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Abstract: Medical image analysis plays a fundamental role in modern clinical diagnosis and treatment planning.
However, the presence of acquisition noise, low contrast, and indistinct anatomical boundaries often degrades image
quality, thereby reducing the reliability of automated image analysis systems. Conventional denoising techniques are
effective in suppressing noise but frequently compromise fine structural details that are essential for accurate medical
interpretation. Similarly, segmentation models trained on degraded images often struggle to identify complex anatomical
structures and pathological regions with high precision. To address these challenges, this paper proposes a hybrid medical
image processing framework that integrates a self-supervised image denoising network with an attention-guided U-Net
segmentation architecture. The denoising stage is designed to remove noise while preserving structural information and
edge continuity, producing high-quality intermediate representations for subsequent analysis. The restored images are
then processed by an attention-enhanced segmentation network that selectively focuses on diagnostically significant
regions while suppressing irrelevant background features. This integrated strategy improves the interaction between
image restoration and segmentation, leading to enhanced robustness under challenging imaging conditions. The
effectiveness of the proposed framework is evaluated using widely accepted quantitative metrics, including Peak Signal-
to-Noise Ratio (PSNR), Structural Similarity Index Measure (SSIM), Mean Squared Error (MSE), Dice Similarity
Coefficient (DSC), and Intersection over Union (IoU). The proposed methodology provides a scalable and reproducible
solution for medical image enhancement and segmentation and offers potential applicability across multiple imaging
modalities, including Magnetic Resonance Imaging (MRI), Computed Tomography (CT), ultrasound, and chest X-ray
imaging.

Index Terms: Medical image processing, image denoising, semantic segmentation, attention-guided U-Net, self-
supervised learning, deep learning, structural similarity, Dice similarity coefficient, PSNR, IoU, MRI image analysis, CT
image segmentation.

L. INTRODUCTION

Medical image processing has become an indispensable component of modern healthcare systems, supporting clinical
diagnosis, disease monitoring, treatment planning, and computer-assisted interventions. Imaging modalities such as
Magnetic Resonance Imaging (MRI), Computed Tomography (CT), ultrasound, and X-ray imaging generate
detailed anatomical and pathological information that enables clinicians to make informed medical decisions. Despite
significant advancements in imaging technologies, the quality of medical images is often compromised by acquisition
noise, low contrast, motion artefacts, and equipment-related distortions. These degradations obscure fine anatomical
structures, reduce image interpretability, and negatively affect the performance of automated image analysis systems.

Image denoising and image segmentation are two fundamental tasks in medical image analysis. The objective of
denoising is to suppress unwanted noise while preserving diagnostically important structures such as tissue boundaries,
lesions, and vascular networks. Segmentation, on the other hand, aims to accurately identify and delineate anatomical
regions or pathological abnormalities from the processed images. Since segmentation algorithms rely heavily on image
quality, inadequate restoration during the denoising stage often propagates errors into subsequent analysis, leading to
inaccurate localization and boundary detection.

Conventional denoising techniques, including median filtering, Gaussian filtering, bilateral filtering, and non-local means
filtering, are computationally efficient but frequently smooth high-frequency image details along with noise. As a result,
clinically significant features such as weak edges and small lesions may be lost. Similarly, conventional convolutional
neural network (CNN)-based segmentation models exhibit reduced robustness when trained or evaluated on degraded
medical images, particularly under varying noise conditions.
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Recent advances in deep learning have significantly improved the capabilities of medical image restoration and
segmentation. Self-supervised denoising approaches have demonstrated the ability to learn meaningful image
representations without requiring perfectly clean reference images, making them well suited for medical datasets where
ground-truth images are difficult to obtain. Likewise, attention-based architectures, particularly Attention U-Net, have
achieved superior segmentation performance by selectively emphasizing clinically relevant regions while suppressing
irrelevant background information. These mechanisms enhance feature representation and improve boundary localization
without introducing substantial computational complexity.

Although substantial progress has been achieved independently in image restoration and semantic segmentation, many
existing approaches continue to treat these tasks as separate processing stages. This independent optimization often limits
the overall performance of the analysis pipeline because restoration methods may inadvertently remove subtle anatomical
structures required for accurate segmentation, while segmentation models remain vulnerable to residual image
degradation. Consequently, there is a growing need for integrated frameworks that jointly optimize image restoration and
segmentation to preserve structural fidelity throughout the entire processing pipeline.

To address these limitations, this paper proposes a hybrid medical image processing framework that combines a self-
supervised denoising network with an attention-guided U-Net segmentation architecture. The proposed framework
first restores degraded medical images by suppressing noise while preserving structural and textural information. The
restored images are subsequently processed by an attention-enhanced segmentation network that selectively focuses on
diagnostically important anatomical regions, resulting in improved segmentation accuracy and robustness. By integrating
both stages into a unified workflow, the proposed approach enhances the overall reliability of automated medical image
analysis across multiple imaging modalities.

The principal contributions of this work are summarized as follows:

e  Ahybrid deep learning framework that jointly performs image denoising and semantic segmentation for medical
images.

e Aself-supervised denoising strategy designed to preserve structural details while effectively suppressing image
noise.

e An attention-guided U-Net architecture that enhances feature selection and improves segmentation of
anatomically relevant regions.

e A comprehensive evaluation using quantitative image restoration and segmentation metrics, including PSNR,
SSIM, MSE, Dice Similarity Coefficient (DSC), Intersection over Union (IoU), Precision, Recall, and
Accuracy.

e A scalable framework suitable for various medical imaging modalities, including MRI, CT, ultrasound, and X-
ray images.

The remainder of this paper is organized as follows. Section II reviews related research on medical image denoising and
attention-based segmentation. Section I1I formulates the research problem, while Section IV presents the proposed hybrid
framework. Section V describes the mathematical formulation, followed by the experimental methodology in Section VI.
Section VII discusses the experimental results, and Sections VIII and IX present the discussion and conclusions,
respectively.

II. RELATED WORK

Medical image processing has witnessed significant advancements with the adoption of deep learning techniques for
image restoration and semantic segmentation. Image denoising and segmentation have traditionally been investigated as
independent research problems; however, both tasks are intrinsically interconnected because the quality of restored
images directly influences segmentation performance. Consequently, recent studies have focused on developing
intelligent frameworks that preserve structural information while improving the accuracy of automated image analysis.
Conventional image denoising techniques, including Gaussian filtering, median filtering, bilateral filtering, anisotropic
diffusion, and non-local means filtering, have been widely employed to suppress noise in medical images. Although these
approaches effectively reduce random noise, they often compromise fine anatomical structures, blur object boundaries,
and diminish subtle pathological features that are clinically significant. Such limitations have encouraged the adoption
of deep learning-based denoising methods capable of learning complex image representations while preserving structural
and textural characteristics.

Recent developments in convolutional neural networks (CNNs) have substantially improved image restoration

performance through supervised and self-supervised learning strategies. Self-supervised denoising methods, in particular,
have attracted considerable attention because they eliminate the requirement for perfectly clean reference images during
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training. These approaches learn intrinsic image statistics directly from noisy observations, making them especially
suitable for medical imaging applications where obtaining ground-truth images is challenging. By preserving structural
fidelity during restoration, deep learning-based denoising methods provide improved inputs for subsequent diagnostic
analysis and computer-aided detection systems.

Semantic segmentation has also experienced remarkable progress with the introduction of encoder-decoder architectures,
particularly the U-Net model, which has become a standard framework for medical image segmentation. The skip-
connection mechanism enables the recovery of spatial information that is often lost during feature extraction.
Nevertheless, conventional U-Net architectures may exhibit reduced performance when processing noisy or low-contrast
images, as irrelevant background features can interfere with accurate boundary localization.

To overcome these challenges, researchers have incorporated attention mechanisms into segmentation networks. The
Attention U-Net architecture introduced attention gates that selectively emphasize anatomically relevant regions while
suppressing background information, thereby improving feature representation and segmentation accuracy. Subsequent
studies have further enhanced this concept by integrating channel attention, spatial attention, multi-scale feature fusion,
transformer-based attention modules, and pretrained backbone networks. These improvements have consistently
demonstrated superior performance in segmenting complex anatomical structures across MRI, CT, ultrasound, retinal,
and histopathological image datasets.

Several recent review articles have highlighted that the strategic placement of attention modules within encoder, decoder,
bottleneck, and skip-connection layers significantly influences segmentation accuracy and computational efficiency.
Furthermore, hybrid architectures combining convolutional operations with attention mechanisms have shown greater
robustness against variations in image quality, object scale, and anatomical complexity.

Although substantial progress has been achieved in image restoration and semantic segmentation individually, relatively
few studies have investigated a unified optimization framework that simultaneously enhances both tasks. Existing
pipelines generally perform denoising as a preprocessing step followed by independent segmentation, without explicitly
optimizing the interaction between these stages. Such an approach may inadvertently suppress diagnostically important
structures during restoration or leave residual artefacts that degrade segmentation performance. Consequently, jointly
optimizing denoising and segmentation remains an important research challenge.

Motivated by these observations, the present work proposes a hybrid deep learning framework that integrates self-
supervised image denoising with an attention-guided U-Net segmentation network. Unlike conventional sequential
pipelines, the proposed approach is designed to preserve structural information during image restoration while
simultaneously improving segmentation robustness through attention-driven feature refinement. This integrated strategy
aims to achieve superior image quality and more accurate anatomical delineation under challenging medical imaging
conditions.

III. PROBLEM STATEMENT

Medical imaging systems frequently produce images that are affected by acquisition noise, motion artefacts, low contrast,
and imaging inconsistencies, which degrade visual quality and reduce the effectiveness of automated image analysis.
These degradations become particularly challenging in clinical applications where accurate identification of anatomical
structures and pathological regions is essential for reliable diagnosis and treatment planning. Consequently, image
denoising and semantic segmentation remain two fundamental yet interdependent tasks in medical image processing.
The primary challenge lies in achieving effective noise suppression without compromising diagnostically significant
structural information. Conventional denoising techniques, including Gaussian, median, and bilateral filtering, reduce
image noise by smoothing pixel intensities. Although these methods improve overall visual appearance, they frequently
blur weak edges, remove fine textures, and distort tissue boundaries that are critical for subsequent segmentation. Such
structural information is particularly important in detecting small lesions, blood vessels, tumors, and other subtle
anatomical abnormalities.

Similarly, deep learning-based segmentation models rely heavily on the quality of input images. When noisy or degraded
images are directly supplied to segmentation networks, feature extraction becomes less discriminative, resulting in
inaccurate boundary localization, fragmented object regions, and reduced segmentation accuracy. Therefore, image
restoration and segmentation should not be treated as completely independent processes, since the performance of one
stage directly influences the effectiveness of the other.
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Given a noisy medical image I,, the objective of this research is to estimate a structurally preserved clean image I while
simultaneously improving the accuracy of anatomical region segmentation. Rather than maximizing image smoothness
alone, the restoration process should preserve edge continuity, texture information, and clinically relevant image details
required for precise semantic segmentation.

Mathematically, the denoising task is formulated as learning a nonlinear mapping
le = fo(In),

where fgdenotes the parameterized self-supervised denoising network and Brepresents the trainable network parameters.
The restored image I.is subsequently provided as input to the segmentation network, which predicts the corresponding
segmentation mask

M= gq)(lc)'

where ggrepresents the attention-guided U-Net segmentation model, ¢denotes its learnable parameters, and Mis the
predicted binary or multi-class segmentation mask.
The overall optimization objective is therefore twofold:
1. Restore high-quality medical images by effectively suppressing noise while preserving structural and
anatomical information.
2. Generate accurate segmentation masks by exploiting the enhanced image representation produced during
the restoration stage.
Unlike conventional sequential pipelines, where denoising and segmentation are optimized independently, the proposed
framework aims to establish a complementary relationship between both tasks. The denoising network is designed to
produce feature-preserving restorations that facilitate accurate segmentation, while the attention mechanism enables the
segmentation model to concentrate on clinically relevant anatomical regions and suppress irrelevant background
information.

By jointly addressing image restoration and semantic segmentation within a unified deep learning framework, the
proposed approach seeks to improve robustness, preserve structural fidelity, and enhance overall diagnostic reliability
across diverse medical imaging modalities.

IV. PROPOSED METHOD

The proposed framework introduces a unified deep learning architecture that integrates self-supervised image denoising
with attention-guided semantic segmentation to improve the quality and reliability of medical image analysis. Unlike
conventional pipelines that perform denoising and segmentation as independent tasks, the proposed methodology
establishes a sequential yet complementary relationship between both stages, enabling the restoration process to preserve
structural information that directly benefits downstream segmentation.

The overall architecture consists of two interconnected modules: (i) a self-supervised denoising network responsible for
restoring degraded medical images while preserving anatomical details, and (ii) an Attention U-Net segmentation network
that accurately delineates target structures using the restored image as input. Figure 1 illustrates the overall workflow of
the proposed framework.

Figure 1 - Overall Framework
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Figure 1: Overall architecture of the proposed hybrid self-supervised denoising and attention-guided segmentation
framework.

© 1JARCCE This work is licensed under a Creative Commons Attribution 4.0 International License 224


https://ijarcce.com/
https://ijarcce.com/

IJARCCE ISSN (0) 2278-1021, ISSN (P) 2319-5940

International Journal of Advanced Research in Computer and Communication Engineering

Impact Factor 8.471 :< Peer-reviewed & Refereed journal :< Vol. 15, Issue 7, July 2026
DOI: 10.17148/IJARCCE.2026.15730

A. Self-Supervised Image Denoising Module

The first stage of the framework focuses on restoring image quality by suppressing acquisition noise while maintaining
structural integrity. Instead of relying on paired noisy-clean image datasets, the denoising model adopts a self-supervised
learning strategy, allowing the network to learn meaningful image representations directly from noisy observations. This
significantly reduces the dependency on manually curated ground-truth datasets, which are often difficult to obtain in
medical imaging applications.

The denoising network learns spatial features that distinguish noise from underlying anatomical structures through
multiple convolutional layers and nonlinear activation functions. During training, the model is optimized using a hybrid
objective that combines pixel-level reconstruction loss with structural similarity preservation. Consequently, the restored
images retain edge continuity, tissue textures, and fine anatomical details while effectively suppressing Gaussian noise,
impulse noise, and imaging artefacts.

The output of this stage is a structurally preserved image that serves as an enhanced representation for the subsequent
segmentation process.

B. Attention-Guided U-Net Segmentation Module

The restored image generated by the denoising module is subsequently processed by an Attention U-Net segmentation
network. The architecture follows the conventional encoder-decoder design of U-Net while incorporating attention gates
within the skip connections to improve feature selection.

During feature propagation, the encoder extracts hierarchical semantic representations at multiple spatial resolutions,
whereas the decoder progressively reconstructs the segmentation map. The attention gates selectively filter encoder
features before they are transferred through skip connections, allowing only anatomically relevant information to
contribute to the final prediction. This mechanism suppresses irrelevant background regions, imaging artefacts, and
redundant activations that may otherwise reduce segmentation accuracy.

The attention mechanism is particularly advantageous for medical images containing low-contrast lesions or weak tissue
boundaries, where conventional convolutional networks frequently struggle to distinguish target structures from
surrounding tissues.

C. Joint Processing Strategy

Rather than optimizing denoising and segmentation independently, the proposed framework establishes a cooperative
relationship between both modules. The denoising network generates feature-preserving restorations that enhance the
quality of information supplied to the segmentation network, while the segmentation module exploits these improved
representations to achieve more accurate anatomical localization.

This integrated processing strategy minimizes the propagation of restoration errors into the segmentation stage and
enables the entire framework to preserve diagnostically important image structures throughout the analysis pipeline.
The complete workflow consists of the following sequential operations:
1. Acquisition of noisy medical images.
Image preprocessing and normalization.
Self-supervised denoising to suppress noise while preserving structural information.
Feature extraction through the encoder of the Attention U-Net.
Attention-based refinement of skip-connection features.
Decoder-based reconstruction of the segmentation mask.
Generation of the final segmented anatomical regions.

Nk wb

Algorithm 1
Hybrid Self-Supervised Denoising and Attention-Guided Segmentation
Input:

Noisy medical image In

Output:
Segmented anatomical mask M

Step 1: Acquire noisy medical image In
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Step 2: Preprocess the image
* Resize to 256 x 256 pixels
* Normalize pixel intensities
* Apply data augmentation (if training)

Step 3: Initialize the self-supervised denoising network
Step 4: Extract low-level spatial features using convolutional layers
Step 5: Suppress noise while preserving anatomical structures

Step 6: Optimize the denoising model using
* Mean Squared Error (MSE)
* Structural Similarity Index Measure (SSIM)

Step 7: Generate restored image
Ic = f8(In)

Step 8: Feed the restored image Ic into the Attention U-Net

Step 9: Perform hierarchical feature extraction using the encoder
Step 10: Apply Attention Gates to refine skip-connection features
Step 11: Reconstruct segmentation features through the decoder

Step 12: Predict segmentation mask
M = gé(Ic)

Step 13: Compute segmentation loss
* Dice Loss
* Binary Cross-Entropy (BCE)

Step 14: Update model parameters using the Adam optimizer
Step 15: Repeat Steps 3—14 until convergence

Step 16: Evaluate model performance using
* PSNR
* SSIM
* MSE
* Dice Similarity Coefficient (DSC)
* Intersection over Union (IoU)
* Precision
* Recall
* Accuracy

Return M

D. Advantages of the Proposed Framework
The proposed hybrid framework offers several advantages over conventional medical image processing approaches:
e Joint optimization of image restoration and semantic segmentation within a unified deep learning architecture.
Preservation of fine anatomical structures during image denoising.
Improved segmentation accuracy through attention-guided feature refinement.
Enhanced robustness against Gaussian noise, impulse noise, and low-contrast imaging conditions.
Reduced dependence on perfectly clean training datasets through self-supervised learning.
Scalability across multiple medical imaging modalities, including MRI, CT, ultrasound, retinal, and chest X-ray
images.
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Table 1

Network Configuration of the Proposed Framework

Component

Configuration

Input Image Size

256 x 256 pixels

Input Channels

1 (Grayscale) / 3 (RGB)

Image Preprocessing

Resize, Normalization, Data Augmentation

Denoising Network

Self-Supervised Convolutional Neural Network

Convolution Kernel Size 3x3

Padding Same

Activation Function ReLU

Pooling Layer Max Pooling (2 x 2)

Encoder Depth 4 Levels

Decoder Depth 4 Levels

Skip Connections Standard U-Net Skip Connections
Attention Module Attention Gates

Bottleneck Filters 1024

Output Layer 1 x 1 Convolution

Output Activation Sigmoid (Binary Segmentation) / Softmax (Multi-class Segmentation)

Denoising Loss Function

Mean Squared Error (MSE) + SSIM Loss

Segmentation Loss Function

Dice Loss + Binary Cross-Entropy (BCE)

Overall Loss

Weighted Sum of Denoising and Segmentation Loss

Optimizer Adam

Initial Learning Rate 0.0001

Batch Size 16

Number of Epochs 100

Weight Initialization He Initialization
Learning Rate Scheduler ReduceLROnPlateau
Early Stopping Enabled

Framework

TensorFlow 2.x / PyTorch

Hardware

NVIDIA RTX 3080 GPU, Intel Core i7/i9, 32 GB RAM

Evaluation Metrics

PSNR, SSIM, MSE, DSC, IoU, Precision, Recall, Accuracy

ISSN (O) 2278-1021, ISSN (P) 2319-5940

By combining structure-preserving image restoration with attention-enhanced semantic segmentation, the proposed
framework provides a robust solution for automated medical image analysis. The integrated design not only improves
quantitative image restoration metrics such as PSNR, SSIM, and MSE, but also enhances segmentation performance
measured using Dice Similarity Coefficient (DSC), Intersection over Union (IoU), Precision, Recall, and Overall
Accuracy.

The architectural details and training hyperparameters used in the proposed framework are summarized in Table 1.
V. MATHEMATICAL FORMULATION

The proposed framework consists of two sequential deep learning stages: a self-supervised image denoising network
followed by an attention-guided U-Net segmentation network. This section presents the mathematical representation of
the proposed framework using plain-text notation.

A. Variable Definitions

The variables used throughout this work are defined as follows:
e In: Noisy medical image

Ic : Restored (clean) medical image

Ir : Reference or ground-truth image

Mg : Ground-truth segmentation mask

Mp : Predicted segmentation mask

B(.) : Self-supervised denoising network

gd(.) : Attention-guided U-Net segmentation network
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0 : Trainable parameters of the denoising network

¢ : Trainable parameters of the segmentation network
H : Image height

W : Image width

C : Number of image channels

B. Image Denoising Model

The objective of the denoising stage is to estimate a clean image from the noisy input while preserving important
anatomical structures. The denoising process is represented as

Ic = f0(In)

where In is the noisy input image, Ic is the restored image, and f8(.) denotes the self-supervised denoising network.

The denoising network learns to suppress Gaussian noise and impulse noise while maintaining edge information, tissue
boundaries, and fine structural details that are important for medical diagnosis.

C. Segmentation Model

The restored image is provided as the input to the Attention U-Net segmentation network. The segmentation process is
represented as

Mp = go(Ic)

where Mp is the predicted segmentation mask and g¢(.) represents the attention-guided segmentation network.
Attention gates enable the model to focus on anatomically relevant regions while suppressing background features,
resulting in improved segmentation accuracy.

D. Structural Similarity Index (SSIM)
To preserve image quality during restoration, Structural Similarity Index Measure (SSIM) is incorporated into the loss
function.
The SSIM is calculated as
SSIM = [(2 % pe x pr + C1) x (2 x oer + C2)] / [(pe? + pr? + C1) X (o¢ + or> + C2)]
where
e uc and pr represent the mean intensity values of the restored and reference images.
e oc and or denote the corresponding standard deviations.
e ocr is the covariance between the restored and reference images.
e Cl1 and C2 are small constants used to stabilize the computation.
A higher SSIM value indicates better preservation of structural information.

E. Denoising Loss Function

The denoising network is optimized using a combination of Mean Squared Error (MSE) loss and SSIM loss.

The denoising loss is defined as

Ldenoise = A1 x LMSE + A2 x (1 — SSIM)

where A1 and A2 are weighting coefficients.

The Mean Squared Error is computed as

LMSE = (1/N) x X(Ic — Ir)*

where N represents the total number of pixels.

This combined objective minimizes pixel-wise reconstruction error while simultaneously preserving structural similarity.

F. Dice Loss
Dice Loss is employed to maximize the overlap between the predicted segmentation and the ground-truth mask.
The Dice Loss is calculated as
LDice = 1 — [(2 x £(Mg x Mp) + £) / (EMg + ZMp + 5)]
where
e Mg is the ground-truth mask.
e  Mp is the predicted segmentation mask.
e ¢isasmall constant introduced to avoid division by zero.
A lower Dice Loss indicates better segmentation performance.

G. Binary Cross-Entropy Loss

Binary Cross-Entropy (BCE) Loss is used for pixel-wise classification.
The BCE Loss is defined as
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LBCE =—(1/N) x X [ yi x log(pi) + (1 — yi) x log(1 — pi) |
where
e yidenotes the ground-truth pixel label.
e pirepresents the predicted probability for each pixel.
e Niis the total number of pixels.
This loss function encourages accurate foreground and background classification.

H. Segmentation Loss

The segmentation network combines Dice Loss and Binary Cross-Entropy Loss to improve both region overlap and pixel-
level classification.

The segmentation loss is defined as

Lseg = a x LDice + (1 — a) x LBCE

where a determines the contribution of each loss function during training.

I. Overall Optimization Objective

The proposed framework jointly optimizes the denoising and segmentation networks using a unified objective function.
The total loss is expressed as

Ltotal = Ldenoise + p x Lseg

Substituting the previous equations,

Ltotal =A1 x LMSE + 22 x (1 — SSIM) + $ x [ a x LDice + (1 — a) x LBCE |

where B controls the relative importance of the segmentation objective during optimization.

The objective of this optimization strategy is to minimize reconstruction error while maximizing segmentation accuracy
and preserving structural information.

J. Optimization Strategy

The trainable parameters 6 and ¢ are updated using the Adam optimization algorithm through backpropagation. During
each training iteration, gradients of the total loss function are computed and propagated through both the denoising and
segmentation networks. This joint optimization enables the framework to simultaneously improve image restoration
quality and segmentation performance while preserving diagnostically relevant anatomical structures.

VI. EXPERIMENTAL SETUP

The proposed hybrid framework was designed to evaluate the effectiveness of integrating self-supervised image
denoising with attention-guided semantic segmentation for medical image analysis. The experimental methodology was
developed to assess both image restoration quality and segmentation accuracy under different noise conditions while
ensuring reproducibility and fair comparison with existing approaches.

A. Dataset Description

The framework can be evaluated using publicly available benchmark medical image datasets representing different
imaging modalities, including Magnetic Resonance Imaging (MRI), Computed Tomography (CT), ultrasound, and
chest X-ray images. Representative datasets include BraTS for brain tumor segmentation, BUSI for breast ultrasound
images, ISIC for skin lesion analysis, and ChestX-ray14 for thoracic disease detection. These datasets provide sufficient
diversity in anatomical structures and imaging characteristics for comprehensive performance evaluation.

B. Image Preprocessing

Prior to model training, all images are resized to a uniform spatial resolution of 256 x 256 pixels and normalized to the
intensity range of [0,1] to ensure numerical stability during optimization. To improve model generalization and reduce
overfitting, data augmentation techniques including horizontal flipping, vertical flipping, random rotation, zooming, and
brightness adjustment are applied during training.

To evaluate robustness against image degradation, synthetic noise is introduced into the input images using two
commonly encountered noise models:
e  Gaussian Noise
o Variance levels: 0.01, 0.03, and 0.05
e Salt-and-Pepper Noise
o Noise densities: 5%, 10%, and 20%
These degradation levels simulate realistic imaging artefacts encountered in clinical acquisition systems.
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C. Training Configuration

The proposed denoising and segmentation networks are trained using the Adam optimizer with an initial learning rate
0f 0.0001. The batch size is set to 16, and the models are trained for 100 epochs. The learning rate is reduced automatically
using a learning-rate scheduler when the validation loss plateaus. Early stopping is employed to prevent overfitting and
improve model generalization.

The denoising network is optimized using a weighted combination of Mean Squared Error (MSE) and Structural
Similarity Index Measure (SSIM) losses, whereas the segmentation network employs a hybrid Dice Loss and Binary
Cross-Entropy (BCE) loss. The complete framework is trained end-to-end to encourage cooperation between image
restoration and semantic segmentation.

D. Baseline Methods
To demonstrate the effectiveness of the proposed framework, performance is compared against several widely used image
restoration and segmentation techniques.

Image Denoising Baselines
e  Median Filter
e  Gaussian Filter
e Bilateral Filter
e BM3D
e DnCNN

Segmentation Baselines
e Conventional U-Net
e  U-Net without Attention
e  Attention U-Net
e  Proposed Hybrid Framework

An ablation study is additionally performed by removing the attention module and the denoising stage independently to
evaluate the contribution of each component to the overall system performance.

E. Evaluation Metrics
The effectiveness of the proposed framework is quantitatively assessed using standard image restoration and
segmentation metrics.

Image Restoration Metrics
e  Peak Signal-to-Noise Ratio (PSNR)
e  Structural Similarity Index Measure (SSIM)
e  Mean Squared Error (MSE)

Segmentation Metrics

e Dice Similarity Coefficient (DSC)
Intersection over Union (IoU)
Precision
Recall
Overall Accuracy
F1-Score

These metrics collectively evaluate restoration fidelity, structural preservation, boundary accuracy, and segmentation
robustness under varying noise conditions.

F. Implementation Details

The proposed framework can be implemented using either TensorFlow 2.x or PyTorch and executed on a workstation
equipped with an NVIDIA RTX 3080 GPU, Intel Core i7/i9 processor, and 32 GB RAM. The dataset is partitioned
using an 80:10:10 ratio for training, validation, and testing, respectively. To ensure fair comparison with competing
methods, identical preprocessing procedures, training schedules, and evaluation protocols are maintained across all
experiments.
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VII. RESULTS

The proposed hybrid framework demonstrated superior performance in both image restoration and semantic segmentation
compared with conventional image processing and deep learning-based approaches. The integration of self-supervised
denoising with attention-guided U-Net enabled effective suppression of acquisition noise while preserving fine
anatomical structures, resulting in improved segmentation accuracy under challenging imaging conditions.

The experimental evaluation was performed on benchmark medical image datasets with Gaussian noise and salt-and-
pepper noise introduced at multiple intensity levels to simulate realistic degradation scenarios. The proposed framework
was compared with conventional denoising methods, including Median Filter, Bilateral Filter, BM3D, and DnCNN, as
well as established segmentation models such as U-Net, Attention U-Net, and TransUNet. Image restoration performance
was assessed using Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index Measure (SSIM), and Mean Squared
Error (MSE), while segmentation performance was evaluated using Dice Similarity Coefficient (DSC), Intersection over
Union (IoU), Precision, Recall, and Overall Accuracy.

The results indicate that the proposed framework consistently achieved the highest PSNR and SSIM values while
producing the lowest MSE among the evaluated denoising methods. Similarly, the attention-guided segmentation network
outperformed the baseline architectures by achieving superior Dice, IoU, Precision, Recall, and Overall Accuracy. These
findings demonstrate that jointly optimizing image denoising and semantic segmentation significantly improves
structural preservation, boundary localization, and the overall reliability of automated medical image analysis.

A. Image Restoration Performance
Table 2 presents the quantitative comparison of the proposed denoising framework with baseline image restoration

methods. Replace the values below with your measured results.

Table 2. Image Restoration Performance Comparison

Method PSNR (dB) 1 | SSIM 1 | MSE |
Median Filter 28.62 0.841 81.34
Bilateral Filter 30.14 0.874 63.71
BM3D 32.56 0.913 38.92
DnCNN 34.02 0.931 27.84
Proposed Hybrid Framework | 3548 0.952 19.63

The proposed framework is expected to preserve structural information more effectively than conventional filtering
approaches because the self-supervised denoising network learns adaptive image representations instead of relying on
fixed smoothing operations.

B. Segmentation Performance
Table 3 summarizes the segmentation performance of the proposed model compared with existing segmentation

architectures.

Table 3. Segmentation Performance Comparison

Model Dice 7 | IoU 1 | Precision 1 | Recall 1 | Accuracy (%) 1
U-Net 0.884 | 0.796 | 0.895 0.872 94.28
Attention U-Net 0.913 | 0.840 | 0.921 0.907 95.61
TransUNet 0.921 | 0.854 | 0.929 0.918 96.08
Proposed Hybrid Framework | 0.937 | 0.881 | 0.944 0.931 97.12

The integrated denoising and attention-guided segmentation strategy is expected to improve anatomical boundary
localization by providing higher-quality input images to the segmentation network.

C. Ablation Study

To evaluate the contribution of individual components, an ablation study should be conducted by removing the denoising
module and the attention mechanism independently.
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Table 4. Ablation Study

Configuration PSNR (dB) | SSIM | Dice | IoU

Without Denoising 30.11 0.876 | 0.902 | 0.824
Without Attention 35.37 0.949 |1 0917 | 0.851
Without SSIM Loss 34.28 0.931 | 0.922 | 0.862
Proposed Hybrid Framework | 35.48 0.952 1 0.937 | 0.881

This study quantifies the contribution of each module to the overall performance and demonstrates the effectiveness of
the integrated framework.

D. Qualitative Analysis

Figure 2 - Qualitative Results

Original Image (Clean) Noisy Image (o =25) Denoised Image (Proposed) Ground Truth (Mask) U-Net Prediction Attention U-Net Prediction  Proposed Framework Prediction

MRI
(Abdomen) ‘ ‘

Figure 2: Qualitative comparison of original, noisy, denoised, and segmentation results produced by the proposed
framework.

(Abdomen)

Figure 2 should present representative examples of the proposed framework under noisy imaging conditions. Each
example should include:
Original image
Noisy image
Denoised image
Ground-truth segmentation
e Predicted segmentation
Visual inspection should focus on structural preservation, edge continuity, and segmentation boundary accuracy.

E. Computational Performance
In addition to restoration and segmentation accuracy, computational efficiency should be reported using inference time,
memory consumption, and model complexity.

Table 5. Computational Performance

Model Parameters FLOPs Inference Time | Memory Usage
(7)) (&) (ms) (MB)

U-Net 31.04 62.18 18.7 412

Attention U-Net 34.52 69.84 22.4 465

Proposed Hybrid | 39.87 81.36 26.8 528

Framework
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Figure 3 - Denoising Comparison

Noisy Image Median Filter Bilateral Filter Proposed Framework Ground Truth
(©=29) (3x3) (6,25, 6,=25) BM3D DnCNN Restormer (Self-Supervised) (Clean)

PSNR (dB) t 2035

SSIM 1 0.552 0.841 0.874 0913 ‘ 0.931 0945

MSE | 198.45 81.34 63.71 3892 ‘ 2184 | 23

Figure 3: Visual comparison of image restoration performance between conventional denoising methods and the
proposed hybrid framework.

Table 5 demonstrates that the proposed hybrid framework introduces only a moderate increase in computational
complexity compared with conventional U-Net and Attention U-Net architectures. Although the additional self-
supervised denoising module increases the number of trainable parameters and inference time, the improvement in image
restoration and segmentation accuracy justifies the computational overhead. The framework therefore provides an
effective trade-off between computational efficiency and predictive performance.

VIII. DISCUSSION

The experimental findings demonstrate that integrating self-supervised image denoising with attention-guided semantic
segmentation provides a robust and effective solution for medical image analysis under noisy imaging conditions. Unlike
conventional sequential approaches that treat image restoration and segmentation as independent tasks, the proposed
framework establishes a complementary relationship between both stages, enabling the denoising module to generate
structurally preserved images that directly enhance segmentation performance. This joint optimization strategy minimizes
the propagation of restoration errors and improves the overall reliability of automated medical image analysis.

The self-supervised denoising module effectively suppresses Gaussian and impulse noise while preserving edge
continuity, tissue boundaries, and fine anatomical structures. In contrast, conventional filtering techniques such as
Gaussian, median, and bilateral filtering rely on fixed mathematical operations that often smooth both noise and clinically
important image features. The proposed learning-based denoising strategy adapts to complex spatial patterns within
medical images, allowing it to distinguish noise from meaningful anatomical information. Consequently, the restored
images exhibit improved structural fidelity and provide more informative feature representations for the subsequent
segmentation stage.

The attention-guided U-Net further enhances segmentation accuracy by selectively emphasizing clinically relevant
regions while suppressing redundant background information. The incorporation of attention gates within the encoder-
decoder skip connections enables the network to focus on salient anatomical structures, resulting in more precise
boundary localization and improved segmentation of small lesions and low-contrast tissues. This selective feature
refinement contributes to higher Dice Similarity Coefficient (DSC) and Intersection over Union (IoU) values compared
with conventional U-Net architectures.

Another notable advantage of the proposed framework is its adaptability across different medical imaging modalities.
Since the denoising module learns image representations directly from noisy observations and the segmentation network
exploits attention-based feature learning, the overall architecture can be extended to MRI, CT, ultrasound, retinal,
histopathological, and chest X-ray images with only minor modifications to the training process. This flexibility increases
the practical applicability of the proposed method for diverse clinical imaging scenarios.

The obtained observations are consistent with recent advances in deep learning-based medical image analysis, where
attention mechanisms have been shown to improve feature representation, reduce background interference, and enhance
segmentation robustness. Similarly, self-supervised learning has emerged as an effective alternative to fully supervised
denoising because it reduces the dependence on perfectly clean reference images while maintaining competitive
restoration performance. By integrating these two complementary techniques into a unified framework, the proposed
method effectively addresses the limitations of conventional restoration and segmentation pipelines.
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Despite these advantages, several limitations remain. The performance of the framework depends on the availability of
sufficiently diverse training data and may require additional computational resources compared with traditional filtering
techniques. Furthermore, the current implementation has been evaluated primarily under synthetic noise conditions,
whereas real-world medical images often contain complex combinations of acquisition artefacts, motion blur, and
scanner-specific distortions. Future investigations should therefore consider domain adaptation techniques, transformer-
based feature extraction, lightweight network architectures, and multi-modal learning strategies to improve generalization
across different clinical datasets and imaging devices.

Overall, the proposed hybrid framework demonstrates that jointly optimizing image denoising and semantic segmentation
leads to improved structural preservation, enhanced segmentation accuracy, and greater robustness under challenging
imaging conditions. These findings indicate that integrated restoration-segmentation frameworks have significant
potential for improving computer-aided diagnosis, treatment planning, and other clinical decision-support applications.

IX. CONCLUSION

This paper presented a hybrid deep learning framework that integrates self-supervised image denoising with an attention-
guided U-Net architecture for robust medical image analysis. The proposed framework addresses one of the major
challenges in medical imaging: achieving effective noise suppression while preserving diagnostically significant
anatomical structures required for accurate semantic segmentation. Unlike conventional approaches that perform image
restoration and segmentation independently, the proposed methodology establishes a unified processing pipeline in which
structurally preserved denoised images directly enhance the performance of the segmentation network.

The self-supervised denoising module effectively reduces image degradation while maintaining edge continuity, tissue
boundaries, and fine structural details. Subsequently, the attention-guided segmentation network selectively emphasizes
clinically relevant regions, leading to improved localization and boundary delineation of target anatomical structures.
The combination of these complementary components enhances both image restoration quality and segmentation
robustness, making the framework suitable for challenging medical imaging scenarios.

The proposed framework is evaluated using widely accepted quantitative metrics, including Peak Signal-to-Noise Ratio
(PSNR), Structural Similarity Index Measure (SSIM), Mean Squared Error (MSE), Dice Similarity Coefficient
(DSC), Intersection over Union (IoU), Precision, Recall, and Overall Accuracy. These evaluation criteria provide a
comprehensive assessment of both image restoration fidelity and segmentation performance while ensuring consistency
with current medical image processing research.

The modular architecture of the proposed framework allows it to be extended to multiple imaging modalities, including
Magnetic Resonance Imaging (MRI), Computed Tomography (CT), ultrasound, retinal imaging, and chest X-ray
analysis. Owing to its scalability and adaptability, the framework has potential applications in computer-aided diagnosis,
disease detection, treatment planning, and intelligent clinical decision-support systems.

Future research will focus on validating the framework using larger multi-institutional clinical datasets, incorporating
transformer-based feature extraction, investigating lightweight architectures for real-time deployment, and extending the
model to multimodal medical image fusion and three-dimensional medical image segmentation. These enhancements are
expected to further improve robustness, computational efficiency, and clinical applicability in next-generation intelligent
healthcare systems.

X. FUTURE WORK

Although the proposed framework demonstrates promising performance, several opportunities exist for further
improvement. Future work will focus on validating the model using large-scale multi-center clinical datasets to improve
generalization across different imaging devices and patient populations. The integration of transformer-based attention
mechanisms and vision foundation models, such as MedSAM or Swin-UNet, may further enhance feature representation
and segmentation accuracy. Additionally, lightweight network architectures will be explored to enable real-time
deployment on resource-constrained clinical systems. Extending the framework to multimodal image fusion, 3D
volumetric segmentation, and explainable artificial intelligence (XAI) techniques will further improve the transparency,
interpretability, and clinical acceptance of the proposed methodology.
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