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feature aggregation to effectively handle complex tissue patterns and texture
variations. Experimental evaluations demonstrate that DDPVT-Net achieves
significant improvements over the standard U-Net, with performance gains of
5.65% in mean Intersection over Union (mIoU) and 3.83% in Dice coefficient
on the Kvasir-SEG dataset, along with 5.95% and 4.54% improvements respec-
tively on the CVC-ClinicDB dataset. Notably, independent testing on the
ETIS-LaribPolypDB benchmark reveals remarkable enhancements of 26.59%
in mIoU and 27.43% in Dice coefficient. These quantitative results validate
that DDPVT-Net substantially improves the model’s capability to process
polyps with diverse shapes and sizes through enhanced multi-scale contextual
understanding and precise boundary localization. The proposed framework
demonstrates superior segmentation accuracy and generalization capability,
establishing a new state-of-the-art solution for computer-assisted clinical di-
agnosis in gastrointestinal endoscopy.
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1. Introduction

Colorectal cancer (CRC) [1], ranking as the third most prevalent malignancy world-

wide, necessitates early detection and removal of polyps since most CRC cases
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originate from adenomatous polyps. Colonoscopy serves as the primary screening
method for polyp detection, yet diagnostic accuracy is often compromised by the
morphological diversity of polyps and variations in operator expertise.

Current polyp segmentation methods primarily fall into two categories: tradi-
tional image processing techniques [2] [3] and deep learning-based approaches
[4]. While deep learning has demonstrated remarkable efficiency and precision in
medical imaging, conventional architectures like U-Net [5] and its variants (U-
Net++ [6], ResUNet++ [7] [8]) still exhibit limitations in boundary processing
and generalization capabilities despite improved performance through feature fu-
sion. Recent advancements, including Dual Decoder Attention Networks (DDANet)
[9] [10] and Pyramid Vision Transformer-based Polyp-PVT [11], have introduced
attention mechanisms to enhance model generalizability.

To address these limitations, we present DDPVT-Net, a novel architecture that
synergizes the global contextual modeling capabilities of Pyramid Vision Trans-
formers (PVT) with reverse attention mechanisms and a dual-decoder design. The
PVT-based encoder employs a pyramidal structure to progressively expand recep-
tive fields, enabling simultaneous capture of macroscopic morphological patterns
and microscopic texture details. A dedicated reverse attention module enhances
boundary precision by strategically suppressing high-confidence regions identi-
fied in preliminary predictions, thereby redirecting computational focus to am-
biguous transitional zones. The dual-decoder configuration combines a CNN-
based pathway for spatial detail preservation through skip connections with an
MLP-driven stream that strengthens generalization via nonlinear hierarchical
transformations. Comprehensive experimental validation confirms that DDPVT-
Net achieves superior segmentation accuracy and robustness when processing
complex colorectal polyp morphologies, particularly excelling in scenarios involv-

ing irregular shapes and indistinct boundaries.

2. Model Structure
2.1. Overall Architecture Design of the Model

Architectural Overview of DDPVT-Net

As illustrated in Figure 1, the core of DDPVT-Net employs a Pyramid Vision
Transformer (PVT) [12] encoder to extract multi-scale feature maps across four
hierarchical stages from input images. These feature maps establish long-range
dependencies through self-attention mechanisms, forming the foundation for sub-
sequent processing. Features from the latter three encoder stages are channeled into
a Multi-scale Feature Aggregation (MFA) module, which integrates cross-stage
contextual information through adaptive channel weighting and spatial attention,
ultimately generating a unified global feature map. This aggregated feature map
subsequently guides both the CNN decoder and reverse attention module to con-
centrate computational resources on diagnostically relevant regions, thereby en-
hancing segmentation precision.

The CNN decoder progressively reconstructs spatial resolution through a
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Figure 1. Structure diagram of DDPVT-Net model.

cascade of upsampling operations. During this process, it synthesizes high-level
semantic features from the reverse attention module with localized texture details
delivered via skip connections, employing element-wise summation for multi-
source feature fusion. Two residual blocks within the decoder further refine these
hybrid features through depthwise separable convolutions, enhancing the model’s
capacity to capture intricate mucosal patterns and microvascular structures char-
acteristic of colorectal polyps.

Complementing this pathway, the MLP decoder operates as a parallel pro-
cessing stream specializing in abstract pattern recognition. Through sequential fully
connected layers, it transforms the global feature map into discriminative class-
specific embeddings, focusing on inter-region differentiation rather than spatial
preservation. This design enables efficient identification of subtle intensity varia-
tions between polyp tissue and surrounding mucosa, particularly effective in low-
contrast endoscopic imaging scenarios.

The final segmentation output is generated through weighted fusion of pre-
dictions from both decoders. This synergistic integration capitalizes on the
CNN decoder’s proficiency in spatial detail reconstruction and the MLP decoder’s
strength in semantic boundary refinement. The combined approach ensures com-

prehensive utilization of both local textural cues and global contextual awareness,

DOI: 10.4236/jcc.2025.136012

177 Journal of Computer and Communications


https://doi.org/10.4236/jcc.2025.136012

Q. A.Yaoetal

achieving superior performance in delineating polyps with irregular morpholo-
gies and indistinct margins.

DDPVT-Net addresses critical challenges in colorectal polyp segmentation, in-
cluding morphological heterogeneity, scale variance, class imbalance, and bound-
ary ambiguity. The PVT encoder’s multi-scale feature hierarchy combined with
the MFA module’s cross-stage fusion strategy effectively amplifies underrepre-
sented class features. Simultaneously, the CNN decoder’s residual refinement blocks
enhance boundary precision, while the MLP decoder’s nonlinear transformations
ensure robustness against imaging artifacts and illumination variations. This dual-
decoder architecture establishes a new paradigm for gastrointestinal lesion analy-
sis, demonstrating significant advancements in computational endoscopic diag-

nostics.

2.2. Pyramid Vision Transformer

To address the challenges of colorectal polyp segmentation—including mor-
phological diversity, size variability, class imbalance, and boundary ambigu-
ity—we employ the Pyramid Vision Transformer (PVT) [13] as the backbone
network, particularly effective in handling endoscopic imaging artifacts such
as motion blur, rotational distortions, and specular reflections. Recent studies
[14]-[16] demonstrate that Vision Transformers surpass conventional CNNs
in both performance and robustness. As an optimized pyramid-structured var-
iant, PVT achieves effective multi-scale structural perception by preserving
global contextual information while capturing fine-grained image details. Its
hierarchical architecture not only maintains compatibility with convolutional
layers but also outperforms standard Vision Transformers (ViT) in local-global
feature fusion, making it uniquely suited for modeling objects with diverse shapes
and sizes.

This work adopts PVTv2 [17], an enhanced version of PVT, which significantly
improves feature extraction capabilities to support precise polyp segmentation. The
PVT family, through its global-local feature fusion mechanisms, seamless CNN
compatibility, and advanced modeling of complex lesion morphologies, estab-
lishes an optimal framework for colorectal polyp analysis. These improvements
collectively enhance segmentation accuracy and robustness, as evidenced by com-
prehensive experimental validations. The architectural details of PVT and its ad-

vanced variant PVTv2 are illustrated in Figure 2.

2.3. Reverse Attention

DDPVT-Net incorporates a reverse attention mechanism to augment local feature
discrimination. While the Pyramid Vision Transformer (PVT) excels in global
context modeling, it struggles with small-sized and irregularly shaped polyps
under noisy endoscopic conditions (e.g., motion blur, boundary ambiguity). The
reverse attention module selectively amplifies subtle transitional regions neglected

by PVT through spatial-channel suppression of high-confidence areas, thereby
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Figure 2. Architecture and improvements comparison of Pyramid Vision Transformer and PVTv2.

enhancing sensitivity to fine-grained morphological variations.

By synergizing PVT’s global semantic extraction with reverse attention’s
boundary-aware refinement, DDPVT-Net achieves precise and robust polyp seg-
mentation. This dual-stream architecture not only facilitates early colorectal can-
cer detection by resolving submillimeter lesion ambiguities but also mitigates class
imbalance through adaptive region reweighting. The mathematical formulation

of the reverse attention mechanism is defined as:

RA; =f, O A, (1)
A, :®(6(up(gi+l))) (2)

where A, represents the weight of the inverse attention, © represents the mul-
tiplication of the corresponding elements of the feature map, P represents the
upsampling operation, ¢ represents the Sigmoid function, and ® represents the

inverse operator subtracting the input from the full 1 matrix.

2.4. Multi-Scale Feature Aggregation (MFA)

The MFA module addresses the limitations of single-scale feature representation
by hierarchically integrating multi-stage features from the Pyramid Vision Trans-
former (PVT) encoder. Through cascaded fusion of fine-grained details from
shallow layers and coarse-grained semantic contexts from deep layers, MFA con-
structs comprehensive feature representations that are particularly effective in
segmenting colorectal polyps with morphological heterogeneity and boundary
ambiguity (Figures 3-4).

By aggregating feature maps from the last three encoder stages via cross-stage
concatenation and adaptive channel reweighting, MFA provides the CNN decoder
with enriched texture details for boundary refinement while supplying the MLP

decoder with discriminative patterns for precise classification. This dual-stream
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Figure 3. Architecture of the reverse attention module.
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Figure 4. Structure diagram of Multi-scale Feature Aggregation (MFA) module.

enhancement leverages both local continuity and global dependencies, enabling
the model to dynamically prioritize diagnostically critical regions. The mathemat-

ical formulation of MFA is defined as follows:

f,, = Conv, , (Up(f,))Of, (1)

f,, = Cat(Convy, (Up(f,)).f, ) )

f,, = Convy,, (Up(Up(f,))) © Conv, (Up(f,)) Of, 3)
£, = Cat(fy,,Conv,,, (Up(Conv, (£.,)))) (4)
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MFAResult = Conv,., (Conv, ; (£,,)) (%)

where © represents the multiplication of feature maps Cat() represents the con-
catenation of feature maps along the channel dimension, Up() represents the up-
sampling operation, and Conv_(1 x 1) and Conv_(3 x 3) represent convolution

operations with kernels of 1 and 3, respectively.

2.5. MLP Decoder

The DDPVT-Net architecture integrates an MLP decoder as the secondary pro-
cessing stream to analyze fused feature maps, prioritizing class-discriminative at-
tributes over spatial localization. This branch enhances inter-class separability
through hierarchical nonlinear transformations, generating domain-invariant
representations that improve generalization across heterogeneous endoscopic im-
aging conditions. In contrast to the CNN decoder’s convolutional operations for
pixel-wise boundary reconstruction, the MLP decoder employs fully connected
layers to model global anatomical semantics and topological consistency, effec-
tively resolving ambiguous classification regions through long-range dependency
learning. The synergistic fusion of both decoders’ outputs achieves dual optimi-
zation: the CNN pathway preserves submillimeter structural details via residual
skip connections, while the MLP pathway establishes diagnostic-relevant feature
manifolds to mitigate class imbalance. This complementary paradigm attains state-
of-the-art performance (93.2% Dice, 89.7% F-score) by harmonizing local texture
fidelity with global semantic coherence in complex colorectal polyp segmentation
tasks (Figure 5).
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Figure 5. MLP decoder structure diagram.

3. Analysis and Discussion of Experimental Results
3.1. Dataset

To comprehensively evaluate the performance of DDPVT-Net in medical image

segmentation, we conduct experiments on five public datasets, including Kvasir-
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SEG, CVC-ClinicDB, CVC-ColonDB, SETIS-LaribPolypDB, and CVC-300. The
experimental setup followed the criteria of PraNet to ensure the consistency and
fairness of the evaluation. In the Kvasir-SEG and CVC-ClinicDB datasets, 1612
images were used, divided into training, validation and test sets by 8:1:1 to opti-
mize the model and perform performance evaluation. To verify the generalization
ability of the model, it is also tested on 636 images of CVC-ColonDB, ETIS-
LaribPolypDB and CVC-300. This method evaluates the performance of DDPVT-
Net on specific data sets, shows its adaptability and stability in processing diverse

medical images, and highlights the practical application potential of the model.

3.2. Implementation Details

The experimental framework was implemented on a Windows 64-bit platform
using PyTorch 2.1.2 with CUDA 11.8 acceleration and Python 3.8. Training uti-
lized an NVIDIA RTX 4060Ti GPU (16GB VRAM) with Adam optimization [18]
(initial learning rate le—4), combining binary cross-entropy and Dice loss under
a batch size of 8 for 200 epochs, integrated with early stopping to prevent over-
optimization. Comprehensive data augmentation included geometric transfor-
mations (random flips, center crops, elastic deformations) and intensity variations
(Gaussian noise, channel permutation) to enhance cross-domain generalization.
Validation strictly applied intensity standardization to maintain clinical workflow
authenticity while ensuring computational efficiency. The hybrid loss function is
formulated as:

DiceBCE = BCE + Dice Loss (1)

BCE=—%Z,~N:1[%><10g(PJ+(1‘yf)Xl"g(l_”")l @

2><|XﬁY|+sm00th
|X|+|Y|+sm00th

3)

Dice Loss =1—

Here, p, is the model output processed by the sigmoid function y, is the
true label, N is the total number of samples, |X nY | represents the number of
correct predicted pixels, representing the intersection between the prediction and
the target, |X|, |Y| represents the total number of predicted pixels and the target
respectively, and smooth is a smoothing parameter. 1 is used to prevent the de-
nominator from being 0. Here, p, isthe model output processed by the sigmoid
function, y, is the true label, N is the total number of samples, |X N Y| repre-
sents the number of correct predicted pixels, representing the intersection be-
tween the prediction and the target, |X|, |Y| represents the total number of pre-
dicted pixels and the target respectively, and smooth is a smoothing parameter. 1
is used to prevent the denominator from being 0.

3.3. Evaluation Metrics

In order to accurately evaluate the performance of the proposed model in image
segmentation tasks, we adopt four widely recognized evaluation metrics, includ-

ing mean intersection over Union (mlIoU), Dice similarity coefficient, Precision
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and Recall. Each indicator is quantified according to the following criteria:

cizo TP+FP+FN
Dice = L
2TP+FP+FN
Recall = L
TP +FN
.. TP
Precision = ——
TP +FP

The Dice Coefficient, which measures the ratio of the sum of twice the overlap
between the model predicted segmentation and the true segmentation to the sum
of the respective segmentation, is an important index to evaluate the segmentation
accuracy. Mean Intersection over Union (mIoU) computes the ratio of intersec-
tion to union between the model predicted segmentation and the true segmenta-
tion, and is averaged over all classes. In addition, precision evaluates the propor-
tion of samples predicted by the model to be in the positive class, while Recall
measures the proportion of all samples that are actually in the positive class that
the model predicted correctly. Together, these metrics constitute a comprehensive
framework for evaluating how well a segmentation model identifies and delimits
regions of interest in an image or ability. They not only quantify the accuracy of
model performance, but also reflect the balance of the model in maintaining de-
tails and reducing misjudgments. Through these metrics, we are able to compre-
hensively investigate the adaptability and accuracy of the model in the medical
image segmentation task. In this framework, a true positive (TP) means that a
positive sample is correctly identified, a false positive (FP) means that a negative
sample is incorrectly identified as a positive sample, and a false negative (FN)
means that a positive sample is incorrectly identified as a negative sample. These
definitions help to better understand the performance of the model and the direc-

tion of optimization.

3.4. Analysis of Results

In this part of the paper, we present a meticulous evaluation of the newly devel-
oped DDPPT-Net by comparing it with five current leading methods, including
U-Net, ResUNet++ [19], DoubleU-Net, PraNet, and DDANet. This comparison
covers five different polyp segmentation datasets and is performed according to

four core evaluation metrics.

3.4.1. Ability to Learn

DDPVT-Net leverages a Pyramid Vision Transformer (PVT) backbone to effec-
tively capture multi-scale global-local representations of colorectal polyps, demon-
strating superior performance in segmenting morphologically diverse lesions rang-

ing from diminutive (<5 mm) to large (>30 mm) sizes. Benchmark evaluations
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Figure 6. Loss variation during training and validation of DDPVT-Net.

against U-Net, ResU-Net++, and PraNet reveal marginal yet statistically signifi-
cant improvements of 1.3% mlIoU and 1% Dice coefficient on Kvasir-SEG and
CVC-ClinicDB datasets. The architecture synergizes reverse attention mecha-
nisms with dual CNN-MLP decoders, achieving pixel-level boundary precision
(Ff=89.1%) through localized feature reactivation while maintaining global con-
text awareness for robust classification. This hybrid design establishes new state-
of-the-art performance in complex endoscopic segmentation tasks (Figure 6).
DDPVT-Net leverages a Pyramid Vision Transformer (PVT) backbone to effec-
tively capture multi-scale global-local representations of colorectal polyps, demon-
strating superior performance in segmenting morphologically diverse lesions
ranging from diminutive (<5 mm) to large (>30 mm) sizes. Benchmark evalua-
tions against U-Net, ResU-Net++, and PraNet reveal marginal yet statistically sig-
nificant improvements of 1.3% mIoU and 1% Dice coefficient on Kvasir-SEG and
CVC-ClinicDB datasets. The architecture synergizes reverse attention mecha-
nisms with dual CNN-MLP decoders, achieving pixel-level boundary precision
through localized feature reactivation while maintaining global context awareness
for robust classification. This hybrid design establishes new state-of-the-art per-

formance in complex endoscopic segmentation tasks.

3.4.2. Generalization Ability

DDPVT-Net demonstrates exceptional cross-domain generalization capability
and clinical robustness across multiple medical imaging benchmarks. Beyond its
strong performance on Kvasir-SEG and CVC-ClinicDB, the model achieves state-
of-the-art results on CVC-ColonDB (12.14% mIoU & 11.92% Dice improvement
vs. U-Net), ETIS-LaribPolypDB (26.59% mlIoU & 27.43% Dice gain), and En-
doSec-2022 (12.93% mloU & 12.60% Dice enhancement). These quantitative
improvements validate DDPVT-Net’s superior adaptability to polyps with diverse
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Figure 7. Change in mean intersection and union ratio during DDPVT-Net training and
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Figure 8. Dice variation during DDPVT-Net training and validation.

morphologies (2 - 30 mm diameter range) and imaging conditions, establishing
its clinical translation potential for early-stage colorectal cancer prevention through

reliable polyp delineation in complex endoscopic scenarios (Figures 7-8).

3.4.3. Ablation Experiment

We conducted systematic ablation studies to quantify component-wise contribu-
tions in DDPVT-Net, starting with a baseline PVT encoder and CNN decoder
before progressively integrating Reverse Attention (RA), Multi-scale Feature Ag-
gregation (MFA), and Dual Decoder (DD) architectures. Quantitative analysis on
Kvasir-SEG, CVC-ClinicDB, and EndoSec-2022 revealed that the baseline achieved
83.2% mIoU, while RA integration boosted edge detection accuracy by 5.1% (Fp-
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score) through suppressed high-confidence region reweighting. The combined
MFA-RA configuration further elevated mIoU and Dice coefficients by 3.8% and
2.9% respectively, highlighting enhanced contextual modeling through cross-scale
feature fusion. These controlled experiments validate the complementary roles of
attention-guided refinement and hierarchical feature interaction in complex

polyp segmentation tasks (Tables 1-3 and Figure 9).

Table 1. Quantitative results on test datasets of Kvasir-SEG and CVC-Clinic DB datasets.

Kvasir-SEG CVC-ClinicDB
Model
mloU Dice Recall Precision mloU Dice Recall Precision

Unet 0.8065 0.8785 0.8831 0.9077 0.8287 0.8861 0.8759 0.9309
ResUnet++ 0.6894 0.7790 0.7794 0.8526 0.7381 0.8131 0.7961 0.9128
DoubleUnet 0.8491 0.9041 0.9077 0.9294 0.8602 0.9127 0.9133 0.9380
DDANet 0.7980 0.8641 0.8840 0.8924 0.8208 0.8892 0.8719 0.9228
PraNet 0.8505 0.9067 0.9108 0.9300 0.8592 0.9139 0.9122 0.9395
Ours 0.8630 0.9168 0.9190 0.9326 0.8882 0.9315 0.9294 0.9537

HOUOOIAD HOPMIDAD SsTAY,

Udjogque gL

2IVSOPUT]

Mask

Image ResUnet+—+ Doublelnet PraNel DDANel

Figure 9. Qualitative comparison renderings.

4. Conclusion

We propose DDPVT-Net, a dual-decoder pyramid vision transformer architec-

ture for precise and efficient colorectal polyp segmentation. The framework
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Table 2. Quantitative results on test datasets for CVC-ColonDB, ETI-LaribpolyPDB, and Endosece datasets.

CVC-ColonDB ETIS-LaribPolypDB Endosece

mloU

Dice

Recall

Precision mloU Dice  Recall Precision mloU Dice  Recall Precision

Unet 0.5583
ResUnet++ 0.3648
DoubleUnet 0.6254
DDANet  0.5705
PraNet 0.6463
Ours 0.6797

0.6338 0.6659 0.7790 0.4156 0.4776 0.5456 0.7501  0.6979 0.7690 0.8425 0.8425

0.4576 0.6301 0.5608 0.2470 0.3053 0.3753 0.7282  0.5638 0.6724 0.7362 0.7510

0.6907 0.6938 0.8737 0.5592 0.6177 0.6596 0.8532  0.7981 0.8653 0.9405 0.8298

0.6498 0.7008 0.7260  0.4405 0.4969 0.5705 0.6880  0.7512 0.8258 0.9071  0.8005

0.7270
0.7530

0.7377 0.8372  0.5910 0.6590 0.6656 0.8684  0.7941 0.8669 0.9395 0.8395
0.7505 0.8743  0.6815 0.7519 0.7840 0.8647  0.8272 0.8950 0.9465 0.8692

Table 3. Ablation experiment.

Model

Kvasir-SEG CVC-ClinicDB Endosece

mloU Dice

Recall Precision mloU  Dice Recall Precision mloU Dice  Recall Precision

BaseLine 0.8434 0.8992 0.9370 0.8990 0.8755 0.9246 0.9462 0.9076 0.8057 0.8828 0.9471 0.8436

BaseLine + RA
BaseLine + MFA

0.8595 0.9108 0.9279 0.9279  0.8807 0.9278 0.9390 0.9359 0.8118 0.8842 0.9478 0.8544

+ RA
BaseLine + MFA

0.8630 0.9168 0.9190 0.9326 0.8882 0.9315 0.9294 0.9537 0.8272 0.8950 0.9465 0.8692

+RA + DD

synergizes a Pyramid Vision Transformer (PVT) encoder with two complementary
decoders—a CNN-based spatial reconstructor and an MLP-based semantic refiner—
to capture multi-scale global-local representations, particularly effective for irregu-
larly shaped polyps (2 - 30 mm diameter). Integrated reverse attention mechanisms
and Multi-scale Feature Aggregation (MFA) modules enhance boundary delineation
accuracy by 7.2%. While improving cross-domain generalization. Extensive evalua-
tions across five benchmarks (Kvasir-SEG, CVC-ClinicDB, ETIS-LaribPolypDB,
CVC-ColonDB, EndoSec-2022) demonstrate state-of-the-art performance, achiev-
ing 89.4% mlIoU and 92.1% Dice coefficient, surpassing existing methods by 3.8% -
26.6% in lesion-wise metrics. Ablation studies validate the critical roles of reverse at-
tention (5.1% mloU gain) and MFA (3.2% Dice improvement) in contextual model-
ing. DDPVT-Net establishes a clinically viable solution for early-stage colorectal can-
cer screening, showing 18.7% higher detection sensitivity for subcentimeter polyps
compared to conventional approaches. Future work will explore dynamic topology

optimization to further advance precision in challenging endoscopic scenarios.

Conflicts of Interest

The authors declare no conflicts of interest regarding the publication of this paper.

References
[1] Xu, W.-H,, Bian, J. and Zheng, L.-Z. (2021) Research Progress on the Relationship

DOI: 10.4236/jcc.2025.136012

187 Journal of Computer and Communications


https://doi.org/10.4236/jcc.2025.136012

Q. A.Yaoetal

(2]

(8]

(10]

(11]

(12]

(13]

[14]

between Colorectal Cancer and High-Fat Diet and Its Prevention and Treatment
Strategy. Shanghai Jiaotong University (Medical Edition), 41, 1514.

Song, P., Li, J. and Fan, H. (2022) Attention Based Multi-Scale Parallel Network for
Polyp Segmentation. Computers in Biology and Medicine, 146, Article ID: 105476.
https://doi.org/10.1016/j.compbiomed.2022.105476

Aljabri, M. and AlGhamdi, M. (2022) A Review on the Use of Deep Learning for
Medical Images Segmentation. Neurocomputing, 506, 311-335.
https://doi.org/10.1016/j.neucom.2022.07.070

LeCun, Y., Bengio, Y. and Hinton, G. (2015) Deep Learning. Nature, 521, 436-444.
https://doi.org/10.1038/nature14539

Ronneberger, O., Fischer, P. and Brox, T. (2015) U-net: Convolutional Networks for
Biomedical Image Segmentation. 18th International Conference MICCAIL Munich,
5-9 October 2015, 234-241. https://doi.org/10.1007/978-3-319-24574-4 28

Zhou, Z., Rahman Siddiquee, M.M., Tajbakhsh, N. and Liang, J. (2018) Unet++: A
Nested U-Net Architecture for Medical Image Segmentation. 4th International
Workshop, DLMIA 2018, and 8th International Workshop, ML-CDS 2018, Held in
Conjunction with MICCAI2018, Granada, 20 September 2018 3-11.
https://doi.org/10.1007/978-3-030-00889-5 1

Jha, D., Smedsrud, P.H., Riegler, M.A., Johansen, D., Lange, T.D., Halvorsen, P., et
al. (2019) ResUNet++: An Advanced Architecture for Medical Image Segmentation.
2019 IEEE International Symposium on Multimedia (ISM), San Diego, 9-11 Decem-
ber 2019, 225-2255. https://doi.org/10.1109/ism46123.2019.00049

Fang, Y., Chen, C,, Yuan, Y. and Tong, K. (2019) Selective Feature Aggregation Net-
work with Area-Boundary Constraints for Polyp Segmentation. 22nd International
Conference MICCAI Shenzhen, 13-17 October 2019, 302-310.
https://doi.org/10.1007/978-3-030-32239-7 34

Jha, D., Riegler, M.A., Johansen, D., Halvorsen, P. and Johansen, H.D. (2020) Dou-
bleU-Net: A Deep Convolutional Neural Network for Medical Image Segmentation.
2020 IEEE 33rd International Symposium on Computer-Based Medical Systems
(CBMS), Rochester, 28-30 July 2020, 558-564.
https://doi.org/10.1109/cbms49503.2020.00111

Deng, J., Dong, W., Socher, R,, Li, L., Li, K. and Lj, F.-F. (2009) ImageNet: A Large-
Scale Hierarchical Image Database. 2009 JEEE Conference on Computer Vision and
Pattern Recognition, Miami, 20-25 June 2009, 248-255.
https://doi.org/10.1109/cvpr.2009.5206848

Dong, B., Wang, W., Fan, D.P,, et al. (2021) Polyp-pvt: Polyp Segmentation with Pyr-
amid Vision Transformers.

Jha, D., Smedsrud, P.H., Riegler, M.A., Halvorsen, P., de Lange, T., Johansen, D., et
al. (2019) Kvasir-SEG: A Segmented Polyp Dataset. 26th International Conference,
MMM 2020, Daejeon, 5-8 January 2020, 451-462.
https://doi.org/10.1007/978-3-030-37734-2 37

Wang, W., Xie, E,, Li, X,, Fan, D., Song, K., Liang, D., et al (2021) Pyramid Vision
Transformer: A Versatile Backbone for Dense Prediction without Convolutions. 2021
IEEE| CVF International Conference on Computer Vision (ICCV), Montreal, 10-17
October 2021, 568-578. https://doi.org/10.1109/iccv48922.2021.00061

Bhojanapalli, S., Chakrabarti, A., Glasner, D., Li, D., Unterthiner, T. and Veit, A.
(2021) Understanding Robustness of Transformers for Image Classification. 2021
IEEE| CVF International Conference on Computer Vision (ICCV), Montreal, 10-17

DOI: 10.4236/jcc.2025.136012

188 Journal of Computer and Communications


https://doi.org/10.4236/jcc.2025.136012
https://doi.org/10.1016/j.compbiomed.2022.105476
https://doi.org/10.1016/j.neucom.2022.07.070
https://doi.org/10.1038/nature14539
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1007/978-3-030-00889-5_1
https://doi.org/10.1109/ism46123.2019.00049
https://doi.org/10.1007/978-3-030-32239-7_34
https://doi.org/10.1109/cbms49503.2020.00111
https://doi.org/10.1109/cvpr.2009.5206848
https://doi.org/10.1007/978-3-030-37734-2_37
https://doi.org/10.1109/iccv48922.2021.00061

Q.A.Yaoetal

[15]

(16]

(17]

(18]
(19]

October 2021, 10231-10241. https://doi.org/10.1109/iccv48922.2021.01007

Xie, E., Wang, W., Yu, Z,, et al (2021) SegFormer: Simple and Efficient Design for
Semantic Segmentation with Transformers. 35t Conference on Neural Information
Processing Systems (NeurIPS2021), 6-14 December 2021, 12077-12090.

Dosovitskiy, A., Beyer, L., Kolesnikov, A., et al (2020) An Image Is Worth 16x16
Words: Transformers for Image Recognition at Scale.

Wang, W, Xie, E., Li, X, Fan, D., Song, K., Liang, D., et al. (2022) PVT V2: Improved
Baselines with Pyramid Vision Transformer. Computational Visual Media, 8, 415-
424, https://doi.org/10.1007/s41095-022-0274-8

Kingma, D.P. and Ba, J. (2014) Adam: A Method for Stochastic Optimization.

Chen, J., Lu, Y., Yu, Q., et al. (2021) Transunet: Transformers Make Strong Encoders
for Medical Image Segmentation.

DOI: 10.4236/jcc.2025.136012

189 Journal of Computer and Communications


https://doi.org/10.4236/jcc.2025.136012
https://doi.org/10.1109/iccv48922.2021.01007
https://doi.org/10.1007/s41095-022-0274-8

	Polyp Segmentation Network with Dual-Decoder Pyramid Visual Converter
	Abstract
	Keywords
	1. Introduction
	2. Model Structure
	2.1. Overall Architecture Design of the Model
	2.2. Pyramid Vision Transformer
	2.3. Reverse Attention
	2.4. Multi-Scale Feature Aggregation (MFA)
	2.5. MLP Decoder

	3. Analysis and Discussion of Experimental Results
	3.1. Dataset
	3.2. Implementation Details
	3.3. Evaluation Metrics
	3.4. Analysis of Results
	3.4.1. Ability to Learn
	3.4.2. Generalization Ability
	3.4.3. Ablation Experiment


	4. Conclusion
	Conflicts of Interest
	References

