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Abstract

The accurate segmentation of the polyp is very important for the diagnosis
and treatment plans of colorectal cancer. Although the UNet model and mod-
els with the U-shaped structure have achieved great success in polyp image
segmentation, they are still limited by the colors, sizes, and shapes of polyps,
as well as the low contrast, various noise, and blurred edges of the colonos-
copy, which can easily result in a large amount of redundant information,
weak complementarity between different levels of features, and inaccurate
polyp localization. To deal with the special characteristics of the polyp images
and improve the segmentation performance, a new segmentation model named
VTANet, which is based on the pyramid vision transformer and BAM (Bot-
tleneck Attention Module), is developed. The proposed model consists of four
modules: the pyramid vision transformer (PVT) encoder, the Feature Aggre-
gation Module (FAM), the Adaptive Attention Fusion Module (AAFM), and
the Aggregation Similarity Module (ASM). The PVT learns a more robust rep-
resentation model; the FAM enhances the complementarity between features
by cascading the encoder features and acquiring richer context and fine-
grained features. The AAFM makes polyp localization more accurate by intro-
ducing the BAM attention module to obtain richer details of the polyps. To
verify effectiveness and accuracy, experiments on five popularly used datasets
are carefully designed and implemented. The proposed VTANet achieves
competitive and generally superior performance across five public datasets.
Although it does not obtain the best score on every metric, especially on sev-
eral MAE or E-measure results, it consistently improves the main overlap-
based metrics such as mDice and mIoU on most datasets. This indicates that
VTANet provides a favorable balance between region-level accuracy, bound-
ary preservation, and generalization ability.
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1. Introduction

As shown in Figure 1, colorectal cancer is the third most prevalent and second most
lethal cancer in the world. According to statistical reports, colorectal cancer also
shows an increasing trend in prevalence and mortality rate in China, accounting for
almost 23.7% of the 4.57 million new cancer cases each year [1]. Polyps, which grow
abnormally in the colon and rectum over time, are the main cause of colorectal can-
cer. When cells in the colon or rectum grow out of control, it is easy for cancer to
develop, which can even lead to death. Thus, the ability to quickly and accurately
detect the location of polyps and provide treatments, such as colonoscopy and re-
section operation at an early stage, is very important for the health of patients.

The precise localization and extraction of the polyps are crucial steps to make
the diagnosis and treatment plans. Medical image segmentation provides a strong
and helpful tool for doctors to carefully observe the lesion and accurately imple-
ment the operation [2]. However, as shown in Figure 2, the segmentation of the
polyp is a challenging task. Firstly, even if they are of the same type, the size, color,
and texture are different. Secondly, due to the reflection of the intestinal mucus
and polyps under colonoscopy, the contrast between polyps and the surrounding
mucosa is not strong enough, and the boundary is not very clear. The two above
reasons may cause missed detection and inaccurate segmentation of polyps. Thus,
an accurate segmentation method for potential polyps in the early stage is of great

significance for preventing colorectal cancer.
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Figure 1. The prevalence and mortality of colorectal cancer.

In traditional medical image segmentation, the early conventional colon polyp
image segmentation algorithm mainly analyzes the characteristics of colon polyps.

Mamonov et al. designed a binary classifier to mark each frame of an image as
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containing or not containing polyps according to the geometric analysis and tex-
ture content on each edge of a colonoscopy video [3]. Bernal et al obtained the
polyp boundary information using a Window Median Depth of Valleys Accumu-
lation (WM-DOVA) energy map, and detected intestinal polyps through polyp
texture to complete the detection of the polyp area [4]. Sasmal et al. proposed a
detection method based on the shape of polyps, mainly using the principal com-
ponent analysis (PCA) method and the region-based active contour model to
complete the segmentation [5]. For these segmentation algorithms, they heavily
relied on the manual extraction of features, and the polyps and their surrounding
tissues are distinguished by the training classifiers. The expressive ability of the
manually extracted features is quite limited. Although the traditional algorithms
are relatively simple in implementation, they cannot consider the effective fea-
tures of the polyp area at the same time and cannot combine these features. There-
fore, the segmentation results of them are not satisfying.

Recently, it has been reported that, compared with traditional segmentation
methods, deep learning-based segmentation methods perform better. The main
principle of the deep learning-based colon polyp image segmentation algorithms
is to design a convolutional neural network model, use colon polyp images and
labels to train the model, and then use the trained model for segmentation. The
typical models include CNN, GAN, and the UNet model [6]. For example,
Ronneberger et al. proposed a fully symmetric UNet network with an encoder-
decoder structure [7]. The UNet network uses skip connections between the en-
coder and the decoder for feature fusion, which performs well in cell segmentation
tasks. Inspired by the successful application of the UNet network in biomedical
image segmentation, more and more related works on the UNet model and its
variant structures are used to segment polyps. For example, Zhang et al. proposed
a U-shaped network ResUNet with a deep residual system [8]. The residual con-
nection is introduced into each convolution module of the UNet to obtain deeper
image features, thereby improving the accuracy of segmentation results. Zhou et
al. proposed the UNet++ model by reducing the depth of the unknown network;
it redesigns the jump connection and designs a scheme to prune the network to
improve the performance of UNet [9]. Fan et a/. proposed a parallel reverse atten-
tion network, PraNet, for accurate segmentation of polyps [10]. Jha et al. proposed
a double UNet network. By cascading two variants of the UNet structure to form
a dual-network structure, the entire network has more robust feature extraction
capabilities and a larger receptive field [11].

Figure 2. Examples of the colorectal polyp in endoscopic images. In each image, the red
line indicates the polyp contour. The polyp varies in morphology, size, and brightness.
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Though good results have been obtained by the above-mentioned deep learn-
ing-based segmentation algorithms, there is still much room for improvement to
accurately segment the polyps due to the special characteristics of the polyps: (1)
the colors of polyps and surrounding tissues are extremely similar; (2) a diversity
of sizes, shapes, and textures of the polyps; (3) some polyps may be hidden in the
folds of the colon.

In order to address the special characteristics of polyp segmentation, a new seg-
mentation model named VTANet, which is based on the pyramid vision trans-
former and BAM attention, is proposed in this paper. Experiments on five public
polyp image datasets demonstrate that the proposed model greatly improves
polyp image segmentation performance. Compared with existing transformer-
based or attention-based polyp segmentation methods, VT ANet is not a simple
replacement of the CNN backbone with a transformer encoder. Instead, it inte-
grates PVTv2, BAM, FAM, AAFM, and ASM into a unified segmentation frame-
work. PVTV2 is used to extract multi-scale global contextual representations with
a relatively low computational cost. FAM aggregates high-level encoder features
to enhance semantic consistency and lesion localization. AAFM introduces BAM-
based channel-spatial attention to strengthen low-level boundary, texture, and
color representations. ASM further models the similarity relationship between
low-level detail features and high-level semantic cues, allowing detailed appear-
ance information to be injected into global semantic representations. Therefore,
the novelty of VT ANet lies in the cooperative design of transformer-based hier-
archical encoding, attention-guided low-level feature refinement, high-level fea-
ture aggregation, and similarity-based feature interaction for accurate polyp seg-

mentation.

2. The Whole Method
2.1. The Architecture of the VTANet

Transformer Encoder

@ Concatenation

Out Conv 1*¥1

<= == Lpain/ Laux

Figure 3. The architecture of the VTANet model.

As shown in Figure 3, the proposed VT ANet model consists of four key modules:
the pyramid vision transformer (PVT) encoder, the Feature Aggregation Module
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(FAM), the Attention Fusion Module (AAFM), and the Aggregation Similarity
Module (ASM). PVT is used to obtain the long-range dependency features from
the encoder. FAM aggregates the high-level features to obtain the semantic and
location information of polyps. AAFM removes noise and enhances the low-level
polyp representation information, including texture, color, and edge. ASM com-
bines the low-level and high-level features provided by AAFM and FAM, effec-

tively transmitting information to the whole region.

2.2. The Transformer Encoder

Due to uncontrollable factors in the collection of polyp images, they tend to con-
tain significant noise, such as motion blur, rotation, and reflection. Some recent
work has reported that the vision transformer shows more robust performance
and better robustness than CNNs [12]-[14]. Inspired by these ideas, the vision
transformer is used as the backbone network to extract more robust and powerful
polyp information. Different from the fixed columnar structure or shift window,
the PVT is a pyramid architecture whose representation is calculated with spatial-
reduction attention operations. Thus, it can reduce resource consumption. Spe-
cifically, the encoder part uses an improved version of PVT, namely PVTV2, with
more powerful feature extraction capabilities. In order to make PVTV2 suitable
for the segmentation task of polyps, the last classification layer is deleted, and four
multi-scale feature maps (x1, x2, x3, x4) are generated at different stages. In these
feature maps, x1 provides polyp information in the underlying features; x2, x3, x4
provide the advanced features of polyps, such as semantic and location infor-

mation.

2.3. Feature Aggregation Module

The primary purpose of the FAM module is to combine high-level features from
the encoder into a better feature representation to improve performance. It cap-
tures different information through different features to enhance the robustness
of the model and reduce overfitting. Specifically, we define F(-) as a convolu-
tional unit composed of a 3 x 3 convolutional layer with padding set to 1. Batch
normalization and ReLU [15] are used. We define G() as a convolutional unit
composed of a 1 x 1 convolutional layer with padding set to 1 and ReLU. Firstly,
the highest-level feature map X, is up-sampled, and the up-sampled results are
passed through the convolution unit F(-) to obtain X, . Then, the obtained
result X, , is spliced with the feature mapping X, in the encoder to generate
the fusion feature X,_,.The result obtained by X, , through the convolution
unit G, () is up-sampled, and the up-sampled result is passed through the con-
volution unit F,(-) to obtain X, . Then, the obtained result X, , is spliced
with the feature map X, in the encoder to generate the fusion feature X, ,.
Finally, the obtained feature fusion X, , obtains the final output feature fam-
feature of the module through the convolution unit G2(-). The process is described

by the following equations.

DOI: 10.4236/jcc.2026.146005

59 Journal of Computer and Communications


https://doi.org/10.4236/jcc.2026.146005

X.P.Guoetal.

a=G, (XH){Concat{Xpup{E {X4}}}} (1)

Seature = G2(Xzfa){Concat{Xz,up{Fz(a)}}}. (2)

2.4. The Adaptive Attention Fusion Module

The low-level features usually contain rich details, such as the texture, color, and
edge of polyps. However, polyps are often very similar in appearance to the back-
ground. Therefore, a powerful extractor is needed to identify the details of polyps.
As shown in Figure 4, an adaptive attention fusion module is introduced to cap-
ture the details of polyps from different dimensions of the low-level feature map
X, . Precisely, the adaptive attention fusion module consists of the channel atten-
tion operation Attc(-) and the spatial attention operation Atts(-) [16]. Firstly, the
feature map X, generated by the encoder is encoded into a one-dimensional fea-
ture vector through global average pooling so that each channel has a global re-
ceptive field; then, the fully connected layer is used to reduce the dimension of the
one-dimensional feature vector, and the ReLU activation function is used for non-
linear processing. Then the fully connected layer is used to increase the dimen-
sion. Finally, the corresponding weight M, (X,) is obtained by batch normali-
zation. In summary, the calculation formula for the channel attention operation

is described by Equation (3):
M, (X,)= BN {W,{W,4vgPool (X,)}} . (3)

The spatial attention operation process in parallel with the channel attention is
as follows: Firstly, the X, feature map is reduced by a 11 convolution, and then
the feature information is extracted by two dilated convolutions with a convolu-
tion kernel size of 33. The dilated convolution has a larger receptive field. Finally,
the feature map is mapped to 1 x Wx Hbya 1l * 1 convolution, and the spatial
attention map M (X,) is obtained. The calculation formula is described by

Equation (4):
M, (X1)=BN{ 311{ 233 {f133{ 011 {f}}}}} (4)

When the channel attention and spatial attention are fused, the M_(X,) and
M (X,) are extended to the same latitude through the broadcast mechanism.
Then, the weights are added to obtain the attention vector M (X, ). Finally, the
input feature graph X, is multiplied by M (X,) element-wise and then added

to X, through the residual structure. The formula is as follows:

X =X, +X,xo (M, (X,)+M (U)). 5)

2.5. The Aggregation Similarity Module

The non-local operation is introduced into the graph convolution domain to im-
plement the aggregate similarity module, which explores the relationship between
the low-level local features from AAFM and the high-level cues from FAM. There-

fore, ASM can use global attention to inject detailed appearance features into high-
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level semantic features. Given a feature map Y, containing high-level semantic in-
formation and Y, with rich appearance details, they are merged through self-at-
tention. Firstly, the summation of the two linear mapping functions #,(-) and

W (-) isapplied on Y. The dimension of Y isreduced to
Exlxlﬁ 7><K><16
obtain the feature mapping Qe R® ® and KeR® ® .Then,the

convolution operation with a kernel size of 1 * 1 is used as the linear mapping

process [17]. The process can be expressed as:

0=, (1)K =W, (1) ©
1 Global avg pool
Channel attention
U—Fcl e

X1

M(X1)
conv
A
3*3 Jl*l
COHV conv . .

Spatial attention

X

Figure 4. The network structure of BAM.

For Y,, we use the convolution unit W, to reduce the channel dimension to
32 and interpolate it to the same size as Y,. Then, the softmax function is applied

to the channel dimension, and the second channel is selected as the attention
H W
x1
mapping to obtain 7, € R 878" Next, calculate the Hadamard product between

Kand 7, . This operation assigns different weights to the pixels, thereby increas-
ing the weight of the edge pixels. After that, the adaptive pooling operation is used
to reduce the displacement of the feature, and center clipping is applied to obtain

the feature map ¥ e R**'®. The process can be expressed as follows:

V:AP(KXF(Wg(YZ))). 7)
where AP represents pooling and clipping operations.

3. Experimental Results and Discussion
3.1. The Experimental Setting

To evaluate the proposed method, five public polyp datasets, Ze, the Kvasir-SEG
[18], ClinicDB [19], ColonDB [20], Endoscene [21], and ETIS [22], are used. Specif-
ically, the ClinicDB and Kvasir-SEG datasets are used to assess the learning ability of
the model. The ClinicDB contains 612 images that are extracted from colonoscopy

videos. Kvasir-SEG includes 1000 polyp images. In the experiment, the same 548 and
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900 images in the ClinicDB and Kvasir-SEG datasets are used as the training sets, and
the remaining 64 and 100 images are used as the corresponding testing sets.

During training, the official training images from Kvasir-SEG and ClinicDB were
used. A validation subset was separated from the training set to monitor model con-
vergence and select the best checkpoint. The checkpoint with the highest validation
mDice was used for final testing. All experiments were conducted with a fixed ran-
dom seed to reduce the influence of random initialization and data shuffling. The
PVTv2 encoder was initialized with ImageNet-pretrained weights, while the newly
added FAM, AAFM, ASM, and prediction layers were randomly initialized. The
multi-scale training strategy refers to random resizing of the input images within a
predefined scale range before cropping or resizing them to 352 x 352, so that the
model can learn scale-robust representations for polyps of different sizes.

All the experiments are implemented using the PyTorch framework. Consider-
ing the difference in the size of each polyp image, a multi-scale strategy is used in
training. In addition, the AdamW optimizer is used to update the network param-
eters, which is widely used in transformer networks [23] [24]. The learning rate is
set to le—4, and the weight decay is also adjusted to 1e—4. In addition, the size of
the input image is adjusted to 352 x 352, and the minibatch size is 16 for 100
epochs. In the test section, only the image size is adjusted to 352 x 352, and there
is no post-processing optimization strategy.

The training process uses two loss functions to optimize the output model,

which can be expressed by the following formula:

L=L, +L,. . (8)

‘main

where L and L _ arethe primary and auxiliary loss functions, respectively.

‘main aux

The main loss function calculates the loss between the final segmentation result

and the ground truth. The formula can be written as:

Lyain =Ly (Y2,G)+ Ly (15, G). 9)

‘main

The auxiliary loss function calculates the loss between the intermediate result

from FAM and the ground truth. The formula can be written as:

Lo =Ly (Y,G)+ Ly (1,,G). (10)

aux

where L; , and Lj. arethe weighted intersection over union (IoU) loss and
weighted binary cross-entropy (BCE) loss.

The prediction graph is limited in terms of global structure (object level) and
local detail (pixel level) perspectives, which is different from the standard BCE
loss function (treating all pixels equally).

Six popularly used evaluation indices, including the Dice, IoU, mean absolute
error (MAE), weighted F-measure (Fﬁw ), S-measure (Sa) [25], and E-measure
(E,) [26], are adopted to evaluate the performances. The Dice and IoU are re-
gion-level similarity measures that mainly focus on the internal consistency of
segmented objects. We use the average values of Dice and IoU, denoted as mDice

and mloU, respectively. MAE measures the difference between the model predic-
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tion results and the actual labels. The weighted F-measure ( F;) comprehensively
considers the recall and precision, MAE measures the average pixel-wise absolute
error between the normalized saliency prediction map and the binary ground-
truth mask, and S-measure evaluates the structural similarity between the real-
valued saliency map and the binary ground-truth. It considers object-aware and
region-aware structure similarities. E-measure considers the global means of the

image and local pixel matching simultaneously [27].

3.2. Experimental Results

In order to verify the effectiveness and robustness of the proposed model, 7 fa-
mous network models are compared, namely: UNet [7], UNet++ [9], MSEG [28],
ACSNet [29], PraNet [10], EU-Net [30], and SANet [31].

As can be seen from Table 1, the mDice, mIoU, Sa, m, MAE scores of the pro-
posed model on the ETIS dataset are higher than those of UNet by 2.89%, 2.74%,
2.7%, 1.09%, 1.64%, and 0.3%, respectively. In addition, it can be seen from Tables
2-5 that the six evaluation metrics also achieve good results on the other four da-
tasets. The combined results show that the model has better learning ability.

All comparison methods were retrained using the same data preprocessing, in-

put resolution, training schedule, optimizer, and evaluation metrics.

Table 1. The segmentation results of endoscene dataset.

mDice mloU F, ; S, mE, MAE

UNet 0.710 0.627 0.684 0.843 0.847 0.022
UNet++ 0.707 0.624 0.687 0.839 0.834 0.018
MSEG 0.874 0.804 0.852 0.924 0.948 0.009
ASCNet 0.863 0.787 0.825 0.923 0.939 0.013
PraNet 0.871 0.797 0.843 0.925 0.950 0.010
SANet 0.837 0.765 0.805 0.904 0.919 0.015
EU-Net 0.888 0.815 0.859 0.928 0.962 0.008
VTANet 0.904 0.826 0.872 0.941 0.978 0.009

Table 2. The segmentation results of kvasir-seg dataset.

mDice mloU F pw S, mE, MAE

UNet 0.818 0.746 0.794 0.858 0.881 0.055

UNet++ 0.821 0.743 0.808 0.862 0.886 0.048
MSEG 0.897 0.839 0.885 0.912 0.942 0.028

ASCNet 0.898 0.838 0.882 0.920 0.941 0.032
PraNet 0.898 0.840 0.885 0.915 0.944 0.030

SANet 0.904 0.847 0.892 0.915 0.949 0.027

EU-Net 0.908 0.854 0.893 0.917 0.951 0.028
VTANet 0.921 0.865 0.912 0.923 0.956 0.023
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Table 3. The segmentation results of the clinicdb dataset.

mDice mloU F, /;" S, mE, MAE

UNet 0.823 0.755 0.811 0.889 0.913 0.019
UNet++ 0.794 0.729 0.785 0.873 0.891 0.022
MSEG 0.909 0.864 0.907 0.938 0.961 0.007
ASCNet 0.882 0.826 0.873 0.927 0.947 0.011
PraNet 0.899 0.849 0.896 0.936 0.979 0.009
SANet 0.912 0.856 0.907 0.929 0.968 0.012
EU-Net 0.902 0.846 0.891 0.936 0.959 0.011
VTANet 0.916 0.867 0.916 0.943 0.972 0.010

Table 4. The segmentation results of ColonDB dataset.

mDice mloU Fy S, mE, MAE

UNet 0.512 0.432 0.498 0.713 0.696 0.061
UNet++ 0.483 0.410 0.467 0.691 0.680 0.064
MSEG 0.735 0.666 0.724 0.834 0.859 0.038
ASCNet 0.716 0.649 0.697 0.829 0.839 0.039
PraNet 0.712 0.640 0.699 0.820 0.847 0.043
SANet 0.753 0.670 0.726 0.837 0.869 0.043
EU-Net 0.756 0.681 0.730 0.831 0.863 0.045
VTANet 0.767 0.694 0.743 0.856 0.876 0.041

Table 5. The segmentation results of etis dataset.

mDice mloU Fy S, mE, MAE

UNet 0.398 0.335 0.366 0.684 0.643 0.036
UNet++ 0.401 0.344 0.390 0.683 0.629 0.035
MSEG 0.700 0.630 0.671 0.828 0.854 0.015
ASCNet 0.578 0.509 0.530 0.754 0.737 0.059
PraNet 0.628 0.567 0.600 0.794 0.808 0.031
SANet 0.687 0.609 0.636 0.793 0.807 0.067
EU-Net 0.750 0.654 0.685 0.849 0.881 0.015
VTANet 0.763 0.669 0.693 0.855 0.884 0.038

Table 6. The ablation results of the etis dataset.

mDice mloU Fy S, mE, MAE

PVT 0.712 0.623 0.609 0.821 0.807 0.046
PVT + AAFM 0.734 0.624 0.687 0.839 0.834 0.038
PVT + FAM 0.754 0.604 0.652 0.824 0.848 0.049
PVT + ASM 0.715 0.657 0.625 0.823 0.839 0.043
VTANet 0.763 0.669 0.693 0.855 0.884 0.038
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Figure 5 and Figure 6 show the visualization results of different segmentation
methods on the two datasets, ClinicDB and ColonDB. Figure 7 shows the visual-
ization results of different segmentation methods on the other datasets, Kvasir-
seg and ENDOSCENE. From left to right, the segmentation results are obtained
by UNet, UNet++, MSEG, ASCNet, PraNet, SANet, EU-Net, and the proposed
model, respectively. The red curve is the boundary of the actual value of the lesion
ground [32] [33]. It can be seen from Figure 4 and Figure 5 that compared with
other segmentation results, the proposed method pays more attention to the le-
sion area than UNet and UNet++, suppresses the unimportant feature area, and
the segmentation result is more accurate than UNet. With little difference between
the color pixels of the lesion area and the color pixels of the background area, the
model can pay more attention to the trim edges than PraNet. In general, VTANet
not only effectively alleviates the disturbance of tumor size, surrounding tissues,
and cascades but also obtains segmentation results closer to the real ground mask.

The comprehensive evaluation and visual effects show that the proposed method

achieves better segmentation results with less missed and false detection in polyp

.

lesion segmentation.

Figure 5. The visual comparison of the proposed model and the state-of-the-art methods

on ClinicDB.
u

Figure 6. The visual comparison of the proposed model and the state-of-the-art methods
on ColonDB.
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BEFrrn

Figure 7. The visual comparison of the proposed model and the state-of-the-art methods

on Kvasir-seg, Endoscene, and ETIS.

To verify the generalization ability of the proposed model, three polyp segmen-
tation datasets, including ETIS, ColonDB, and EndoScene, are used for testing.
There are 196 images in ETIS, 380 in ColonDB, and 60 in Endoscene, respectively.
It can be seen from Table 1, Tables 4-5 that the mDice score on the ColonDB
dataset is 2.55% higher than that of the UNet model. The mIoU score on the ETIS
dataset is 2.74% higher than that of the U-Net model. The score on the Endoscene
dataset is 2.55% higher than that of the UNet model [34]-[37]. The results show
that the proposed model has strong generalization ability.

Finally, the effectiveness of each component in the overall model is described
in detail, and the settings for training, testing, and hyperparameters are consistent
with the previous ones. We use PVTv2 as a baseline and verify the performance
of the proposed model by removing modules from the proposed model. The ex-
perimental results of different modules in Table 6 show that these modules have
played a role in improving network performance. It can be seen from Table 6 that
after the introduction of the FAM module, the mDice score is 0.42% higher than
that of the original basic PVTv2 network. The introduction of the AAFM module
also improves the performance of the original PVT network [38] [39]. The abla-
tion results show that each module contributes to VTANet from different per-
spectives, but the improvement is not uniform across all metrics. Compared with
the PVT baseline, AAFM improves mDice and weighted F-measure, indicating
that BAM-based channel-spatial attention is helpful for enhancing low-level tex-
ture and boundary-related features. However, its limited improvement in mIoU
suggests that low-level attention alone is insufficient to fully improve region-level
consistency. FAM increases mDice by aggregating high-level semantic features,
which helps locate polyp regions more accurately, but the decrease in mIoU and
MAE indicates that feature aggregation alone may also introduce coarse responses
or redundant semantic information. ASM brings a more obvious improvement in
mloU, suggesting that similarity-based interaction between low-level details and
high-level semantics helps refine the global structure of the predicted region. The

full VTANet achieves the best overall balance among mDice, mIoU, S-measure,
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and E-measure, demonstrating that these modules are complementary rather than
independently optimal.

4. Conclusions

Although VTANet achieves competitive results on five public polyp datasets, sev-
eral limitations remain. First, the model may still fail when polyps have extremely
low contrast, very small size, severe motion blur, specular reflection, or ambigu-
ous boundaries close to the surrounding mucosa. Second, the training and testing
datasets are all public benchmark datasets, and the generalization ability of VTA-
Net on multi-center clinical data, different endoscopy devices, and real-time video
sequences still needs further validation. Third, the combination of PVTv2, FAM,
AAFM, and ASM improves segmentation accuracy but also increases model com-
plexity compared with simpler CNN-based models. Therefore, there is still a prac-
tical trade-off between segmentation accuracy and computational efficiency. Fu-
ture work will focus on lightweight deployment, external clinical validation, and
real-time video polyp segmentation.

Experimental results on five public datasets show that VT ANet achieves com-
petitive performance compared with several established segmentation models.
The improvement is especially evident in mDice and mIoU, while some metrics
on specific datasets remain slightly lower than those of the best competing meth-
ods. These results suggest that the proposed feature aggregation and attention fu-
sion strategy is effective, but further optimization is still needed for all-metric su-

periority.
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