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Abstract

Medical imaging modalities such as Magnetic Resonance Imaging (MRI), Computed Tomography (CT), Ultrasound
(US), Positron Emission Tomography (PET), and X-ray often suffer from low spatial resolution because of hardware
limitations, acquisition time constraints, patient movement, and radiation dose reduction requirements. Conventional
interpolation techniques including Nearest Neighbor, Bilinear, and Bicubic interpolation produce blurred edges and
fail to preserve fine anatomical structures that are essential for clinical diagnosis. Recent deep learning-based super-
resolution methods achieve improved visual quality but generally require large annotated datasets, high computational
resources, and extensive training time. This paper proposes a Novel Hybrid Edge-Aware Adaptive Medical Image
Interpolation Algorithm (HEAMI) for enhancing low-resolution medical images. The proposed algorithm integrates
adaptive edge detection, multi-scale feature extraction, hybrid convolutional learning, and optimization-based
refinement to reconstruct high-resolution images while preserving anatomical boundaries and minimizing
reconstruction artifacts. The framework incorporates gradient-guided interpolation, attention-based feature fusion, and
perceptual optimization to improve image quality. Experimental evaluation is conducted on MRI, CT, and retinal
image datasets using Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index Measure (SSIM), Root Mean
Square Error (RMSE), Feature Similarity Index (FSIM), and computational time. Experimental results demonstrate
that the proposed algorithm achieves superior reconstruction quality compared with traditional interpolation
techniques and recent deep learning models.

Key words: Medical Image Interpolation, Image Super Resolution, MRI Enhancement, Edge Preservation, Deep
Learning, CNN, Attention Mechanism, Image Reconstruction.

1. Introduction

Medical imaging has become an indispensable
component of modern healthcare for diagnosis,
disease monitoring, surgical planning, and treatment
evaluation. Various imaging modalities including
Magnetic Resonance Imaging (MRI), Computed
Tomography (CT), Ultrasound, X-ray imaging, and
Positron Emission Tomography (PET) generate large
amounts of clinical information that assist physicians
in detecting abnormalities accurately. However, many
medical imaging systems produce low-resolution
images because of limitations in acquisition hardware,
patient motion, imaging speed, low radiation
exposure, and storage constraints. Low-resolution

2026/EUSRM/6/2026/61827

images often contain blurred anatomical boundaries,
insufficient texture details, and missing structural
information, which may reduce diagnostic accuracy.
Image interpolation is a fundamental image processing
technique that estimates unknown pixel values to
generate  higher-resolution images from low-
resolution  inputs.  Conventional interpolation
approaches such as Nearest Neighbor, Bilinear, and
Bicubic interpolation are computationally efficient but
frequently introduce artifacts including edge blurring,
staircase effects, and loss of fine structural details.
These limitations are particularly significant in
medical imaging, where preservation of anatomical
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boundaries is critical. Recent advances in artificial
intelligence have introduced deep learning-based
super-resolution models capable of reconstructing
high-quality medical images. Convolutional Neural
Networks (CNNs), Residual Networks (ResNet),
Generative Adversarial Networks (GANs), Vision
Transformers (ViTs), and attention-based
architectures have demonstrated promising results.
Nevertheless, these models require extensive training
datasets, powerful GPUs, long training times, and
often suffer from hallucinated features that may
compromise diagnostic reliability. To overcome these
limitations, this paper proposes a Hybrid Edge-Aware
Adaptive Medical Image Interpolation (HEAMI)
algorithm that combines classical interpolation with
deep feature learning and optimization techniques.
The proposed algorithm integrates adaptive edge
preservation, multi-scale feature extraction, attention-
guided reconstruction, and optimization-based
refinement to improve reconstruction quality while
maintaining computational efficiency.

The major contributions of this work are summarized
as follows:

1. Development of a novel hybrid
interpolation  framework  combining
adaptive edge preservation and deep
feature extraction.

2. Integration of attention-guided multi-scale
reconstruction for preserving anatomical
structures.

3. Optimization-based refinement to
minimize reconstruction errors and
improve image sharpness.

4. Extensive experimental validation using
multiple medical imaging datasets.

5. Comprehensive comparison with
traditional interpolation and state-of-the-
art super-resolution techniques.

The remainder of this paper is organized as follows.
Section 2 reviews existing interpolation and medical
image super-resolution methods. Section 3 presents
the proposed Hybrid Edge-Aware Adaptive Medical
Image Interpolation algorithm. Section 4 discusses
experimental setup and performance evaluation.
Section 5 presents the results and discussion. Section
6 concludes the paper and outlines future research
directions.

2. Literature Review

Medical image interpolation and super-resolution have
attracted significant research attention due to their
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ability to enhance diagnostic accuracy by
reconstructing high-resolution images from low-
resolution acquisitions. Recent advancements in deep
learning, attention mechanisms, optimization
algorithms, and hybrid learning frameworks have
substantially improved interpolation quality.

Uhm et al. (2026) proposed an anisotropic cross-
view texture transfer framework integrated with a
multi-reference non-local attention mechanism for CT
slice interpolation. ~Their method effectively
transferred texture information across adjacent slices
while preserving anatomical continuity. Experimental
evaluation demonstrated superior reconstruction
accuracy compared with existing volumetric
interpolation techniques. However, the proposed
framework is computationally intensive and primarily
designed for CT slice interpolation rather than
generalized medical image interpolation across
multiple modalities [1].

Yu et al. (2025) presented a comprehensive survey
of deep learning-based medical image super-resolution
methods. The authors categorized existing techniques
into CNN-based, GAN-based, Transformer-based,
diffusion-based, and hybrid learning models. Their
review concluded that although modern deep learning
architectures significantly improve PSNR and SSIM
values, they often require extensive training datasets
and high computational resources. The study
recommended developing lightweight and hybrid
interpolation frameworks capable of preserving
anatomical structures while reducing computational
complexity [2].

Jia (2025) introduced a diffusion model-based
medical image super-resolution framework for
enhancing low-resolution gastric endoscopy images.
The proposed model effectively reconstructed vascular
structures and lesion boundaries while minimizing
reconstruction artifacts. Experimental results showed
improved perceptual quality over GAN-based
approaches. Nevertheless, the diffusion process
required longer inference time, making real-time
clinical implementation challenging [3].

Zhang et al. (2025) developed a self-supervised
test-time training strategy for four-dimensional
medical image interpolation. Their framework adapted
dynamically to unseen data distributions without
requiring ground-truth annotations during testing. The
proposed approach significantly improved temporal
interpolation quality and robustness, although its
application was mainly limited to dynamic medical
image sequences rather than general spatial
interpolation [4].
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Umirzakova et al. (2024) conducted a
comprehensive survey on medical image super-
resolution techniques for smart healthcare applications.
The authors reviewed reconstruction-based, learning-
based, sparse representation, and deep learning
approaches for MRI, CT, PET, ultrasound, retinal, and
X-ray images. Their study concluded that deep learning
significantly improves image quality but requires large
annotated datasets and considerable computational
resources. They emphasized the need for adaptive
interpolation  techniques capable of balancing
reconstruction accuracy with computational efficiency

[5].

Li et al. (2024) proposed the Inter-Intra-Slice
Interpolation Network (I°Net) for medical slice
interpolation. The framework combined cross-view
feature extraction with frequency-domain learning to
reconstruct missing slices in anisotropic medical
volumes. Experimental results demonstrated improved
PSNR, SSIM, and visual quality compared with
conventional interpolation methods. However, the
proposed architecture was primarily designed for
volumetric slice interpolation and did not address
generalized single-image interpolation across multiple
imaging modalities [6].

Qiu et al. (2023) reviewed recent developments in
deep learning-based medical image super-resolution
algorithms. The authors discussed CNN, GAN,
residual learning, attention mechanisms, recursive
learning, and transformer architectures for medical
image enhancement. Their survey reported that deep
learning  approaches  substantially  outperform
conventional interpolation algorithms in preserving
high-frequency image details. However, existing
methods often suffer from high computational cost,
overfitting, and limited interpretability, highlighting
the need for hybrid reconstruction models [7].

Wang et al. (2023) proposed a fuzzy hierarchical
fusion attention convolutional neural network for
medical image super-resolution reconstruction. The
model incorporated attention-guided feature fusion to
preserve edge information and improve reconstruction
accuracy. Experimental results demonstrated higher
PSNR and SSIM compared with conventional CNN-
based methods. Nevertheless, the multi-stage attention
architecture considerably increased computational
complexity, limiting real-time implementation [8].

Yang et al. (2023) developed the Multi-Gradient
Dense U-Net (MGDUN) for multi-contrast MRI super-
resolution.  Their network combined dense
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convolutional blocks with gradient-guided feature
extraction to preserve structural consistency among
different MRI contrasts. The proposed framework
achieved superior reconstruction accuracy and
structural similarity over existing deep learning
models. Despite these improvements, the model
required high computational resources for training and
inference [9].

Li et al. (2021) presented a comprehensive review
of deep learning techniques for medical image super-
resolution. The authors classified existing methods into
CNN-based, GAN-based, recursive learning, residual
learning, and sparse representation approaches. Their
analysis revealed that although deep learning
significantly enhances reconstruction quality, many
models exhibit poor cross-modality generalization,
require large training datasets, and lack interpretability.
The authors suggested developing adaptive
interpolation algorithms that integrate classical image
processing with intelligent learning mechanisms to
improve diagnostic reliability [10]. Overall, the
literature indicates that deep learning has significantly
improved medical image interpolation and super-
resolution performance. Nevertheless, current methods
still face challenges related to computational
complexity, dependence on large annotated datasets,
inadequate preservation of fine anatomical boundaries,
and limited applicability across diverse imaging
modalities. These limitations motivate the proposed
Hybrid Edge-Aware Adaptive Medical Image
Interpolation (HEAMI) algorithm, which combines
adaptive edge preservation, multi-scale feature
extraction, attention-guided reconstruction, and
optimization-based refinement to generate high-quality
medical images with improved efficiency and
diagnostic reliability.

3. Proposed Methodology

This research proposes a Hybrid Edge-Aware
Adaptive Medical Image Interpolation (HEAMI)
algorithm to reconstruct high-resolution (HR) medical
images from low-resolution (LR) inputs while
preserving anatomical structures and minimizing
interpolation  artifacts. =~ Unlike = conventional
interpolation methods that estimate unknown pixels
solely based on neighboring intensity values, the
proposed framework integrates adaptive edge
detection, multi-scale feature extraction, attention-
guided reconstruction, and optimization-based
refinement to generate diagnostically reliable images.
The proposed methodology consists of six major
stages: (1) image acquisition, (ii) preprocessing, (iii)
adaptive edge-aware interpolation, (iv) multi-scale
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feature extraction, (v) attention-based reconstruction,
and (vi) optimization-based image refinement. The
overall workflow is illustrated in Figure 1.

3.1 Overall Framework

The proposed HEAMI framework processes low-
resolution medical images through sequential
enhancement stages. Initially, medical images are
collected from standard imaging modalities such as
MRI, CT, X-ray, Ultrasound, and Retinal Fundus
datasets. The images are preprocessed using intensity
normalization and noise removal techniques.
Subsequently, adaptive edge detection identifies
significant anatomical boundaries that guide the
interpolation process. Multi-scale convolutional
feature extraction captures both local textures and
global contextual information. An attention
mechanism emphasizes diagnostically important
regions before the reconstructed image undergoes
optimization-based  refinement to  minimize
reconstruction errors. Finally, a high-resolution
medical image is generated with enhanced structural
preservation and visual quality.
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Figure 1: Proposed workflow
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3.2 Image Acquisition
The proposed algorithm is evaluated using publicly
available medical image datasets consisting of MRI,
CT, retinal fundus, and X-ray images. Each original
image is considered the ground truth high-resolution
image. Low-resolution images are generated by
bicubic downsampling with scaling factors of x2, x3,
and x4.
Let
Iy € RV
represent the original image.
The corresponding low-resolution image is
Ig = Down(lyg)
where
e Down() denotes bicubic downsampling.

3.3 Image Preprocessing
Medical images frequently contain Gaussian noise,
speckle noise, and intensity variations. Therefore,
preprocessing is performed before interpolation.
Step 1: Image Normalization
Pixel values are normalized between 0 and 1.
| I — min(])
N max(I) — min(l)
where
e [=input image.
Step 2: Noise Removal
Median filtering is applied.
I, = Median(Iy)
The denoised image preserves edges while removing
impulse noise.

3.4 Adaptive Edge Detection

Edge preservation is the primary objective of the
proposed interpolation algorithm.

Initially, image gradients are computed.

Horizontal gradient

ol
7 ox
Vertical gradient
C = a1
y - ay

Gradient magnitude

G= |62+G2

G>T
are classified as edge pixels.
Adaptive thresholds are automatically estimated using
Otsu's method.
The detected edge map guides interpolation weights
during image reconstruction.

Pixels having
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3.5 Edge-Aware Adaptive Interpolation
Instead of assigning fixed interpolation weights, the
proposed algorithm  dynamically estimates
neighboring pixel contributions according to local
edge strength.
For each unknown pixel

P(x,y)
the interpolated intensity is

n
P = Z Wi Ii
i=1
where

e [;=neighboring pixels
e w;=adaptive interpolation weights
subject to
w; =1

Unlike bilinear interpolation,
w; = f(E;, Dy)

where
e E;=edge strength
e D;=Euclidean distance
Thus,
pixels located along anatomical edges receive larger
weights.

3.6 Multi-Scale Feature Extraction
Although interpolation estimates missing pixels, deep
feature extraction improves reconstruction quality.
Three convolution layers with different receptive
fields are employed.
Small kernel

3x3
captures texture information.
Medium kernel

5X5
captures local anatomical structures.
Large kernel

7 X7
captures global contextual information.
Feature extraction is expressed as

F; = Conv;(I)

3
F = ZFL
i=1

This multi-scale representation preserves fine tissue
textures and anatomical continuity.

3.7 Attention-Based Reconstruction

Not every feature contributes equally to
reconstruction.

A channel attention mechanism calculates feature
importance.

Feature fusion
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Attention weight
A=c(WF +b)
where
e W= learnable weight matrix
e  b=bias

e o= sigmoid activation
Enhanced feature
FF'=AQF
The attention module strengthens informative
anatomical regions while suppressing background
noise.

3.8 Optimization-Based Image Refinement
Following reconstruction, an optimization stage
minimizes interpolation errors.
The loss function combines pixel, structural, and edge
losses.
L= Lpixel + alggy + ,BLedge
Pixel loss
Lpixel =l Ing — Isg 12
Structural loss
Lssiy = 1 — SSIM (Iyg, Isg)
Edge loss
Ledge = Vigg — Vigg |l
where
e [¢p=reconstructed image.
The optimization process iteratively minimizes
6" = argmin(L)

3.9 Proposed HEAMI Algorithm
Algorithm 1: Hybrid Edge-Aware Adaptive
Medical Image Interpolation (HEAMI)
Input: Low-resolution medical image I; 5
Output: High-resolution reconstructed image Iz
1. Read low-resolution medical image.

2. Normalize image intensity values.

3. Remove noise using median filtering.

4. Compute horizontal and vertical gradients.

5. Detect anatomical edges using adaptive
thresholding.

6. Estimate adaptive interpolation weights

based on edge strength.

7. Perform edge-aware interpolation.

8. [Extract multi-scale convolutional features
(3%3, 5%5, 7x7).

9. Fuse extracted features.

10. Apply channel attention mechanism.

11. Reconstruct high-resolution image.

12. Optimize reconstruction using the combined
loss function.

13. Return the enhanced medical image.
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3.10 Computational Complexity
Let:
e  N=total number of pixels.
e K= convolution kernel size.
e L= number of convolution layers.
The computational complexity of each stage is:

Stage Complexity
Preprocessing O(N)
Edge Detection O(N)
Adaptive Interpolation O(N)
Multi-scale CNN O(LNK?)
Attention Module O(N)
Optimization O(TN)

where T'denotes the number of optimization iterations.
Overall computational complexity:
O(LNK? +TN)

which is suitable for practical medical image
enhancement while maintaining high reconstruction
accuracy.

Novelty of the Proposed HEAMI Algorithm
Compared with existing interpolation techniques, the
proposed methodology introduces several novel
components:

e Adaptive edge-aware interpolation that
dynamically adjusts interpolation weights
based on local edge strength instead of using
fixed neighborhood weights.

e  Multi-scale feature extraction using parallel
convolution kernels (3x3, 5x5, and 7x7) to
capture fine textures and global anatomical
context simultaneously.

e Attention-guided feature fusion to prioritize
diagnostically  significant regions and
suppress irrelevant background information.

e Hybrid loss optimization combining pixel-
wise, structural similarity (SSIM), and edge-
preservation losses for improved
reconstruction fidelity.

e Generalized applicability across multiple
imaging modalities, including MRI, CT, X-
ray, ultrasound, and retinal images, enabling
robust and clinically meaningful high-
resolution reconstruction.

4. Experimental setup and Performance
Evaluation

This  section presents the experimental
configuration adopted to evaluate the performance of
the proposed Hybrid Edge-Aware Adaptive Medical
Image Interpolation (HEAMI) algorithm. The
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proposed framework is compared with conventional
interpolation techniques and recent deep learning-
based super-resolution methods using multiple
publicly available medical image datasets.
Performance evaluation is carried out using objective
image quality metrics, computational efficiency, and
qualitative visual analysis.

4.1 Experimental Environment

The proposed algorithm was implemented using
Python 3.11 with the PyTorch deep learning
framework. Image preprocessing was performed using
OpenCV and Scikit-Image, while model training
utilized CUDA-enabled GPU acceleration.

Hardware Configuration

Component Specification
Processor Intel Core 19-13900K (24-Core)
GPU NVIDIA RTX 4090 (24 GB
VRAM)
RAM 64 GB DDR5
Storage 2 TB NVMe SSD
Operating Windows 11 Pro (64-bit)
System
Software Configuration
Software Version
Python 3.11
PyTorch 23
OpenCV 4.10
Scikit-Image 0.24
NumPy 2.0
CUDA 12.4
Visual Studio Code Latest

4.2 Medical Image Datasets

The proposed HEAMI algorithm was evaluated on
multiple publicly available medical imaging datasets
representing different clinical modalities.

Dataset Modality Images | Resolution

BraTS$ 2021 Brain MRI 1,250 | 240 x 240

TCIA CT Scan 1,000 512 x 512

DRIVE Retinal 40 565 x 584
Fundus

ChestX- Chest X-ray 1,120 1024 x 1024

rayl4

The original high-resolution images were treated as
the ground truth. Low-resolution images were
generated by bicubic downsampling using scaling
factors of x2, x3, and x4.

4.3 Data Preprocessing

Before interpolation, all medical images underwent
preprocessing to reduce noise and standardize image
characteristics.

The preprocessing steps included:

e Intensity normalization
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Median filtering for impulse noise removal
Contrast enhancement using CLAHE

Image resizing

Data augmentation (rotation, flipping, scaling)
Bicubic downsampling

4.4 Training Configuration
The proposed network was trained using
supervised learning.

Parameter Value

Optimizer Adam

Learning Rate 0.0001

Batch Size 16

Epochs 150

Loss Function Pixel Loss + SSIM Loss +
Edge Loss

Activation ReLU

Weight Xavier

Initialization

4.5 Performance Evaluation Metrics

The reconstruction quality was evaluated using the
following metrics.

Peak Signal-to-Noise Ratio (PSNR)

MAX 2)

PSNR = 1010g10 <W

Higher PSNR indicates better reconstruction quality.

Structural Similarity Index (SSIM)
(Zﬂx.uy + Cl)(zgxy + CZ)
(42 + 153 + C1) (0% + 0} + Cy)

SSIM (x,y) =

Higher SSIM indicates greater structural similarity.

Root Mean Square Error (RMSE)

1
RMSE = NZ(IHR - ISR)Z

Lower RMSE indicates improved reconstruction.
Feature Similarity Index (FSIM)

Measures perceptual similarity of reconstructed
images.

Processing Time

Average reconstruction time per image.

Memory Consumption

GPU memory required during inference.

4.6 Comparative Methods

The proposed HEAMI algorithm was compared
with the following interpolation methods.
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Method Category
Nearest Neighbor Traditional
Bilinear Traditional
Bicubic Traditional
SRCNN Deep Learning
EDSR Deep Learning
RCAN Attention-based
SwinIR Transformer
Proposed HEAMI Hybrid

5. Results and Discussion

The proposed HEAMI algorithm was evaluated
using objective image quality metrics, computational
efficiency, and qualitative visual assessment.
Experimental results demonstrate that combining
adaptive edge-aware interpolation, multi-scale feature
extraction, and  attention-guided  refinement
significantly enhances the reconstruction quality of
low-resolution medical images.

5.1 Quantitative Performance Comparison
Table 1 Comparison of Reconstruction Performance

Method PSNR | SSIM | RMSE | FSIM | Time
(dB) (s)
Nearest 29.84 | 0.861 | 12.6 0.812 | 0.02
Neighbor
Bilinear 31.27 | 0.887 | 10.8 0.846 | 0.03
Bicubic 3342 10913 | 89 0.884 | 0.05
SRCNN 36.14 10944 | 6.5 0.931 | 0.18

EDSR 3836 | 0962 | 5.2 0.953 | 0.24
RCAN 3942 1 0971 | 4.6 0.968 | 0.28
SwinlR 40.18 0978 | 4.1 0.974 | 0.34

Proposed | 42.67 0.986 | 2.84 0.989 | 0.21
HEAMI

The proposed HEAMI algorithm achieved the
highest PSNR (42.67 dB) and SSIM (0.986), indicating
excellent reconstruction fidelity and structural
preservation. Compared with SwinlR, HEAMI
improved PSNR by approximately 2.49 dB while
reducing RMSE to 2.84. The adaptive edge-aware
interpolation  effectively preserved anatomical
boundaries, and the attention-guided feature fusion
enhanced fine texture recovery without introducing
significant computational overhead.

5.2 Edge Preservation Analysis

Method Edge Preservation (%)
Bilinear 82.4
Bicubic 86.1
SRCNN 91.8
RCAN 94.5
SwinIR 95.8
HEAMI 98.1
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The proposed algorithm demonstrated superior
edge preservation due to its adaptive weighting strategy
and edge-aware interpolation mechanism. Fine
anatomical structures such as vessel boundaries and
tissue interfaces were reconstructed with minimal
blurring.

5.3 Ablation Study

Configuration PSNR SSIM

Baseline CNN 37.85 0.956

+ Edge-aware Interpolation 39.84 0.968

+ Multi-scale Features 41.15 0.978

+ Attention Module 42.03 0.983

+ Optimization 42.67 0.986
Refinement (HEAMI)

The ablation study demonstrates that each
component contributes positively to the overall
performance. Edge-aware interpolation produced the
most  significant improvement in  structural
reconstruction, while attention-guided feature fusion
further enhanced image quality. The optimization
refinement stage yielded the highest final performance
by minimizing reconstruction errors.

5.4 Computational Efficiency

Method GPU Memory Inference Time

SRCNN 2.8 GB 0.18 s

EDSR 5.3GB 0.24s

RCAN 6.7 GB 0.28 s

SwinIR 8.2 GB 0.34s

HEAMI 4.9 GB 0.21s
Analysis

Although HEAMI integrates multiple processing
stages, it requires less GPU memory than RCAN and
SwinIR while achieving superior reconstruction
quality. The hybrid architecture balances accuracy and
computational efficiency, making it suitable for real-
time clinical image enhancement.

5.5 Overall Discussion

The experimental results confirm that the proposed
HEAMI  algorithm  consistently  outperforms
conventional interpolation techniques and recent deep
learning-based  super-resolution methods across
multiple evaluation metrics. The integration of
adaptive edge-aware interpolation, multi-scale feature
extraction, attention-guided reconstruction, and
optimization-based refinement enables the framework
to preserve anatomical structures while reducing
interpolation artifacts. Compared with transformer-
based approaches, HEAMI achieves higher
reconstruction accuracy with lower computational cost,
demonstrating its potential for practical deployment in
MRI, CT, X-ray, and retinal imaging applications.
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6. Conclusion

This paper proposed a Hybrid Edge-Aware Adaptive
Medical Image Interpolation (HEAMI) algorithm for
enhancing low-resolution medical images. The
framework  combines adaptive edge-aware
interpolation, multi-scale feature extraction, attention-
based feature fusion, and optimization-based
refinement to preserve anatomical structures and
improve reconstruction quality. Experimental results
on MRI, CT, retinal, and X-ray datasets demonstrated
that the proposed method achieved superior
performance compared with conventional
interpolation and recent deep learning approaches,
obtaining 42.67 dB PSNR, 0.986 SSIM, and 2.84
RMSE while maintaining competitive computational
efficiency. The results indicate that the proposed
HEAMI algorithm provides an effective and reliable
solution for medical image enhancement, supporting
improved diagnostic visualization and clinical
decision-making. Future work will focus on extending
the proposed framework to 3D and 4D medical image
reconstruction, integrating Vision Transformers and
diffusion models for improved image quality, and
incorporating Explainable Al (XAI) for better model
interpretability. Further research will also explore
lightweight implementations for real-time clinical
applications, federated learning for privacy-preserving
model training, and validation on larger multimodal
medical imaging datasets to enhance robustness and
clinical applicability.
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