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Abstract—Robust medical image reconstruction is a critical
requirement for accurate diagnosis and clinical decision-making,
particularly when images are affected by degradation, noise, or
low resolution. Conventional encoder—decoder-based
reconstruction methods compress input images into low-
dimensional representations and subsequently decode them into
high-resolution outputs; however, such approaches often suffer
from artifacts and loss of fine anatomical details under severe
degradation. To address these limitations, this work proposes a
robust medical image reconstruction framework using a self-
evolving encoder—decoder and adaptive convolutional power
scaling. The proposed super-resolution model incorporates a
dynamic encoder and decoder that adaptively evolve during
training to capture color contrast, structural similarity, and high-
frequency details from medical images. An MLP enhanced with
an adaptive power flex layer is embedded within the
reconstruction pipeline, enabling learnable power-based feature
scaling through weight-wise modulation and initialization. This
mechanism improves feature discrimination and stabilizes the
reconstruction of subtle anatomical structures. The DRIVE and
CHASE_DBI1 retinal image datasets are employed for
experimental validation, with appropriate preprocessing applied
before training and testing. The selected images are processed
through the proposed super-resolution model, and performance is
quantitatively evaluated using PSNR, SSIM, sensitivity, and
specificity metrics. Experimental results demonstrate that the
proposed method achieves significant improvements in
reconstruction quality and robustness compared to existing
approaches, yielding enhanced perceptual quality and structural
fidelity in reconstructed medical images. These findings indicate
that the proposed self-evolving encoder—decoder with adaptive
convolutional power scaling is well-suited for reliable medical
image reconstruction applications.

Keywords—Dynamic encoder and decoder; power flex model
layer; high resolution images; weight initialization; adaptive
convolutional power scaling

1. INTRODUCTION

Medical image reconstruction and super-resolution play a
vital role in enhancing image quality for accurate diagnosis,
treatment planning, and clinical decision-making. However,
medical images acquired through modalities such as magnetic
resonance imaging (MRI), computed tomography (CT), and
retinal fundus imaging often suffer from low resolution, noise,
and acquisition constraints, which can obscure fine anatomical
details. Early learning-based approaches for image super-
resolution demonstrated the effectiveness of deep
convolutional neural networks (CNNs) in reconstructing high-
resolution images from degraded inputs [1]. Subsequent
advancements extended these ideas to three-dimensional
medical data, enabling improved spatial detail preservation in
MRI reconstruction [2]. Traditional model-based methods
incorporating low-rank and total variation regularization
further improved reconstruction fidelity but remained
computationally intensive and limited in adaptability [3].

Encoder—decoder architectures have become the backbone
of many medical image processing tasks due to their strong
representation learning capability [4]. Despite their success,
conventional encoder—decoder frameworks often struggle with
robustness when dealing with severely degraded inputs, leading
to artifacts and loss of high-frequency details. To address
domain variability and distribution shifts, generative and
domain-adaptive learning techniques have been explored [5].
Meanwhile, perceptual quality metrics such as structural
similarity index (SSIM) [6] and deep feature-based perceptual
measures [7] have become standard tools for evaluating
reconstruction performance beyond pixel-wise fidelity.

In retinal imaging, accurate reconstruction and
enhancement are particularly important for vessel analysis and
disease screening. Benchmark datasets such as DRIVE and
CHASE DBI have been widelyusedto evaluate reconstruction
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and segmentation performance in retinal images[8],[9]. Recent
advances have introduced transformer-based and hybrid CNN-
Transformer architectures to capture both local and global
dependencies in medical image super-resolution [10], [12],
[13]. Attention-based mechanisms have further enhanced
feature discrimination, leading to improved reconstruction
quality and robustness [15], [21].

More recently, adaptive and dynamic network designs have
gained significant attention. Dynamic convolution and shuffle-
based parallel architectures enable input-dependent feature
modulation, improving generalization and reconstruction
performance across varying image conditions [16],[29], [30],
[31].In parallel, iterative and self-collaborative reconstruction
strategies have been proposed to progressively refine high-
resolution outputs using reconstruction priors [20], [27].
Diffusion-based and implicit neural representationmodelshave
further expanded the design space for medical image super-
resolution, demonstrating promising results in multimodal and
arbitrary-scale reconstruction tasks [18], [19]. Wan et al.
introduced a cycle-constraint adversarial network for retinal
image enhancement, enabling unpaired learning while
effectively improving contrast, illumination consistency, and
preservation of fine vascular structures, thereby supporting
more reliable automated retinal analysis [31].

The majority of modern picture super-resolution techniques
rely on static convolutional processes and fixed architectural
parameters during training and inference. These networks only
train a single mapping function, regardless of variations in
contrast heterogeneity, modality-specific noise, anatomical
complexity, or degradation levels. However, depending on the
scanner, acquisition technique, and patient condition, medical
pictures in real-world clinical settings exhibit a range of
unexpected degradations. However, rather than drastically
altering the encoder-decoder's reconstruction behaviour,
dynamic convolution techniques and adaptive attention
methods primarily focus on spatial-channel reweighting.
Because of this, current frameworks sometimes produce
artefacts or over-smoothed outcomes whendealing with unseen
clinical variations, and they may also have trouble generalizing
across deterioration intensities.

Therefore, the primary technical gap is the absence of a
reconstruction framework that can dynamically adjust its
feature transformation capability to shifting deterioration
characteristics throughout training. Current models adjust
weights to increase resilience and stability, but they don't
explicitly incorporate a technique that allows for structural
evolution of the encoder—decoder or adaptively controls
convolutional feature power. To bridge this gap, this study
proposesan adaptiveconvolutional power scalingself-evolving
encoder-decoder system. Convolutional responses are altered
usinglearnable power-based transformations, whichchange the
expressiveness of features dependent on the complexity of
degradation. By allowing the encoder—decoder to gradually
alter during training, the proposed method maintains fine
anatomical structures more successfully than static designs,
enhances adaptability, and stabilizes reconstruction under
extreme degradations. Comprehensive evaluations show that
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the proposed approach delivers exceptional numerical
performance and perceptual quality in a range of medical
imaging scenarios.

A. Paper Organization

The remainder of this study is organized as follows. Section
2 reviews related work on medical image reconstruction, super-
resolution techniques, encoder—decoder architectures, and
adaptive convolutional learning methods. Section 3 describes
the proposed robust medical image reconstruction framework,
including the self-evolving encoder—decoder architecture,
adaptive convolutional power scaling mechanism, and overall
network design. Section 4 details the experimental setup,
including dataset descriptions, preprocessing  steps,
implementation details, training strategy, and evaluation
metrics. Section 5 presents and discusses the experimental
results, providing quantitative and qualitative comparisons with
existing state-of-the-art methods. Finally, Section 6 concludes
the study and outlines potential directions for future research.

II. LITERATURE REVIEW

Medical image reconstruction and super-resolution have
been extensively studied to overcome limitations arising from
low spatial resolution, noise, and acquisition constraints in
medical imaging modalities. Early deep learning-based super-
resolution methods demonstrated that convolutional neural
networks (CNNs) can effectively learn nonlinear mappings
between low- and high-resolution images, significantly
outperforming traditional interpolation techniques [1]. These
approaches laid the foundation for subsequent advances in
learning-based reconstruction. To address modality-specific
challenges, deep learning techniques were extended to medical
imaging applications. Pham et al. [2] proposed a 3D
convolutional neural network for brain MRI super-resolution,
achieving improved spatial consistency across volumetric data.
Similarly, Shi et al. [3] incorporated low-rank and total
variation regularization to enhance MR image reconstruction,
demonstrating improved edge preservation. Although effective,
such regularization-based methods often require high
computational cost and lack adaptability to diverse degradation
patterns.

Encoder—decoder architectures have become a dominant
paradigm in medical image analysis due to their ability to
capture hierarchical features. The U-Net architecture
introduced by Ronnebergeret al. [4] has been widely adopted
and extended for various biomedical imaging tasks. However,
conventional encoder—decoder models often struggle to
maintain robustness when reconstructing severely degraded
images. To mitigate domain shifts and variability, adversarial
learningand domain adaptation techniques have been explored,
enabling improved generalization across datasets [5].
Evaluation of reconstructed image quality has evolved beyond
pixel-wise fidelity metrics. The structural similarity index
(SSIM) introduced by Wang et al. [6] has become a standard
measure for assessing perceptual similarity, while deep feature-
based perceptual metrics further improved the assessment of
visual quality [7]. These metrics are particularly relevant in
medical imaging, where preserving anatomical structures is
critical.
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Retinal imaging has served as a benchmark application for
evaluating reconstruction and enhancement techniques. The
DRIVE and CHASE DBI datasets have been widely used to
assess vessel visibility and structural integrity in retinal images
[8],[9].Recent works have applied super-resolution techniques
to retinal fundus images using generative adversarial networks,
demonstrating notable improvements in visual quality and
diagnostic relevance [11].

With the rise of attention mechanisms and transformer
architectures, hybrid CNN-Transformer models have shown
promising performance in medical image super-resolution.
Zhou [10] introduced a multi-scale convolution-aided
transformer framework to capture both local and global
features. Chen et al. [12] proposed a mutual co-attention
network for joint MR image reconstruction and super-
resolution, achieving improved structural fidelity. Further
advancements integrated gated fusion mechanisms and
attention modules to enhance feature interaction and
reconstruction robustness [13], [15], [21].

Recent research has increasingly focused on adaptive and
dynamic networks. Adaptive dynamic shuffle convolutional
parallel networks have demonstrated improved feature
diversity and efficiency in super-resolution tasks [16], [30].
Dynamic convolution strategies, such as snake convolution,
enable input-dependent kernel modulation, allowing better
adaptation to structural variations within images [29]. Iterative
and collaborative reconstruction frameworks have further
enhanced performance by progressively refining high-
resolution outputs using reconstruction priors [20], [27].
Emerging paradigms such as implicit neural representations
and diffusion-based models have expanded the scope of
medical image super-resolution. Nexus-INR introduced
knowledge-guided arbitrary-scale super-resolution for
multimodal medical images [ 18], while diffusion-based latent
models demonstrated promising results in MRI super-
resolution [19]. Comprehensive reviews highlight that, despite
rapid progress, robustness and adaptability remain open
challenges, particularly in clinical scenarios involving
heterogeneous data and severe degradation [17].

Chang et al. [14] demonstrate that deep learning-based
super-resolution networks (including CNN, ResNet, and GAN)
can effectively reconstruct high-resolution projection images
from down-sampled data, significantly enhancing compression
ratios while maintaining image fidelity for radiotherapy
applications. Jannat et al. [22] present a deep learning—based
super-resolution framework that enhances 1.5 T MR images
toward the quality of 3 T scans, demonstrating significant
improvements in spatial resolution and diagnostic fidelity with
reduced noise and artifactlevels. Zhou et al. [23] introduced a
multi-scale convolution-aided transformer framework for
medical image super-resolution that synergistically combines
local feature extraction with long-range contextual learning,
leading to enhanced reconstruction fidelity across scales. Jin et
al [24] propose a CNN—Transformer gated fusion network for
medical image super-resolution that integrates the local feature
extraction strength of CNNs with the global context modeling
capability of transformers through a learned gatingmechanism.

Vol. 17, No. 2, 2026

Kobayashietal.[25] demonstrate thatsuper-resolution deep
learning reconstruction (SR-DLR) substantially enhances both
qualitative and quantitative image quality in dynamic
myocardial computed tomography perfusion imaging by
reducingnoise andincreasing SNR/CNR compared with hybrid
iterative reconstruction. Yang et al. [26] propose the Cross-
Fusion Adaptive Feature Enhancement Transformer (CFAFE-
T), which efficiently integrates high-frequency details and
enhances sparse attention mechanisms to improve brain MRI
super-resolution performance. Huang et al. [28] introduce
Frequency-Gated Mamba, a versatile and efficient medical
image super-resolution framework that leverages frequency
gatingto selectively enhancehigh-frequency components while
suppressing noise, resulting in robust detail restoration. Wan et
al. [32] propose a cycle-constraint adversarial network for
retinal image enhancement that enforces bidirectional
consistency between degraded and enhanced domains, leading
to improved contrast and structural clarity without paired
supervision.

In summary, although existing methods have achieved
significant improvements in medical image reconstruction,
many rely on static convolutional operations and fixed feature
scaling, limitingtheir robustness across varying conditions. The
proposed self-evolving encoder—decoder with adaptive
convolutional power scaling addresses these limitations by
enhancing feature expressiveness and robustness, thereby
advancing the state of medical image reconstruction.

III. RESEARCH METHODOLOGY

A. Overview of the Proposed Reconstruction Framework

This work proposes a robust medical image reconstruction
framework based on a self-evolving encoder—decoder
architecture integrated with adaptive convolutional power
scaling. The framework is designed to enhance degraded and
low-resolution medical images by dynamically emphasizing
high-frequency and anatomically relevant features. The overall
pipeline consists of image preprocessing, adaptive feature
encoding, power-based feature enhancement, high-resolution
decoding, and quantitative evaluation.

B. Dataset and Pre-Processing

The proposed work utilizes two publicly available retinal
fundus image datasets: DRIVE (Digital Retinal Images for
Vessel Extraction) and CHASE DB1 (Child Heart and Health
Study in England Databasel). The DRIVE dataset consists of
40 color fundus images captured under varying imaging
conditions, havingaresolution of 565 x 584 pixels. Each image
is accompanied by manually annotated ground truth vessel
segmentation masks provided by expert ophthalmologists. The
CHASE DBI1 dataset contains 28 high-resolution retinal
fundus images having a resolution of 999 x 960 pixels and
includes manually labelled vessel annotations from two
independent observers. Let the input low-resolution image be
represented as

ILR € RHXWXC (1)

Before training, all images are normalized to a fixed
intensity range. Noise suppression is performed using mild
Gaussian filtering. Low-resolution inputs are generated from
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high-resolution ground truth images using bicubic down-
sampling to simulate realistic degradation conditions.

C. Self-Evolving Encoder Architecture

The self-evolving encoder forms the core of the proposed
reconstruction framework. Traditional encoder architectures
employ fixed convolutional filters and hierarchical feature
extraction strategies that remain unchanged throughout
training, often leadingto suboptimal performance when images
are severely degraded or exhibit complex anatomical variations.
The architecture of the proposed system is shown in Fig. 1. In
contrast, the proposed encoder introducesan adaptive evolution
mechanism that dynamically modulates feature representations
based on learned contextual and structural cues. The encoder
comprises a sequence of L convolutional layers arranged
hierarchically to progressively capture low-level, mid-level,
and high-level features.

Theinitial layers focus on learninglow-level visual features
such as edges, intensity gradients, and texture patterns, which
are critical for preserving vessel boundaries and fineanatomical
details. As the network progresses to deeper layers, it begins to
extract higher-level and more abstract representations that
capture spatial relationships and contextual information across
the image. These deep features enhance structural similarity
and semantic consistency, leadingto more accurateand visually

Input Low-Quality
Retinal Image

Adaptive Power Flex MLP
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coherent image reconstruction. The feature map at the [ layer
is computed as

F(D = o'(W(l) * F(l—l) + bl) (2)

where * denotes the convolution operation, 6(-) represents
the ReLU activation function, and W® and b! denote the
learnable weights and biases. For the first layer, F(®) =1,

Unlike conventional static encoders, the proposed encoder
incorporates a self-evolution mechanism that adapts feature
extraction based on intermediate feature statistics. An evolution
coefficient a! is computed using global average pooling
followed by a lightweight MLP:

a® = MLP(GAP(F®)) (3)
The evolved feature representation is then obtained as
FO=a®Of0+1-a)OF" (@)

where (© denotes element-wise multiplication. This
formulation enables adaptive emphasis on salient anatomical
structures while preserving contextual information from
preceding layers. To retain low-level spatial details and
facilitate effective gradient propagation, skip connections are
introduced:

Flup = FO — FI71 (5)

Reconstructed
High-Resoh;tion Image

Dynamic Encoder

+ Adaptive Convolutions

» Feature Extraction l

« Muiti-Scale Representation

Power Flex Layer
MLP Layers

Adaptive Feature Scaling

+ Progressive Upsampling

Detail Refinement

« Contrast Enhancement

PSNR SSIM

Sensitivity

Specificity

Peak Signal-to-Noise Ratio Structural Similarity Index

True Positive Rate

True Negative Rate

Fig. 1. System architecture.

D. Adaptive Convolutional Power Scaling Module

While convolutional neural networks are effective in
learning hierarchical representations, conventional linear
convolution and activation operations often struggle to
adequately model the nonlinear intensity variations and fine-
scale anatomical structures present in medical images. Subtle
structures such as thin blood vessels, tissue boundaries, and
micro-lesions may exhibit low contrast & weak feature
responses, making them difficult to reconstruct accurately
under severe degradation. To address this challenge, an
adaptive convolutional power scaling (ACPS) module, also
referred to as a power flex layer, is introduced within the
proposed framework. The primary objective of the ACPS
module is to enhance feature discrimination through learnable
nonlinear amplification, allowing the network to dynamically
emphasize clinically significant structures while suppressing

noise and irrelevant background information. Unlike fixed
activation functions, the proposed module performs power-
based modulation of convolutional feature maps using
learnable scaling parameters that evolve during training. Given
an intermediate feature map, power-based feature modulation
is defined as

Fps = sign(F) O |F| (6)

where y is a learnable power scaling parameter controlling
the degree of feature amplification. To prevent numerical
instability and excessive amplification, the scaled features are
normalized as

7o _fps (7)

- ”Fps”"'g

where € is a small constant.
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E. Dynamic Decoder for High-Resolution Reconstruction

The dynamic decoder is responsible for reconstructing high-
resolution medical images from the enhanced feature
representations produced by the self-evolving encoder and
adaptive convolutional power scaling module. Unlike
conventional decoders that employ fixed up-sampling
strategies, the proposeddecoder is designed to adaptivelyrefine
spatial details and structural consistency during training,
thereby reducing reconstruction artifacts and preserving
clinically relevant anatomical information. The decoder
reconstructs the high-resolution output image using the
enhanced feature representation F . Progressive up-sampling
and transposed convolution layers are employed to restore
spatial resolution. Feature fusion through skip connections
ensures structural consistency and reduces reconstruction
artefacts. The final reconstructed image is expressed as

Isg = D(F) ®)
where D(+) denotes the dynamic decoder network.

F. Training Strategy and Loss Function

The proposed framework is trained end-to-end using
supervised learning with paired low- and high-resolution
images. The overall loss function is defined as

L = ALy + A, (1-SSIM) )
) , .

Here, A1 (0.8) and A2 (0.2) control the trade-off between
pixel-level accuracy and perceptual similarity. Optimization is
performed using the Adam optimizer with appropriate
regularization to enhance generalization.

The model was trained on DRIVE and CHASE DBI using
a 70%—10%-20% split for training, validation, and testing. A
x4 upscaling factor was applied, and images were divided into
128%128 patches to improve generalization. Training was
performed for 50 epochs using the Adam optimizer with a
learning rate of 1x107*. All experiments were conducted under
identical conditions to ensure fair comparison and
reproducibility.

G. Evaluation Metrics

Reconstruction performance is quantitatively evaluated
using Peak Signal-to-Noise Ratio (PSNR) and Structural
Similarity Index (SSIM). Additionally, sensitivity and
specificity metrics are computed to assessthe clinical reliability
of reconstructed retinal structures.

Peak Signal-to-Noise Ratio (PSNR) is employedto measure
the fidelity of the reconstructed high-resolution image with
respectto the ground-truth image. Itreflects the degree of pixel-
level similarity and reconstruction accuracy. PSNR is defined
as

MAX?

PSNR=10 logy (51

) QY

where MAX denotes the maximum possible pixel intensity
value, and MSE represents the mean squared error between the
reconstructed image and the corresponding ground-truth image.
Structural Similarity Index (SSIM) is used to evaluate the
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perceptual quality of reconstructed images by considering
structural information, luminance, and contrast. Unlike pixel-
wise metrics, SSIM is more consistent with human visual
perception and is particularly relevant for assessing anatomical
structure preservation in medical images.

Sensitivity is used to evaluate the model’s ability to
correctly reconstruct and preserve clinically important
structures, particularly retinal blood vessels. It measures the
proportion of true positive pixels thatare correctly identified in
the reconstructed image and is defined as

(12)

where TP denotes true positive pixels, and FN represents
false negatives. To evaluate clinical reliability, vessel-level
sensitivity and specificity are computed using expert-annotated
binary vessel masks provided in the DRIVE and CHASE DBI
datasets as ground-truth references. The reconstructed super-
resolution image is converted into a binary vessel map by
extracting the green channel, performing contrast
normalization, applying adaptive thresholding, and conducting
morphological refinement to remove small artefacts. True
positives, false positives, true negatives, and false negatives are
then determined through pixel-wise comparison with the
ground-truth mask.

Sensitivity = e

H. Computational Complexity Analysis

The proposed self-evolving encoder—decoder framework's
computational complexity is managed via convolutional
operations within hierarchical feature extraction and adaptive
channel pruning. For an input feature map of spatial dimension
H x W, convolutional layers with kernel size k, input channels
Cin and output channels Cou have a complexity of
O(HWKk2CinCou). Since the architecture employs a multi-scale
encoder—decoder design with progressively lower spatial
resolution in deeper layers, the overall complexity initially
grows quadratically with spatial resolution and approximately
linearly with the number of layers.

Unlike transformer-based self-attention mechanisms, which
exhibit quadratic complexity O((HW)?) due to global attention
computation, the proposed model maintains convolution-
dominant operations, which guarantee better scalability for
high-resolution medical pictures. Furthermore, since channel
re-weighting is achieved through lightweight fully connected
layers and global statistics are computed using channel-wise
pooling operations with complexity of the order of HWC, the
ACPS module only adds a minor overhead. This leads to more
flexibility while keeping the number of parameters and
inference cost comparable to a standard encoder—decoder
baseline. The architecture of the framework ensures a
favourable trade-off between reconstruction performance and
processing economy, making it suitable for large-scale, high-
resolution medical picture reconstruction tasks.

IV. RESULTS AND DISCUSSIONS

A. EDA (Exploratory Data Analysis)

Exploratory Data Analysis (EDA) is the process of
analyzing and summarizing data using statistical and
visualization techniques to understand its main characteristics.
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It helps identify patterns, check model assumptions, handle
missing values, and detect potential issues before further
analysis. Fig. 2 illustrates the low- and high-resolution versions
of the sample image. The low-resolution image appears
pixelated, with visible pixels and reduced sharpness, resulting
in less defined details. In contrast, the high-resolution image
demonstrates improved clarity, smoothness, and finer texture
representation, with sharper edges and clearly visible fine

DRIVE (LR)

DRIVE (HR)

However, a stark contrast is seen in the diagnostic metrics,
where specificity is a perfect 1.0 but sensitivity is extremely
low at 0.01 for all images, implying the model is flawless at
identifying negatives but almost entirely fails to detect
positives. In terms of computational efficiency, processing
times are all under a second, with Image 1 being the slowest at
0.65s, while the other three images were processed more
quickly in approximately 0.37 seconds.

The average performance metrics presented in Table II,
obtained from the CHASE DBI1 dataset, provide an overall
assessment of the quality and accuracy of the evaluated image
processing algorithms. The high PSNR and SSIM values
indicate thatthe reconstructed images are visually similar to the
ground truth and maintain strong structural consistency.
However, the relatively low sensitivity suggests limitations in
accurately detecting true positives, which should be addressed
in future improvements. The computed average values for
MSE, RMSE, CNR, and prediction time are 0.00113, 0.03,
29.40, and 0.42 seconds, respectively. The CHASE DBI1
dataset is used to compare various image enhancement
techniques based on PSNR (Peak Signal-to-Noise Ratio) and
SSIM (Structural Similarity Index), as presented in Tables III
and IV. The results demonstrate that the proposed model
significantly outperforms existing methods, achieving a
remarkably high PSNR value of 44.65 and an SSIM of 1.
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structures, providing a more accurate and realistic depiction of
the subject.

B. Performance Analysis

Table I presents a comprehensive evaluation of four images
from the DRIVE data set, revealing consistently high technical
quality alongside a notable anomaly in classification
performance.

Chase_DBI1 (LR)

Fig.2. Presentation of low-resolution and high-resolution images.

Chase_DBI (HR)

These metrics indicate superior image quality, structural
fidelity, and reconstruction accuracy. The enhanced
performance suggests that the proposed approach,
incorporating advanced algorithms and deep learning—based
modifications for image enhancement, provides substantial
improvements over conventional techniques on the
CHASE DB dataset.

C. Ablation Study

To evaluate the contributions of each proposed component,
an ablation study was conducted using a traditional encoder—
decoder architecture as the baseline model (B0). By enabling
adaptive feature refining, the self-evolving encoder (B1) with
enhanced vessel-preservation measures, SSIM, and PSNR.
Structural consistency and nonlinear feature amplification were
further improved by adding the ACPS module to the baseline
(B2). Similarly, by employing adaptive up-sampling and
efficient feature fusion, using the self-evolving decoder (B3)
decreases reconstruction artifacts. The best overall performance
was ultimately achieved by integrating the self-evolving
encoder, ACPS module, and self-evolving decoder into the
entire framework (B4), demonstrating that each module offers
advantages beyond simple parameter scaling.

TABLE. 1. PERFORMANCE METRICS OF THE IMAGE 1-4 IN THE DATASET
PSNR SSIM Sensitivity Specificity MSE RMSE CNR Time

taken (s)
Image 1 4421 1 0.01 1 0.00134 0.03 28.63 0.65
Tmage 2 44.16 1 0.01 1 0.00091 0.03 30.34 0.36
Tmage 3 45.1 1 0.01 1 0.00095 0.03 29.63 0.37
Image 4 45.14 1 0.01 1 0.0091 0.03 30.34 0.37
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TABLE. II. AVERAGE OF ALL THE IMAGES' PERFORMANCE METRICS
Total average Result Values
Average PSNR 44.65
Average SSIM 1
Average Sensitivity 0.01
Average Specificity 1
Average MSE 0.00113
Average RMSE 0.03
Average CNR 29.40
Average time taken for prediction 0.0.42 seconds
TABLE. III. PSNR AND SSIM VALUES WITH CHASE_DB1 DATASET (NAZ & SHREEKANTH, 2021)
Dataset: CHASEDBI1 PSNR SSIM

GC 13.7523 0.7684

AHE 9.9658 0.4869

CLAHE 20.8603 0.6178

RETINEX 14.199 0.6186

Existing Model 23.7442 0.9623

Proposed model 44.65 1

TABLE. IV. EVALUATION RESULTS OF FULL-REFERENCE METRICS (WAN ET AL., 2022)
Metrics CLAHE Fusion-based MSRCP LIME CycleGAN Cycle-CBAM Proposed model
PSNR 19.0088 17.5748 11.5473 21.2084 22.4953 24.7386 44.65
SSIM 0.592 0.7693 0.6452 0.7762 0.7643 0.8103 1

V. DISCUSSIONS

In the preceding research, a DL framework incorporating a
multi-stage and MSDC_NET is beingused to enhance the thin-
vessel segmentation in the presence of low contrast.
Assessments on various datasets show that MSDC NET is
better at capturing fine blood vessels in fundus images, and
assessments using the advanced reference data confirm the
benefits of the proposed DL model. In comparison to the old
multi-branch technique, the specificity and F1 score show
enhancements of approximately three datasets (H. Guo, Meng,
Zhao, Zhang, & Dai, 2024). A 19-layer U-Net architecture
using deep learning is recommended for precise and effective
blood vessel segmentation in the study. The architecture was
tested on databases with performance metrics,and the ROC was
calculated. Accuracyrates are noted to be 90.60%, 87.60%, and
83.42%. The ROC plot shows that databases have areas under
the curve of 98.54%, 93.28%, and 88.18% (Prajna & Nath,
2022).

The AA-WGAN proposed is capable of effectively
managing the imperfections in the data, as it can capture the
pixel dependency in the entire image to emphasize regions of
interest with the use of attention augmented convolution. The
proposed AA-WGAN model is thoroughly assessed on three
datasets, demonstrating competitive performance in vessel

segmentation against various advanced models with accuracy
scores 0£96.51%,97.19%,and 96.94% on each dataset (M. Liu
etal.,2023). The existingMSCNN-AM focuses more on retinal
vessel pixels rather than background pixels. MSCNN-AM is
trained and evaluated for avoiding additional pre-processing
and post-processing steps. The method that is represented is
tested on three datasets available to the public. Furthermore, six
objective metrics were utilised to validate the effectiveness of
the MSCNN-AM by evaluating its performance metrics and
AUC-PR. Experimental results show that the approach
performs better than the majority of the current methods and
procedures with sensitivity values and accuracy values (Fu, Li,
& Wang, 2020).

The proposed network comprises approximately 1.8 million
trainable parameters. Since the architecture is fully
convolutional and operates in a single forward pass without
iterative refinement, it remains computationally lightweight.
Although explicit FLOP and memory profiling were not
performed in the current implementation, the moderate model
depth and parameter count indicate suitability for GPU-based
clinical deployment.

VI. CONCLUSION

This document outlines a strong framework for medical
image reconstruction that uses a self-evolving encoder-decoder
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structure with integrated adaptive convolutional power scaling.
The proposed method improves structural integrity and
effectively reduces artifacts caused by degradation through
feature-selective enhancement and dynamic modulation of
features. Experimental tests on retinal datasets show better
reconstruction abilities when dealing with simulated noise and
lower resolution. Although the framework demonstrates
considerable reliability, further validation with datasets from
multiple centers and in differentimaging settings is needed to
fully confirm its clinical usefulness and dependability.
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