bowel-preparation residues, which 
may induce false positives on mucosal folds or background 
tissue. As shown in Fig.  9, we present two sets of poor seg-
mentation results for small, flat polyps. In the first set, the 
segmentation of the upper portion of the polyp is suboptimal, 
exhibiting significant shape deviation. In the second group, the 
original image reveals that the polyps on the right side of this 
sample are flatter with less distinct boundaries. Consequently, 
the segmentation results on the right side show a noticeable 
discrepancy compared to the ground truth (GT). We have not 
yet fully identified the reasons for this outcome, which will also 
be a challenge for future research. In addition, the current eval-
uation is limited to two public datasets acquired under relatively 
controlled conditions, so the robustness of DEGF-Net to images 
from other endoscope systems and clinical centers remains to 
be established. These observations indicate that further work on 
small-lesion enhancement, artefact-robust representations, and 
broader multi-center validation is still required.

5. Analyzing the model’s performance across different polyp sizes 
is crucial for a comprehensive assessment of its robustness. 
However, the datasets employed in this study (e.g., Kvasir-SEG, 
CVC-ClinicDB) are publicly available benchmark datasets that 
do not provide official standardized annotations grouping polyps 
by size (small, medium, large). Manually defining classification 
criteria, alongside verifying compliance with medical standards 
and conducting rigorous re-evaluation. Furthermore, we shall 
include a performance across polyps of varying sizes (small, 
medium, large), which represents a crucial direction for future 
research in quantitative polyp segmentation analysis.

6. Whilst the model demonstrates consistent performance across 
multiple datasets, confirming its sound reliability and robust-
ness, we acknowledge that more rigorous statistical analysis, 
such as paired t-tests or other statistical significance tests applied 
to all test images, would furnish stronger quantitative evidence. 
Conducting such analyses requires access to single-image pre-
dictions from all comparison methods, which is not possible 
under the current experimental setup because not all benchmark 
models can be reproduced. Achieving this objective will be a key 
focus of our subsequent research, with substantive exploration 
and implementation of this goal in future work.

6. Conclusions

This paper proposes a dual-encoder framework, DEGF-Net, for col-
orectal polyp segmentation. DEGF-Net combines Swin Transformer and 
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CNN branches to exploit the Transformer’s strength in modeling long-
range dependencies together with the CNN’s ability to capture fine-
grained local features.

By integrating Swin Transformer and CNN in the encoder, the 
network effectively leverages complementary global and local rep-
resentations, while a layer-by-layer CNN-based decoder enables effi-
cient feature fusion. To further enhance segmentation performance in 
complex scenarios, two dedicated modules, the Global Joint Feature 
Fusion Module (GFFM) and the Upper-Lower Level Feature Fusion 
Module (UL-FM), are introduced. These modules jointly encode se-
mantic and positional information and help bridge the gap between 
hierarchical features. Experimental results on the CVC-ClinicDB and 
Kvasir-SEG datasets confirm the effectiveness of DEGF-Net, with Dice 
scores of 0.958 and 0.933, respectively. Additional evaluations on the 
DRIVE retina dataset and a public cell segmentation dataset further 
demonstrate the model’s generalization ability across different medical 
imaging domains.

Although the proposed method achieves promising results, several 
directions remain for future work. We plan to extend DEGF-Net to 
video-based polyp segmentation to enable real-time detection during 
colonoscopy procedures. In addition, we intend to conduct more ex-
tensive experiments on diverse medical datasets and explore model 
optimization strategies to reduce computational cost and memory us-
age, thereby facilitating deployment in resource-constrained clinical 
environments.
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