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Abstract: Colorectal cancer has been recognized as the third most prevalent and the third most lethal cancer worldwide.
Accurate detection and segmentation of polyps in the colorectal region play a crucial role in facilitating the early diagnosis of
cancer. The rapid advancement of deep learmning has greatly accelerated the development of automated polyp detection and
segmentation techniques. Although the well -established U-Net and its variants have long been regarded as classical architectures
in medical image segmentation, the basic U-Net model still exhibits several limitations when applied to complex endoscopic
scenarios. These include noise introduced by skip connections, restricted receptive fields for contextual information, and the
absence of effective edge-awareness mechanisms. Thisreview systematically elaborates on the recent research progress of polyp
segmentation based on U-Net optimization models. According to different structural enhancement strategies, the existing
methods can be broadly categorized into four major types: Depth and residual error optimization. for example, ResUNet++ [1]
enhances gradient propagation through residual connections. Attention mechanism integration. such as PraNet [2], which
employs reverse attention to focus on salient regions. Boundary and multi-scale feature fusion. exemplified by recent models
like CaraNet [3] and BUNet [4], which improve the detection accuracy of small objects and enhance boundary precision.
Semantic and cross-modal enhancement. represented by TGA-Net [5] and CLIP-Polyp [6], which leverage vision-language
pretraining to achieve improved segmentation performance. Our proposed network, MSEANet, integrates the Edge Feature
Extraction (EFE), Cross-layer Context Fusion (CCF), and Selective Edge Attention (SEA) modulesinto a framework and serves
as a recent work representative of collaborative optimization. Experimental results indicate the effectiveness of MSEANet in
achieving synergic multi-module fusion for polyp segmentation. This review finds that the research trajectory ofthe U-Net family
has been developed from single-module optimization towards multidimensional fusion. Future research will tend to focus on
light-weight framework, multimodal semantic guidance, and enhanced interpretability, designing to further improve the clinical
applicability of deep segmentation models.

Keywords: U-Net, Polyp Segmentation, Medical Image Segmentation, Attention Mechanism, Edge Feature Fusion,
Multimodal Semantics, MSEANEet.

segmentation tasks, in the recent past. This has helped
automated, observer-independent polyp segmentation

1. Introduction

The most prevalentand fatal digestive system malignancy become a key area of research work [9]. .
worldwide is colorectal cancer. According to the statistics Among the early segmentation models, U-Net and its
published by the World Health Organization (WHO) in the numerous derivatives have been the most representative
year 2024, 1.9 million new cases of colorectal malignancy are architectures. Since Ronnebergeret al.(2015) first introduced
diagnosed worldwide annually and more than 80% of them U-Net [10]». 1ts symmetric encoder—decoder structure gnd
have their roots in adenomatous polyps [7]. It has become efficient sklp connections have demonstrated eutstandmg
evident from clinical studies that when the polyps are detected performance in various medical image segmentation tasks.
carly and excised from their primary forming stage, the risk However, the original, unmodified U-Net exhibits notable
of malignant transformation reduces significantly. This again limitations when applied to complex endoscopic images [11,
pinpoints the necessity for precise detection and automatic 12]: ] ) )
segmentation of polyps in the colorectum, which relies Skip connections may propagate background noise along
significantly on the assistance of computer-aided endoscopic with feature maps to the@eeoder. The 100?1 receptive ﬁelq of
diagnosis systems (CADe/CADx systems) [8]. standard convolutions is limited, resulting in insufficient

The traditional polyp detection method has always relied modeling of globa'l semantic context. 'Cilassnc U-Net mode!s
heavily on personal clinical experience and manual demonstrate relatively weak capability in edge detail
observation. But such a method is highly susceptible to reconstruction, which can easily lead to missed detections of
environmental factors like folds in the tissue, light effects, and small polyps. _ '
blur in the images, which are bound to have a profound To resolve these above-mentioned major challenges,
influence on diagnostic precision. Deep learning (DL) has various U—Net—baeed enhancements have been .1ntroduced by
made tremendous advances in the field of medical image researchers, leading to a wide "U-Net family", such as

analysis, particularly through the wide applicability of ~ representative models like ResUNet++, PraNet, CaraNet,
convolutional neural networks (CNNs) in semantic Polyp-PVT [13], and nnU-Net [27]. On the basis of the
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development lines of these models, this review also
introduces our proposed MSEANet (Multi-Scale Selective
Edge-Aware Network) model as a recent representative. The
subsequent sections derive a comparative survey from the
aspects of structural optimization, semantic modeling, edge
enhancement, and multimodal fusion, to explore the future
technological directions and research ventures for the area of
polyp segmentation.

2. U-Net Architecture and Its
Limitation Analysis

2.1. Basic Structure of U-Net

U-Net was first proposed by Ronnebergeret al. (2015) for
pixel-level segmentation tasks in biomedical images. Its core
architecture follows a typical encoder—decoder framework
[24]:

The encoder progressively extracts high-level semantic
features through convolution and pooling operations.

The decoder gradually restores spatial resolution via
transposed convolutions (upsampling).

Skip connections concatenate low-level features from the
encoder to the corresponding decoder layers to compensate
for spatial detail loss.

This design enables U-Net to simultaneously capture local
textures and global structural information, resulting in
consistently robust performance in medical image
segmentation tasks [28].

2.2. Limitation Analysis

The emergence of U-Net laid the foundation for deep
segmentation; however, several limitations remain in the
context of polyp images:

Redundancy of features — Skip connections transmit a
colossal number of low-level features to the decoder while
adding background textures and noise in combination. This
may decrease the quality of the segmentation edges.

Global context modeling absence — The basic U-Net
utilizes local convolutions predominantly, so it has a
restricted receptive field. Thus, it is unable to identify long-
range dependencies between polyps and adjacent tissue, a
condition that is further exaggerated when large images are
involved.

Smoothing ofedges and loss of small polyps — Features are
continually smoothed in the upsampling phases, and this may
blur the edges of polypsand lead to the loss of detailed edge
information. This severely compromises the detection of
small polyps. Experimental results have revealed that the
original U-Net has a more than 30% miss rate for small polyps
[29].

3. U-Net-Based Improvement

Pathways and Representative
Models

The development of the U-Net family has not been an
isolated exploration; rather, it represents a progressive
evolution aimed at addressing the core limitations of the
original U-Net. The key technological iterations can be
intuitively illustrated in the figure below:
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Development Path of U-Net-Based Polyp
Segmentation Models
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Figure 1. Evolutionary Path of U-Net-Based Polyp Segmentation
Models
Note: The figure illustrates the core improvement
directions of three representative models—U-Net, PraNet,
and MSEANet——covering key techniques such as skip
connection optimization, reverse attention integration, and
edge feature extraction.

3.1. Depth and Residual Optimization:
ResUNet Series

ResUNet++ (Jha et al., 2020) further expands the base U-
Net by the incorporation of residual blocks and batch
normalization layers. These design choices are advantageous
by preventing gradient vanishing when training deep
networks so that stable model convergence is realized.
Through the assistance of multi-level feature aggregation and
convolutions, the model retains global context while also
abstracting fine-grained details. On the Kvasir-SEG dataset
[30], we achieve a mean Dice (mDice) of 87.0% for the
ResUNet++ series that translates to a 3-percentage-point
boost when compared to the original U-Net. However, the
ResUNet++ series has minimal sensitivity to edge features
such that when contrast between edges and the surrounding
tissue is subpar, suboptimal segmentation is realized, yielding
regions that are missed or misclassified.

3.2. Introduction of Attention Mechanisms:
PraNet and UACANet

PraNet (Fan et al., 2020) represents a landmark model in
the evolution of polyp segmentation. It introduces the concept
of reverse attention [25], which can be simply described as
training the model to first identify non-polyp regions and then
exclude them, thereby allowing the network to focus more
precisely on the polyp regions. By combining global feature
aggregation with reverse attention, these modules work
synergistically to produce polyp boundaries that are clearer
and more accurate.

UACANet (Kim et al., 2021)[14] buildsupon PraNet with
further optimizations, enabling the model to assess regions
prone to inaccurate segmentation and adaptively adjust its
predictions [31].

Despite their advances, both models share common
limitations:

High computational cost — The attention mechanisms,
designed to enhance focus on polyp regions, require
significant computational resources. Limited multi-scale
feature utilization — Both models primarily rely on single-
scale image features and do not fully integrate information
across scales, restricting their ability to achieve more
comprehensive segmentation performance.



3.3. Edge Enhancement and Multi-Scale
Fusion: CaraNet, BUNet, and MSEANet

CaraNet (Zhang et al., 2021) emphasizes the extraction of
edge-sensitive features of polyps, directing the model to focus
specifically on polyp boundaries. It employs a structure
analogousto a multi-level magnifying mechanism to analyze
the image while integrating contextual information from
surrounding regions. This design allows the model to more
accurately detect small polyps and produce sharper, less
blurred segmentation boundaries.

BUNet [32] (Zhang et al., 2022) introduces a boundary
uncertainty estimation mechanism. An independent boundary
branch learns the probability distribution of boundaries,
enabling more stable predictions in ambiguous or low-
contrast regions.

MSEANet combines and improves the above optimisation
methods. Following the general U-Net architecture, it directly
incorporates three new novel optimisation modules for the
detection of polyps:

EFE (Edge Feature Extractor): It directly extracts high-
frequency gradient information for the purpose of boundary
awareness in early layers. CCF (Cross-layer Context Fusion):
With dilated convolutions and a dynamic weight mechanism,
it combines multi-level semantic features while reducing the
noise and redundancy introduced by skip connections. SEA
(Selective Edge Attention): During the decoding process, a
learnable scaling mechanism for the weights of the edge
features leads to mutual boost between the boundary and
contextual information.

In addition, MSEANet also applies a composite loss
function to further optimize segmentation.

Ltotal = 7\‘1 LBCE + }\QLIOU + 7‘3 LDice

By balancing pixel-level errors and region-level overlap,
MSEANet achieves overall segmentation consistency.

Preliminary experiments demonstrate that MSEANet
improves the Dice coefficient by approximately 2.1%
compared to PraNet on the Kvasir-SEG, Kvasir-Sessile [33],

and BKAI datasets.

These results validate the effectiveness of the “global
semantics + local edges + feature selection” collaborative
optimization strategy [26], establishing MSEANet as one of
the notable advancements in the current U-Net improvement
paradigm.

3.4. Cross-Modal and Semantic Enhancement:
Polyp-PVT, TGA-Net, and CLIP-Polyp

The emergence of Vision Transformers (ViT) and
multimodal models has also encouraged research for the
employment of global attention and cross-domain knowledge
transfer for the task of polyp segmentation.

Polyp-PVT (Li et al.,, 2023) uses the Pyramid Vision
Transformer (PVT) [34] as its encoder and carries a multi-
scale attention mechanismto amplify global modeling ability
significantly.

TGA-Net (Wang et al., 2023 ) enables the model to analyze
medical images while also incorporating information from
corresponding textual descriptions [35,36].

CLIP-Polyp (2024) utilizes the visual-language alignment
capability of the CLIP model [37], allowing the network to
“understand” both images and text. This enables polyp
recognition even with limited or zero annotated data [38].

Although such methods show promise in combining textual
and visual data for the purpose of lesion detection, they are
dependent on massive pre-trained models and enormous
amounts of labeled data. This not only bears very high
computational expenses but also has two primary issues in the
field of healthcare:

Labeled datasets are time-consuming and expensive to
prepare. Clinicians have variable interpretability, which
renders the model incomprehensible in terms of how it
reaches its decisions.

4. Performance Comparison and
Trend Analysis

Table 1. Core Characteristics and Performance Comparison of U-Net-Based Polyp Segmentation Models

Model Improvement Direction | Kvasir-SEG (mDice%)

U-Net Basic Architecture 84.0
ResUNet++ Residual Deep 87.0

Optimization

PraNet Attention Mechanism 89.8

CaraNet Contextual Fusion 90.6

BUNet Boundary Uncertainty 90.8
MSEANet Collaborative Multi- 91.92

Module Fusion

Trend Summary:

Improvement strategies have evolved from single-module
optimization to collaborative multi-module fusion. It has
become a major catalyst for the boost of performance by
merging multi-scale features and edge enhancement.
Transformers and cross-modal fusion are pushing models
towards semantic-level understanding. Light-weighting
model and interpretability are becoming significant future
directions for the practical applicaton of polyp segmentation
models [39].
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Main Limitations
Susceptible to background

Key Innovations
Simple and stable encoder—

decoder with skip connections noise

Residual modules to alleviate Limited edge-capturing
gradient vanishing capability

Reverse attention to enhance Limited global context
boundary precision modeling

Multi-scale edge enhancement | High computational complexity

Relatively large number of

Boundary probability modeling parameters
Joint enhancement of edges,

context, and attention High training complexity

5. Innovative Positioning and

Significance of MSEANet

In comparison to the other variants ofthe U-Net, MSEANet
[18] meets the "fusion and selection" architecture

Fusion [15]: The CCF module combines multi-level
semantic features for cross-scale information flow.

Selection [16]: The SEA module shifts attention
interactively by taking edge confidence into consideration
and suppressing redundant features.



Stability [17]: The EFE module explicitly anchorspolyp
edge features, so the model runs robustly and reliably, even
when the conditions in the image are low color contrast.

6. Future Research Directions

6.1. Model Light-weighting and Real-Time
Segmentation

With the continuous improvement of embedded computing
capabilities in endoscopic devices, the development of
lightweight deep learning models for polyp segmentation is
becoming increasingly feasible and desirable [19].
Techniques such as depthwise separable convolutions (e.g.,
MobileNetV2 [40]) and compact architectures (e.g.,
EfficientPolypSeg [41], HarDNet-MSEG) are gaining
traction. These approaches aim to reduce model parameters
and computational overhead while maintaining high
segmentation accuracy, enabling real-time inference directly
on endoscopic hardware. Future research is expected to focus
on balancing efficiency and precision, designing models that
can operate robustly in clinical settings without reliance on
high-performance GPUs.

6.2. Multimodal and Language-Guided
Segmentation

By leveraging vision—language pretraining models such as
CLIP and SAM, polyp segmentation can be performed under
weakly supervised or zero-shot conditions [20]. These models
enable the integration oftextual guidance with visual features,
allowing the network to better understand semantic context
and lesion characteristics even with minimal annotated data.
This approach holds significant potential for reducing the
reliance on costly manual labeling while improving the
model’s generalization capability across diverse endoscopic
datasets.

6.3. Uncertainty Modeling and Adaptive Edge
Learning

By incorporating probabilistic graphical models and
Bayesian inference mechanisms, this approach enhances the
stability and interpretability of polyp segmentation in regions
with ambiguous or low-contrast boundaries. Additionally, a
dynamic adjustment mechanism is designed to adaptively
modulate edge feature weights during training and inference,
overcoming limitations of traditional fixed-weight
architectures. This strategy allows the model to prioritize
uncertain or critical boundary regions, reducing
misclassification and improving overall segmentation
reliability in challenging clinical images [21].

6.4. Clinical Interpretability and Interactive
Segmentation

By employing visualization techniques such as Grad-CAM
and saliency maps, the model generates outputs that are
interpretable by clinicians, providing transparent insights into
the decision-making process. This enables physicians to
verify and interact with the segmentation results [22, 23],
supporting more informed diagnostic decisions. Integrating
such interactive and interpretable mechanisms not only
enhances trust in Al-assisted endoscopy but also facilitates
iterative refinement of predictions, making these models more
suitable for real-world clinical applications.

45

7. Conclusion

This article summarizes and reviews the latest evolving
progress of polyp segmentation models derived from the
traditional U-Net framework. The review primarily elaborates
on the evolution of the models from four primary aspects:
structural depth optimization, attention mechanism
introduction, edge information fusion, and multimodal
enhancement. Based on the analysis of existing research and
literature, some conclusions can be drawn: the U-Net model
is still the most representative and influential basic model in
medical image segmentation. The further improvement of the
model performance relies on the collaborative integration of
multi-dimensional features and the effective acquisition and
fusion of edge and global semantic information.

The MSEANet model proposed in this survey incorporates
modules of edge feature extraction, contextual information
fusion, and selective attention, which are jointly optimized to
form a unified polyp segmentation system. This model has
achieved state-of-the-art segmentation performance on
various public datasets. The innovation of MSEANet further
validates the trend in polyp segmentation research from pure
structural innovation towards semantic fusion, and also
demonstrates partial achievements in the evolution of model
architectures under the trend.

Future research directions in polyp segmentation are
expected to continue developing along the lines of model
lightweighting, multimodal collaboration, and better
interpretability, with the long-term objective of constructing
intelligent endoscopic analysis systems that can be robustly
and reliably applied in clinical practice.
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