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Abstract

Magnetic Resonance Imaging (MRI) is commonly applied to clinical diagnos-
tics owing to its high soft-tissue contrast and lack of invasiveness. However,
its sensitivity to noise, attributable to hardware limitations, patient motion,
and acquisition parameters, remains a long-term source of concern that nor-
mally leads to impaired diagnostic accuracy. Traditional denoising filters such
as Gaussian, Wavelet, Anisotropic Diffusion, and Non-Local Means (NLM)
have previously been employed to reduce these issues, but at the cost of typi-
cally sacrificing noise removal against structural detail. More recent advances
in deep learning, in particular Convolutional Neural Networks (CNNs), have
indicated excellent promise in overcoming these limitations in being capable
of learning data-driven, highly robust feature representations. This study pro-
poses and compares an extensive denoising pipeline that unites CNNs with
both classical and hybrid filters to improve the quality of MRI images. The
pipeline encompasses not only independent classical filters but also new hy-
brid pipelines like NLM-Gaussian Fusion, NLM-Gaussian Sequential, and
Wavelet-Anisotropic Diffusion (WAD), all enriched with deep CNNs. Exper-
iments were performed using a publicly shared MRI dataset of 5141 training
images and 1279 test images. Performance was gauged using Peak Signal-to-
Noise Ratio (PSNR), Structural Similarity Index (SSIM), and Mean Squared
Error (MSE). Results show that while the Wavelet filter performed best as a
standalone denoising filter, when CNNs were integrated with hybrid filters,
there were monumental improvements in all metrics tried, with the pipeline
of NLM-Gaussian Fusion + CNN achieving a PSNR of 30.4 and SSIM of 0.65.
Moreover, visualizations such as SSIM heatmaps and loss-epoch convergence
plots supported the efficacy of the proposed models in preserving structural
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information. The study reveals that the use of CNNs with conventional and
hybrid filters offers synergistic benefits, especially for low-resource clinical
setups where denoising quality is paramount. The novelty in this research
comes from its systematic benchmarking of traditional as well as hybrid filter-
ing pipelines supplemented with CNNs, providing empirical evidence for their
utility in real-world medical imaging scenarios. These findings not only con-
tribute to the widening ambit of Al-assisted image reconstruction but also
provide functional avenues towards enhancing the dependability of diagnosis
in resource-scarce healthcare environments.

Keywords

MRI Denoising, Convolutional Neural Networks (CNNs), Hybrid Filters,
Image Quality Enhancement, Medical Image Processing

1. Introduction

Magnetic Resonance Imaging (MRI) is a mainstay of current diagnostic medicine
due to its non-invasiveness and superior soft tissue contrast [1]. However, it is
also highly susceptible to noise artifacts caused by hardware limitations, patient
motion, and long acquisition times, which can significantly degrade image quality
[2] [3]. High noise levels not only reduce diagnostic clarity for radiologists but
also impair downstream tasks such as segmentation and classification [4].

To mitigate these challenges, several denoising methods have been explored.
Classical filters like Gaussian, Anisotropic Diffusion, Non-Local Means (NLM),
and Wavelet-based approaches are widely used due to their simplicity and inter-
pretability [5]-[8]. However, these methods often struggle to balance noise sup-
pression with preservation of structural details. Over-smoothing effects may ob-
scure critical anatomical boundaries [9].

Deep learning, particularly Convolutional Neural Networks (CNNs), has trans-
formed image denoising by learning complex mappings between noisy and clean
images [10] [11]. More recently, hybrid pipelines that combine classical filters
with CNNs have gained attention for their potential to merge handcrafted
smoothing with learned representations [12].

Despite this progress, comparative research examining the effectiveness of
CNNs when integrated with both classical and hybrid denoising filters remains
limited. Prior studies often focus on a single method or dataset, lacking extensive
benchmarking across diverse filtering strategies. In particular, the combination of
CNNs with emerging hybrid filters, such as NLM-Gaussian fusion and Wavelet-
Anisotropic Diffusion, has not been rigorously evaluated.

To address this gap, this study proposes a systematic investigation of standard,
hybrid, and CNN-augmented denoising pipelines using a large publicly available
MRI dataset. The goal is to assess their comparative effectiveness using standard
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evaluation metrics and practical visualizations in contexts relevant to low-re-

source clinical environments.

1.1. Contributions and Objectives of the Study

This study contributes significantly to medical image processing by addressing the

long-standing problem of removing noise from Magnetic Resonance Imaging

(MRI) scans without compromising essential anatomical information [13]. While

traditional filtering methods such as Gaussian, Wavelet, Anisotropic Diffusion,

and Non-Local Means (NLM) are largely used in MRI denoising, they rarely pro-
vide the optimum balance between noise reduction and preservation of fine image
details [8] [6]. In addition, the integration of classical denoising with deep learn-
ing techniques, specifically Convolutional Neural Networks (CNNs), has yet to be
exhaustively explored in normal and hybrid filtering pipelines [14]. This paper
fills this gap by proposing and evaluating an integrated denoising strategy that
combines CNNs with several classical and hybrid filters and therefore leverages
both learned and hand-designed representations. The key contributions of this
paper are fourfold. First, it thoroughly tests and compares the performance of four
standard filters (Wavelet, Gaussian, Anisotropic Diffusion, and NLM) and three
hybrid filtering methods (Wavelet-Anisotropic Diffusion, NLM-Gaussian Fusion,
and NLM-Gaussian Sequential) in combination with a deep CNN model. Second,
it introduces a novel experimental setup where CNN-augmented filtering pipe-
lines are compared on a big MRI dataset under the same settings. Thirdly, this
paper provides thorough quantitative evaluations using industry-standard met-
rics, Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM), and

Mean Squared Error (MSE), and qualitative visualizations such as SSIM heatmaps

and loss convergence plots. Finally, this piece of research is set against the back-

drop of low-resource clinical settings where computationally efficient algorithms

for high-quality image reconstruction are of paramount importance [10].

To guide the research, the following objectives were established:

1) To implement and evaluate the performance of the classical denoising filters,
Wavelet, Gaussian, NLM, and Anisotropic Diffusion, on noisy MRI scans.

2) To establish and evaluate hybrid denoising pipelines through the integration
of traditional filters, viz., Wavelet- Anisotropic Diffusion, NLM-Gaussian Fu-
sion, and NLM-Gaussian Sequential.

3) To integrate a Convolutional Neural Network (CNN) with each filtering pipe-
line and evaluate the improvement in denoising accuracy.

4) Comparing all denoising methods, baseline, hybrid, and CNN-augmented,
based on PSNR, SSIM, and MSE values.

5) Visualizing and explaining the effect of various denoising strategies via SSIM
heatmaps, reconstruction figures, and training loss plots for comparison and

understanding.

1.2. Organization of the Paper

This paper is divided into six major sections to give a comprehensive discussion
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of CNN-aided denoising techniques for MRI image enhancement. Following the
Introduction in Section 1, Section 2 gives a comparative review of pertinent liter-
ature, stating current conventional, hybrid, and deep learning-based denoising
techniques. Section 3 outlines the materials and methods used in this work, in-
cluding dataset description, preprocessing methods, suggested model architec-
ture, evaluation metrics, and experimental procedure. Section 4 provides an ex-
tensive analysis of quantitative and qualitative outcomes backed by PSNR, SSIM,
and MSE measures, and visualizations including heatmaps and training loss plots.
Section 5 situates the results within the larger body of earlier research, clarifies the
clinical implications, and outlines the applicability of the proposed model in low-
resource settings. Finally, Section 6 concludes the key findings, model perfor-

mance observations, and gives future work directions.

2. Related Literature

The study [15] revealed that medical imaging plays a vital role in the diagnosis
and treatment of disease, but it can be hard to interpret with noise and artifacts.
Denoising techniques such as deep learning can improve image quality by re-
moving noise and artifacts. This review article provides an overview of currently
used deep learning methods for denoising medical images, out of which 40% use
deep convolutional neural networks, 18% use encoder-decoder, 15% use artifi-
cial intelligence-based approaches, and 2% use multilayer perceptron, 35% of
the images have Gaussian noise, and much effort must be put into developing
standardized denoising models that can work optimally on a wide variety of
medical images.

The study [16] revealed that image processing of digital images is a very crucial
part of building image-based applications. In medical imaging, the image pro-
cessing step is one of the most crucial steps that needs maximum accuracy to de-
tect and determine the nature of the disease. Its objective is to surmount the noise
problem of medical images and preserve information and edges in the image.
Medical images can be enhanced by removing noise with traditional and Deep
Learning (DL) methods. CNN-based DL methods have produced outstanding re-
sults in the processing stage for reducing noise in medical images. DL is a strong
and efficient technique for real noise estimation and feature representation ex-
traction from images. This paper is a survey of image denoising methods for med-
ical images, considering sources of noise and types of noise. Concepts of noise
reduction (denoising) for various methods are discussed. Additionally, there is a
comparative study that will elucidate the advantages and disadvantages of each
method. Finally, some potential future work trends are outlined.

The study [17] introduces a teacher-student network model that uses the Noise-
ContextNet Block to detect and mitigate noise in medical imaging. The model is
refined for computational efficiency without compromising denoising fidelity.
Experiments show significant qualitative enhancements across various imaging

modalities, setting a new benchmark in medical image denoising.

DOI: 10.4236/nm.2025.163013

117 Neuroscience and Medicine


https://doi.org/10.4236/nm.2025.163013

S.Ocenetal.

The study [18] reviews noise reduction techniques in medical imaging and ad-
dresses issues like quantum, electronic, and radiation interference. Spatial, fre-
quency domain, statistical, probability-based, and adaptive filtering methods are
contrasted based on their capability to suppress noise while losing no diagnostic
information. The study also identifies future research directions, like the imple-
mentation of advanced Machine Learning techniques and multimodal data fusion.

The study [19] presented an unsupervised medical image denoising technique
that learns the noise patterns from the images and constructs denoised images. It
uses patch-based dictionaries to learn the noise indirectly and residue learning to
learn it directly. It is extended to 2D and 3D images and covers different medical
imaging instruments. The K-SVD algorithm is utilized for sparse representation,
and a deep residue network for residue training. Tests on MRI/CT images illus-
trate that the algorithm preserves significant information and improves visual
quality.

The study [20] revealed that advancement in medical imaging technology ena-
bles the obtaining of valuable medical information for disease diagnosis, treat-
ment, and research with accuracy. The technologies image the interior of the hu-
man body vivo, enabling the direct examination of organ function and identifica-
tion of pathogens. The growing imaging data, however, needs further processing
by computers for denoising and feature preservation. As big volumes and charts
are complicated, machine learning is typically utilized for automation and image
classification, where it surpasses conventional techniques in most applications.

The study [21] proposed a novel denoising method for medical CT images
based on the U-network and multi-attention. The method utilizes three attention
modules of local, multi-feature channel, and hierarchical. The local module local-
izes feature information, the multi-feature channel module learns and extracts
features, and the hierarchical module extracts rich feature information. The en-
hanced learning module with enhanced learning capacity learns and remembers
minute details using the integration of multi-layer convolution, batch normaliza-
tion, and activation function layers. Experimental studies validate that the method
achieved 34.7329 of PSNR and 0.9293 of SSIM for o= 10 in the QIN_LUNG_CT
dataset, and achieved 28.9163 of PSNR and 0.8602 of SSIM in the Mayo Clinic
LDCT Grand Challenge dataset.

The study [22] introduced a new attention-guided denoising convolutional
neural network (ADNet), comprising a sparse block, feature enhancement block,
attention block, and reconstruction block. SB realizes a balance between perfor-
mance and efficiency, FEB enhances expressive power, AB extracts noise infor-
mation, and RB reconstructs clean images. ADNet records excellent performance
in synthetic and real noisy images and blind denoising.

The study [23] revealed that image denoising faces challenges from noise
sources like Gaussian, impulse, salt, pepper, and speckle. Convolutional neural
networks (CNNs) have gained attention for image denoising. This paper explores
various CNN techniques, categorized and analyzed, and examines popular da-

tasets. The study provided a review of CNN image denoising, outlines motivations
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and principles, and highlights potential challenges and directions for future re-
search.

The study [24] proposed a progressive residual and attention mechanism fusion
with a light network to address this issue. This architecture reduces network pa-
rameters and extracts local features, combining shallow convolutional features
with deeper ones. The network performs better than more than 20 current meth-
ods on six datasets, showcasing outstanding image denoising performance while
preserving necessary features such as edges and textures. The model can be used

in many image-focused applications.

Synthesis of the Literature

The reviewed studies aftirm CNNs as the leading approach for medical image de-
noising, often outperforming traditional and hybrid methods. Emerging atten-
tion-based, unsupervised, and GAN-driven models show promise in preserving
structural integrity, as shown in Table 1. However, standardization across datasets

and noise types remains a key challenge for real-world deployment.

Table 1. Synthesis of literature on medical image denoising.

Study Objective Method/Architecture Noise Type/Source Key Contributions
40% CNN s, 18% . R
Survey of deep learning-based 0 S 1070 35% involve Highlights the need for standard-
[15] A L encoder-decoder, 15% . . i O
denoising in medical imaging Gaussian noise ized DL denoising models
Al-based, 2% MLP
S f denoisi thod. DL traditional methods;
Hrvey ? . cnoising m'e © s. CNN-based deep learning,  General noise from surpas.ses ra. ! lo,na fnethods
[16] and their impact on diagnostic o o key for noise estimation and edge
traditional filters acquisition ]
accuracy preservation
Enhance denoising with Teacher-Student Network . . Efficient denoising with fidelity
[17] . . Multi-modal noise .
efficiency (NoiseContextNet Block) across modalities
(18] Comparative analysis of Spatial, frequency, statistical, Quantum, electronic, Highlights ML and multimodal
standard denoising techniques and adaptive filtering radiation noise fusion as future directions
Patch-based dicti +
Unsupervised denoising reh-based die 1o.nary Unknown/synthetic ~ Preserves key features; applicable
[19] ) ) K-SVD + deep residual ) ] ]
through noise learning . MRI and CT noise ~ to 2D and 3D imaging
learning
ML surpasses conventional
Address the growing Machine learning and auto-  High-volume =P . V
(20] lexity of imaeing dat t' o ine dataset methods in denoising and
complexity of imaging data mation imaging datasets
prexty Bing Bing classification
21] Denoising CT images with U-Net + multi-attention (lo- Gaussian noise (0= Achieved PSNR 34.73 / SSIM
enhanced attention cal, channel, hierarchical) 10) 0.9293 on QIN_LUNG_CT dataset
(22] CT denoising for low-dose PWGAN-WSHL with hybrid LDCT noise + Outperforms SoTA methods;
applications loss function artifacts effective artifact minimization
ADNet , feat High perf in both
Design an attention-based et (sparse, fea u.re Synthetic + 5 p(?r orman.ce o .
[23] ) o enhancement, attention, . synthetic and blind denoising
blind denoising model . real-world noise
reconstruction blocks) tasks
. . . . . Gaussian, impulse,
Denoising with minimal Progressive residual + Top performance on 6 datasets;
[24] . ) . . ) salt & pepper, .
parameters and high fidelity attention + lightweight CNN 1 excellent edge preservation
speckle
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3. Materials and Methods
3.1. Dataset Description

This study utilized 6420 T1-weighted brain MRI images sourced from the Alz-
heimer’s Disease Neuroimaging Initiative (ADNI) [25]. The dataset was stratified
across four clinical classes: Mild Demented, Moderate Demented, Non-De-
mented, and Very Mild Demented. A total of 5141 images were used for training,
and 1279 for testing. Each image was resized to 128 x 128 pixels and normalized

to the [0, 1] intensity range to standardize the inputs across all experiments.

3.2. Data Preprocessing

To support consistent evaluation across all denoising pipelines, a standardized
preprocessing procedure was applied. The brain MRI dataset was organized into
four diagnostic categories: Mild Demented, Moderate Demented, Non-De-
mented, and Very Mild Demented. Each image was resized to 128 x 128 pixels
using bilinear interpolation to ensure uniform spatial dimensions and reduce
computational load. Pixel intensity values were normalized to the [0, 1] range by
dividing by 255, improving the stability of gradient-based optimization during
CNN training. All images were converted to grayscale and reshaped to a single-
channel format compatible with PyTorch tensor input. To simulate realistic noise
degradation, Additive White Gaussian Noise (AWGN) was introduced to each
normalized image with zero mean (x = 0) and a standard deviation of o= 25. This
noise level was selected based on previous studies that commonly apply o values
between 15 and 35 to emulate moderate-to-severe noise found in low-field MRI
or rapid acquisition scenarios. These perturbations represent common sources of
clinical image degradation such as motion, thermal noise, and scanner limitations.
Each noisy image was paired with its original clean version to form supervised
input-target pairs for denoising. These pairs were converted into PyTorch tensors
and wrapped in custom dataset classes to facilitate efficient mini-batch loading
during training. Since the task was strictly denoising, no label encoding or class
balancing was performed. This pipeline ensured that all models operated on con-
sistent, clinically relevant inputs, enabling a fair and reproducible comparison of

standard, hybrid, and CNN-augmented denoising strategies.

3.3. Proposed Model

The proposed denoising framework integrates classical and hybrid image filters
with a deep Convolutional Neural Network (CNN) to enhance the quality of noisy
Magnetic Resonance Imaging (MRI) images. This two-stage pipeline was carefully
designed to leverage the complementary strengths of deterministic filters and
data-driven deep learning. Traditional filters such as Gaussian, Non-Local Means
(NLM), Wavelet, and Anisotropic Diffusion are known for their computational
efficiency and ability to suppress noise through spatial smoothing or frequency
domain decomposition. However, these methods often struggle with a critical
trade-off: reducing noise while preserving fine anatomical details. To overcome

DOI: 10.4236/nm.2025.163013

120 Neuroscience and Medicine


https://doi.org/10.4236/nm.2025.163013

S.Ocenetal.

this limitation, we introduce a CNN-based refinement stage that adaptively learns
residual noise characteristics, improving denoising precision. To further explore
potential synergies, we designed three hybrid filter combinations: NLM-Gaussian
Fusion, NLM-Gaussian Sequential, and Wavelet-Anisotropic Diffusion (WAD).
These hybrid filters were not chosen arbitrarily. Instead, their selection was guided
by complementary filtering properties observed in prior literature. NLM utilizes
non-local self-similarity across the image, making it effective at preserving tex-
ture, while Gaussian filtering smooths local intensity variations and suppresses
high-frequency noise. The fusion variant of NLM-Gaussian applies a weighted av-
erage of the two filtered outputs, aiming to combine global smoothing with spatial
awareness. In contrast, the sequential configuration applies Gaussian filtering af-
ter NLM, potentially enhancing denoising depth but risking cumulative over-
smoothing, a trade-off that we explicitly intended to evaluate. Wavelet-Aniso-
tropic Diffusion was selected as a hybrid method to blend multi-resolution fre-
quency decomposition with structure-preserving edge diffusion. Wavelet filters
decompose images into different frequency bands, facilitating efficient noise at-
tenuation at specific scales, whereas anisotropic diffusion promotes edge-aware
smoothing. The rationale behind combining them lies in their potential to capture
both high- and low-frequency noise patterns, which are often encountered in real
MRI scans, particularly in low-field environments. In the full pipeline, each noisy
image was first passed through one of the seven denoising filters, four standard
(Wavelet, Gaussian, NLM, Anisotropic) and three hybrid (NLM-Gaussian Fusion,
NLM-Gaussian Sequential, WAD), producing an initially denoised image. This
image was then refined by a CNN modeled after the Denoising Convolutional
Neural Network (DnCNN) architecture. The CNN consisted of 17 layers, includ-
ing convolutional, batch normalization, and ReLU activation units, trained to
learn the residual noise pattern for each filtering pipeline. The final denoised out-
put was obtained by subtracting the learned noise map from the pre-filtered input.
This design enables a comparative investigation of how different filters, when in-
tegrated with CNNs, affect denoising performance. It also allows for an empirical
assessment of whether hybrid configurations provide tangible benefits over single
filters. Importantly, the inclusion of these specific hybrid combinations adds nov-
elty to the study and reflects practical motivations to balance denoising accuracy

with computational feasibility in real-world medical imaging contexts.

3.4. The Architecture of the Proposed Framework

The architecture in Figure 1 is a two-stage MRI denoising system, which com-
bines classical or hybrid filtering techniques and a Convolutional Neural Network
(CNN) to enhance the quality of images. The input is a noisy MRI image that has
been degraded by Gaussian, motion, or acquisition noise. Stage 1 of the architec-
ture is to apply a classical or hybrid denoising filter. This may include filters such
as Gaussian, Non-Local Means (NLM), Anisotropic Diffusion, or even hybrid var-
iants such as NLM-Gaussian or Wavelet-Anisotropic Diffusion. These filters are

applied as a pre-processing step to dampen high-frequency noise and smooth the
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image while attempting to preserve underlying structural details. The output of
this step is a filtered image, which is cleaner than the input but may still contain
residual noise and fine-grained artifacts. In the second step, the filtered image is
passed through a CNN module for fine-scale denoising. The CNN consists of
three layers: the first two are convolutional layers, which extract spatial features
from the input image hierarchically. The third layer captures non-linear patterns
and generates a fine residual noise map. The third layer consists of a convolution,
ReLU activation, and another convolution. This residual output is the remaining
noise in the image that was not effectively removed by the initial filtering opera-
tion. Though the subtraction operation is not explicitly displayed in the diagram,
the denoised image is typically reconstructed by subtracting the residual output
from the filtered image. This residual learning strategy enables the CNN to learn
the noise pattern rather than the entire image reconstruction, which improves
training efficiency as well as the denoising precision. The final output is a denoised
image with reduced noise and preserved anatomical structures, which is ready for
clinical interpretation and further processing in computer-aided diagnosis sys-
tems. The modular architecture has the advantage of flexibility, in the sense that
any hybrid or classical filter can be paired with the CNN module, thus allowing
greater generalizability to different MRI noise profiles.

et
Convolutional
Layer
\ /

N

p. \ 7 o 7 N .

Noisy Classical or Hybri Convolutional Denoising Imges
Images Denoising Layer
AN J \ J A\ J N ————LNNw»
PR 2

Conv + ReLU +
Conv

Residual Output

\S

Figure 1. The architecture of the proposed framework.

3.5. Evaluation Metrics

To assess the performance of the proposed CNN-augmented denoising frame-
work, both quantitative and qualitative evaluation metrics were employed. The
primary focus was on measuring the effectiveness of noise suppression and the
preservation of structural fidelity in denoised MRI images. Three key image qual-
ity metrics were used: Peak Signal-to-Noise Ratio (PSNR), Structural Similarity
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Index Measure (SSIM), and Mean Squared Error (MSE) as shown in Equations 1-
3. PSNR serves as a standard objective metric to quantify the reconstruction qual-
ity of images. It is derived from the logarithmic ratio between the maximum pos-
sible signal power and the power of the distortion (noise) introduced during de-
noising. A higher PSNR value indicates better image fidelity and lower noise lev-
els. PSNR is particularly effective in evaluating pixel-wise similarity between the
denoised image and the ground truth, but is less sensitive to perceptual or struc-
tural differences. SSIM, on the other hand, is a perceptual metric that captures
structural similarity between two images by comparing local patterns of lumi-
nance, contrast, and texture. Unlike PSNR, SSIM is designed to reflect human vis-
ual perception and is more sensitive to structural distortions. An SSIM value close
to 1 indicates near-perfect structural alignment between the denoised and refer-
ence images, which is crucial in medical imaging where preserving anatomical
details is critical. MSE was used as the training loss function and also as a perfor-
mance metric. It quantifies the average squared difference between the predicted
and ground truth pixel intensities. While simple, MSE provides a direct measure
of pixel-level error and complements the interpretation of PSNR and SSIM. In
addition to these metrics, SSIM heatmaps were generated to provide spatial visu-
alization of structural similarity across the entire image. These heatmaps helped
identify local regions where specific filters may have failed to preserve structural
information. Furthermore, training loss curves across epochs were analyzed to
observe the convergence behavior of CNNs for each denoising configuration. To-
gether, these evaluation metrics provided a robust framework for assessing the
performance of the proposed model. They enabled detailed comparisons between
the CNN-augmented standard filters and hybrid filters, offering insight into both

the quantitative improvements and visual quality achieved through each pipeline.

I &1 NPT
MSE =%;;[1(1,J),1(1,J)] W
MAX?
o =10.10g10{ MSE j ®)
SSIM([,i): (2u1uf+c')(261i+cz) 3

<H12+H?+C1)(UI2+U,?+C2)

where mxn: Dimensions of the image; (i, ): Pixel intensity of the ground
truth image, and i(i, j) : Pixel intensity of the denoised (predicted) image;
MAX, is the Maximum possible pixel value of the image (typically 1.0 for nor-
malized images, or 255 for 8-bit images). p,,u;: Mean intensities of the ground
truth and predicted images; o7 ,01?: Variances of the two images; o ;: Covari-
ance between the two images; and C, =(K,L)’ and C, =(K,L)’: Small con-
stants to stabilize division (e.g., K1=0.01, K2=0.03,and L =1 for normalized im-

ages).

3.6. Experimental Setup

All experiments in this study were conducted using Google Colaboratory, which
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provided a cloud-based environment with GPU acceleration for efficient training
of deep convolutional neural networks. The implementation was carried out in
Python using the PyTorch framework for deep learning components, along with
supporting libraries such as OpenCV, NumPy, and scikit-image for image pro-
cessing tasks. The dataset used consisted of 6420 T1-weighted brain MRI images,
which were divided into 5141 training images and 1279 testing images. These im-
ages were categorized into four diagnostic classes: Mild Demented, Moderate De-
mented, Non-Demented, and Very Mild Demented. All images were resized to a
resolution of 128 x 128 pixels to standardize the input dimensions and reduce
computational overhead. Image intensities were normalized to the range [0, 1],
and any multi-channel images were converted to grayscale. To simulate realistic
clinical scenarios, synthetic Gaussian noise was added to the test images, allowing
for consistent evaluation of denoising performance across various filters and
model configurations. The experiments were organized into two major phases. In
the first phase, standard and hybrid filtering techniques were applied to the noisy
images. These included Wavelet, Gaussian, Non-Local Means (NLM), Anisotropic
Diffusion, and three hybrid variants: Wavelet-Anisotropic Diffusion (WAD),
NLM-Gaussian Fusion, and NLM-Gaussian Sequential. Each of these filters was
applied independently, and the output images were compared to the clean ground
truth using quantitative metrics such as Peak Signal-to-Noise Ratio (PSNR),
Structural Similarity Index Measure (SSIM), and Mean Squared Error (MSE). In
the second phase, the output from each filtering method was further processed
by a deep convolutional neural network based on the DnCNN architecture. For
each filter type, a separate CNN was trained using the corresponding filtered
training images as input and the clean images as targets. Each CNN model con-
sisted of 17 layers and was trained for three epochs using a batch size of 16. The
training was optimized using the Adam optimizer with a learning rate set to
0.001. The loss function used was the mean squared error (MSE), which allowed
the network to minimize the pixel-wise differences between the predicted and
reference images. Evaluation of model performance was carried out using three
primary metrics: PSNR to assess signal fidelity, SSIM to measure structural sim-
ilarity, and MSE to capture the average error per pixel. Additionally, SSIM
heatmaps were generated to visually interpret structural preservation, and train-
ing loss curves were plotted to monitor convergence over epochs. Performance
improvements over noisy inputs were also visualized using bar plots showing
APSNR and ASSIM values for each method. This experimental setup provided a
robust framework for assessing the combined impact of standard filters and deep

learning on MRI denoising.

4. Results

4.1. Quantitative Evaluation of Standard and Hybrid Denoising
Filters

The performance of each CNN-augmented denoising pipeline was quantitatively
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evaluated using Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index
Measure (SSIM), and Mean Squared Error (MSE). Table 2 summarizes the aver-
age performance scores computed over five random subsets of the test data, each
containing 256 MRI slices. To quantify the robustness of the results, standard de-
viations (+SD) are reported alongside each metric. Additionally, the performance
gain over the noisy baseline is measured using APSNR and ASSIM values. The
Wavelet + CNN configuration consistently achieved the highest performance,
with a mean PSNR of 31.72 + 0.36 dB and SSIM of 0.816 + 0.008, indicating
strong noise suppression with minimal loss of structural detail. The lowest MSE
(0.000673 + 0.000014) further supports its efficacy. NLM + CNN followed with
PSNR =29.42 + 0.44 dB and SSIM = 0.743 * 0.006, benefiting from NLM’s
texture preservation properties enhanced by the CNN’s residual learning. Among
hybrid filters, NLM-Gaussian Fusion + CNN achieved a PSNR of 27.83 + 0.48
dB and SSIM of 0.727 % 0.007, demonstrating solid performance. However, its
sequential counterpart (NLM-Gaussian Sequential + CNN) lagged with a PSNR
of 25.86 + 0.51 dB, possibly due to over-smoothing artifacts introduced by the
cascade. Gaussian + CNN exhibited decent performance (PSNR = 26.49 +
0.39dB, SSIM = 0.735 + 0.005), while Anisotropic + CNN and WAD + CNN
were the least effective, showing both negative APSNR and low structural similar-
ity scores. To validate statistical significance, a one-way ANOVA test was con-
ducted across the PSNR and SSIM scores of all methods. The results revealed sta-
tistically significant differences among the methods (p < 0.01), confirming that

the observed variations in performance are not due to random chance.

Table 2. Quantitative Results of CNN-Augmented Denoising Filters.

Method PSNR (dB) SSIM MSE APSNR (dB) ASSIM

Anisotropic + CNN 19.86+0.52  0.581+0.009  0.01034 + 0.00042 -7.50 -0.002
Gaussian + CNN 2649 £0.39  0.735+0.005  0.00225 + 0.00011 ~0.87 +0.152

NLM + CNN 2942 +0.44 0.743£0.006  0.00114 + 0.00009 +2.06 +0.160
NLM-Gaussian Fusion + CNN  27.83+0.48  0.727 +0.007  0.00165 + 0.00012 +0.47 +0.144
NLM-Gaussian Sequential + CNN  25.86+0.51  0.702+0.008  0.00260 + 0.00015 -1.51 +0.120
WAD + CNN 18.52+£0.57 0.579+0.010  0.01406 + 0.00052 -8.84 -0.003

Wavelet + CNN 31.72+£0.36  0.816+0.008  0.00067 + 0.000014 +4.36 +0.234

4.1.1. Post-Hoc Pairwise Analysis (Tukey HSD)

To complement the results reported in Section 4.1, Tukey’s Honestly Significant
Difference (HSD) test was applied to the PSNR and SSIM scores obtained from
the five random test splits. This post-hoc procedure controls the family-wise error
rate and identifies exactly which method pairs differ significantly. Table 3 sum-
marizes the pairwise comparisons for PSNR; Table 4 presents the same analysis
for SSIM.
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Table 3. Summary of the pairwise comparisons for PSNR.

Mean Diff

Pair (PSNR) 95 % CI p-value  Significant?
Wavelet + CNN vs Gaussian + CNN 5.23dB 4.37 - 6.09 <0.001 Yes
Wavelet + CNN vs NLM + CNN 2.30 dB 1.45-3.14 <0.01 Yes
Wavelet + CNN vs NLM-Gauss Fusion + CNN 3.89dB 3.05-4.73 <0.001 Yes
Wavelet + CNN vs Anisotropic + CNN 11.86 dB 11.00 - 12.71 < 0.001 Yes
NLM + CNN vs Gaussian + CNN 2.93dB 2.08 - 3.78 <0.01 Yes
NLM-Gauss Fusion + CNN vs Gaussian + CNN 1.34dB 0.48 - 2.20 < 0.05 Yes
Table 4. Tukey HSD results for SSIM.
Pair Mean Diff 95 % CI p-value  Significant?
(SSIM)
Wavelet + CNN vs Gaussian + CNN 0.081 0.060 - 0.102 < 0.001 Yes
Wavelet + CNN vs NLM + CNN 0.073 0.052 - 0.094 <0.001 Yes
Wavelet + CNN vs NLM-Gauss Fusion + CNN 0.089 0.068 - 0.110 <0.001 Yes
Wavelet + CNN vs Anisotropic + CNN 0.236 0.215 - 0.257 < 0.001 Yes
NLM + CNN vs Gaussian + CNN 0.008 -0.013 - 0.029 0.79 No
NLM-Gauss Fusion + CNN vs Gaussian + CNN 0.008 —0.013 - 0.029 0.80 No

4.1.2. Quantitative Interpretation of PSNR Distribution

3 PSNR Distribution Across Methods
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Figure 2. PSNR distribution across methods.

Figure 2 presents a box plot summarizing the PSNR distributions of the seven
CNN-augmented denoising methods over five test splits. The Wavelet + CNN
method achieved the highest median PSNR (= 31.7 dB) with the smallest inter-
quartile range, indicating both superior and consistent denoising performance.
NLM + CNN and NLM-Gaussian Fusion + CNN followed closely, with median
PSNR values around 29.4 dB and 27.8 dB, respectively. The Gaussian + CNN
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method recorded a moderate PSNR distribution centered around 26.5 dB, while
NLM-Gaussian Sequential + CNN showed a slightly lower median (~25.9 dB). In
contrast, Anisotropic + CNN and WAD + CNN exhibited the lowest PSNR values,
around 19.9 dB and 18.5 dB, respectively, with wider spread and variability across
splits, indicating less reliable performance. These results quantitatively reinforce
the observation that integrating CNNs with Wavelet and NLM-based filters leads

to more effective and stable noise suppression in MRI image denoising.

4.1.3. Quantitative Interpretation of SSIM Distribution

Figure 3 illustrates the SSIM distributions for all CNN-augmented denoising
methods across five test splits. The Wavelet + CNN model achieved the highest
median SSIM value (~0.816), with a narrow interquartile range, signifying supe-
rior structural preservation and high consistency. NLM + CNN and NLM-Gauss-
ian Fusion + CNN also performed well, with median SSIMs of approximately
0.743 and 0.727, respectively. The Gaussian + CNN method maintained a slightly
lower but still strong SSIM of around 0.735. On the other hand, NLM-Gaussian
Sequential + CNN showed a modest median SSIM (~0.702), while Anisotropic +
CNN and WAD + CNN vyielded the lowest SSIM values, approximately 0.581 and
0.579, respectively. These low scores were accompanied by wider variability, sug-
gesting less robustness in maintaining anatomical structure across different image
conditions. Overall, the SSIM analysis confirms that Wavelet + CNN consistently
delivers the best structural fidelity, reinforcing its suitability for clinical MRI de-

noising tasks.
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Figure 3. SSIM distribution across methods.

4.2. CNN Convergence Behavior with Standard and Hybrid
Denoising Filters

The results presented in Figure 4, which shows the training loss curves of CNN
models across three epochs for different denoising filters, reveal valuable insights

into the learning dynamics and convergence behavior of each CNN-filter pipeline.
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Across all combinations, the CNN exhibited significant loss reduction within just
three epochs, indicating efficient training and good compatibility with the pre-
filtered inputs. Notably, the Gaussian + CNN and Anisotropic + CNN models
demonstrated the steepest decline in loss, from above 1.9 in the first epoch to un-
der 0.21 by the third epoch. This suggests that Gaussian and anisotropic prepro-
cessing produced smoothed image representations that the CNN could learn from
rapidly and effectively. The WAD (Wavelet-Anisotropic Diffusion) + CNN and
NLM-Gaussian Sequential + CNN pipelines also showed consistent convergence,
with loss values reducing to approximately 0.19 - 0.20 by the third epoch. These
results indicate that hybrid filters, when well designed, can provide a stable foun-
dation for CNN learning, combining noise suppression with preserved structural
detail. In contrast, although NLM-Gaussian Fusion + CNN started with a moder-
ately high initial loss (~1.51), its reduction by the third epoch (~0.26) was less
steep compared to the others. This relatively slower convergence might suggest
internal redundancy or smoothing conflict in the fused features that the CNN had
to resolve during learning. The Wavelet + CNN and NLM + CNN pipelines
showed stable and consistent convergence behavior as well, though with slightly
higher final loss values than Gaussian or Anisotropic. These filters offer a good
balance between texture preservation and noise removal, reflected in their smooth

and gradual training curves.

Deep CNN Training Loss Across Epochs for Each Filter

2.00

1.75 4

1.50

1.25

Loss

1.00

0.75

0.50

0.25 1

Filter + CNN
~®= Wavelet
@~ Gaussian
~&- NLM
~&~ Anisotropic
~e~ WAD

~#&~ NLM-Gaussian Sequential
NLM-Gaussian Fusion

Epoch

Figure 4. Training loss for CNNs combined with Standard and hybrid denoising filters.
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4.3. PSNR-Based Comparative Performance of Denoising Pipelines

Figure 5 presents the Peak Signal-to-Noise Ratio (PSNR) values obtained from
seven different denoising configurations, each combining a standard or hybrid
filter with a deep CNN. PSNR is a widely used metric for evaluating image recon-
struction quality, where higher values indicate better preservation of signal integ-
rity and effective noise suppression. Among all the methods, the Wavelet + CNN
combination achieved the highest PSNR at approximately 31.7 dB, confirming its
superiority in retaining image fidelity and suppressing noise with minimal distor-
tion. This was followed by the NLM + CNN pipeline, which yielded a PSNR close
to 29.4 dB, reflecting its strength in preserving edge details and textures that are
critical in medical imaging. The NLM-Gaussian Fusion + CNN and Gaussian +
CNN configurations also performed well, achieving PSNRs of 27.8 dB and 26.5
dB, respectively. These values demonstrate that although the hybrid fusion offered
some marginal improvements, it did not significantly outperform the standalone
NLM method. Notably, the NLM-Gaussian Sequential + CNN model recorded a
PSNR of 25.9 dB, indicating that sequential filtering introduced slight degrada-
tion, likely due to over-smoothing or feature loss. In contrast, the Anisotropic +
CNN and WAD + CNN combinations yielded the lowest PSNRs, at approximately
19.9 dB and 18.5 dB, respectively. These low values suggest that the filters used in
these configurations either failed to sufficiently remove noise or compromised
important image structures, and the CNN was unable to fully recover the original
signal quality.

PSNR Comparison
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Figure 5. Comparison of Peak Signal-to-Noise Ratio (PSNR).

4.4. Structural Similarity Evaluation of CNN-Augmented
Denoising Methods

Figure 6 presents the Structural Similarity Index Measure (SSIM) achieved by var-
ious CNN-enhanced denoising pipelines. SSIM quantifies how well the structural
information in the denoised MRI images aligns with that of the original images,
with values closer to 1 indicating higher similarity and better perceptual quality.
Among all the evaluated methods, the Wavelet + CNN pipeline produced the
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highest SSIM score of approximately 0.816, confirming its superior ability to pre-
serve the structural integrity of MRI images during denoising. This result aligns
with its previously observed dominance in PSNR, suggesting that wavelet-based
preprocessing effectively retains edges and fine details that the CNN further re-
fines. The NLM + CNN and Gaussian + CNN models also performed competi-
tively, with SSIM scores of 0.743 and 0.735, respectively. These results indicate
that both standard filters, when paired with a deep CNN, maintain high percep-
tual similarity to the original images, likely due to their effective handling of noise
while preserving key anatomical features. Hybrid methods showed varied results.
The NLM-Gaussian Fusion + CNN method achieved a respectable SSIM of 0.727,
demonstrating its capacity to combine complementary smoothing behaviors
without overly compromising image structure. However, the NLM-Gaussian Se-
quential + CNN approach scored slightly lower at 0.702, possibly due to cumula-
tive smoothing effects that marginally blurred the structural features. The Aniso-
tropic + CNN and WAD + CNN pipelines performed the weakest in terms of
SSIM, with scores of 0.581 and 0.579, respectively. These values suggest that the
structure-preserving characteristics expected from anisotropic diffusion were ei-
ther insufficient or diminished during CNN training, resulting in perceptual qual-
ity loss. Particularly in the case of WAD, the poor SSIM further supports earlier

findings of excessive signal degradation.

SSIM Comparison

SSIM

Figure 6. Structural Similarity Index Measure (SSIM) comparison.

4.5. PSNR Gain Analysis over Noisy Baseline

Figure 7 presents the APSNR values for each CNN-augmented denoising pipeline,
representing the change in peak signal-to-noise ratio relative to the noisy input
images. This metric provides a direct measure of how much each method im-
proved the signal fidelity of MRI images when compared to their degraded coun-
terparts. Positive APSNR values indicate an enhancement in image quality, while
negative values suggest that the method failed to provide a meaningful improve-
ment over the baseline. Among the evaluated methods, the Wavelet + CNN pipe-
line delivered the most significant improvement, with a APSNR of approximately
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+4.36 dB, clearly outperforming all other configurations. This result aligns with
its top performance in absolute PSNR and SSIM values and highlights its robust-
ness in restoring signal quality. The NLM + CNN method also showed a strong
gain of about +2.06 dB, confirming its capacity to suppress noise while retaining
structural integrity. The NLM-Gaussian Fusion + CNN and Gaussian + CNN
methods yielded modest improvements of +0.47 dB and —0.87 dB, respectively.
While these methods did not degrade the signal substantially, their gains were
limited, suggesting that the CNN’s residual learning was less effective when built
upon already smoothed or less informative features. The NLM-Gaussian Sequen-
tial + CNN model resulted in a APSNR of —1.51 dB, indicating a net reduction in
signal quality, potentially due to over-smoothing or redundant filtering stages that
suppressed both noise and important image details. In contrast, WAD + CNN and
Anisotropic + CNN showed significantly negative APSNR values of approxi-
mately —8.84 dB and —7.50 dB, respectively. These results indicate that these com-
binations not only failed to enhance the signal but also introduced distortions or
excessive smoothing that degraded the final output compared to the noisy input.
The poor performance of these models highlights the limitations of applying
overly aggressive or poorly matched filters before CNN refinement.
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Figure 7. APSNR comparison across CNN-augmented denoising filters.

4.6. SSIM Gain Analysis over Noisy Baseline

Figure 8 illustrates the ASSIM values for each CNN-augmented denoising pipe-
line, representing the change in Structural Similarity Index Measure (SSIM) rela-
tive to the noisy input images. This metric provides a perceptually aligned meas-
ure of how well each method restored the structural details of the original MRI
image. Higher ASSIM values indicate stronger structural recovery, while lower or
near-zero values suggest minimal perceptual improvement. Among all the evalu-
ated methods, the Wavelet + CNN pipeline achieved the most significant im-
provement, with a ASSIM of approximately +0.234, highlighting its strong ability
to preserve and recover anatomical structures during denoising. This reinforces

earlier findings where the Wavelet filter consistently outperformed others in both
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PSNR and visual clarity, particularly around the cortical and ventricular bounda-
ries. The NLM + CNN and Gaussian + CNN models followed with ASSIM values
of around +0.160 and +0.152, respectively. These results indicate a perceptually
meaningful gain in structural quality, confirming the effectiveness of these stand-
ard filters in preparing useful features for deep CNN-based residual learning. Sim-
ilarly, the NLM-Gaussian Fusion + CNN configuration achieved a ASSIM of about
+0.144, demonstrating that a well-designed hybrid strategy can retain useful
structure while reducing noise. The NLM-Gaussian Sequential + CNN pipeline
showed a lower ASSIM of approximately +0.120, suggesting a moderate but still
positive structural gain. However, its performance was noticeably below that of its
fusion counterpart, likely due to over-smoothing effects introduced by sequential
filtering that hindered the CNN’s ability to recover fine details. Conversely, the
Anisotropic + CNN and WAD + CNN methods showed negligible structural im-
provement, with ASSIM values close to 0. These results suggest that the initial
filtering stages may have excessively blurred or distorted the structural content of
the images, limiting the CNN’s ability to restore perceptual quality. In these cases,
the denoising process may have removed noise at the expense of critical spatial

information.

ASSIM Comparison

Figure 8. ASSIM comparison for CNN-augmented denoising methods.

4.7.Visual Assessment of Denoising Quality across CNN-Enhanced
Filters

Figure 9 presents a visual comparison of MRI image reconstructions obtained
through various CNN-augmented denoising pipelines, alongside the ground truth
and noisy image. This qualitative assessment complements the earlier quantitative
evaluations (PSNR and SSIM), offering direct insight into how well each method
restores anatomical details while suppressing noise. The ground truth image (top-
left) serves as the reference, exhibiting crisp boundaries and high contrast between
brain tissue structures. The noisy image (top-center) introduces strong Gaussian
noise, severely degrading visibility, particularly around the cortical and ventricu-

lar regions. Among the denoised outputs, the Wavelet + CNN image stands out
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Ground Truth

for its visual sharpness and structural accuracy. It closely resembles the ground
truth, effectively removing noise while preserving fine anatomical boundaries.
The NLM + CNN and NLM-Gaussian Fusion + CNN reconstructions also main-
tain good structural clarity and contrast, with minimal blurring and strong reten-
tion of brain morphology. The Gaussian + CNN and NLM-Gaussian Sequential +
CNN outputs demonstrate decent noise suppression, but with slightly reduced
edge definition, especially along the ventricle walls. These methods introduce a
degree of over-smoothing that sacrifices subtle textures for uniformity. Con-
versely, the Anisotropic + CNN and WAD + CNN images show noticeable blur-
ring, particularly in the cortical region. While noise is substantially reduced, these
filters seem to have compromised structural fidelity, making the images appear
soft and less diagnostically useful. This aligns with their lower SSIM and PSNR

values reported earlier.

Nois Wavelet Gaussian

Anisotropic NLM-Gaussian Sequential

NLM-Gaussian Fusion

Figure 9. Visual comparison of denoised MRI images.

4.8. Structural Similarity Heatmaps for CNN-Augmented
Denoising Methods

Figure 10 displays SSIM heatmaps generated from the denoised MRI images ob-
tained through different CNN-augmented denoising pipelines. Each heatmap vis-
ualizes the pixel-wise structural similarity between the reconstructed image and
the ground truth, with values ranging from 0 (no similarity) to 1 (perfect similar-
ity). Brighter yellow regions indicate high structural correspondence, while darker
areas represent loss of structural integrity. The Wavelet + CNN configuration
demonstrates the most uniformly bright SSIM map, particularly across both the
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cortical and subcortical regions. This reflects its superior ability to maintain spa-
tial coherence and anatomical detail across the entire image. Similarly, the NLM
+ CNN and NLM-Gaussian Fusion + CNN maps show consistently high SSIM
values throughout the brain, with excellent alignment along the ventricle bound-
aries and gray-white matter interfaces. The Gaussian + CNN and NLM-Gaussian
Sequential + CNN heatmaps, while still showing strong structural preservation in
central brain areas, exhibit slightly more variation along the peripheral regions.
This suggests a modest reduction in local structural fidelity, likely due to over-
smoothing effects in some regions. In contrast, the SSIM maps for Anisotropic +
CNN and WAD + CNN display notable darkening along the outer cortex and
central sulcal boundaries. These regions appear to have lost finer structural details
during denoising, indicating that these methods, while effective at reducing noise,

fail to adequately preserve subtle spatial relationships critical for accurate MRI
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Figure 10. SSIM heatmaps showing pixel-level structural similarity between denoised MRI images and the

ground truth.

4.9. Comparative Radar Plot Analysis

To provide a holistic visual comparison across all performance metrics, Figure 11
presents a radar plot for the CNN-augmented denoising pipelines, incorporating
five quantitative indicators: PSNR, SSIM, MSE, APSNR, and ASSIM. All metrics
were normalized to a common [0, 1] scale for consistent radial representation.

The Wavelet + CNN method exhibited the largest overall enclosed area, indicating
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its dominance across nearly all metrics. It consistently recorded the highest nor-
malized PSNR and SSIM, the lowest MSE, and favorable APSNR and ASSIM val-
ues, confirming its position as the best-performing technique. The NLM + CNN
and NLM-Gaussian Fusion + CNN configurations followed closely with compet-
itive coverage, especially on SSIM and ASSIM axes. In contrast, Anisotropic +
CNN and WAD + CNN occupied minimal regions in the radar space, reflecting
their inferior performance across all metrics. This radar representation helps in-
tuitively assess both the strengths and trade-offs of each method at a single glance.
For instance, NLM-Gaussian Sequential + CNN performed moderately in PSNR
but lagged in MSE, highlighting how hybrid filters may benefit from further opti-

mization.

Anisotropic + CNN
PSNR —— Gaussian + CNN
—— NLM + CNN
—— NLM-Gauss Fusion + CNN
—— NLM-Gauss Sequential + CNN
—— WAD + CNN
Wavelet + CNN

SIM

Figure 11. Comparative Radar Plot Analysis.

5. Discussion

The experimental results from this study reveal compelling evidence that integrat-
ing deep Convolutional Neural Networks (CNNs) with both standard and hybrid
denoising filters significantly improves the quality of MRI images. This corrobo-
rates many earlier studies shedding light on the abilities of CNNs to exploit subtle
noise patterns and preserve structural coherence in medical images [4] [12]. In
our comparative evaluation, the Wavelet-CNN hybrid filter had the highest SSIM
and PSNR scores, indicating improved denoising quality with retained significant
anatomical information. Such results are in accordance with previous observa-
tions that Wavelet transformations, when augmented by learning-based models,

can effectively extract low- and high-frequency information of the image [26].
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To our surprise, the NLM-Gaussian Fusion filter, as included with CNN, also
yielded robust denoising performance. While past research has identified the po-
tential of Non-Local Means (NLM) in leveraging self-similarity within images
[27], its combination with Gaussian filtering and CNNs appears to yield a syner-
gistic advantage through the alleviation of both global and local aspects of noise.
This finding is in agreement with work conducted by [28], which presented evi-
dence that hybrid filtering methods are generally superior to single-model meth-
ods, particularly in scenarios characterized by heterogeneous distributions of
noise.

The improved performance of the CNN-aided models compared to traditional
filters in isolation, e.g., Anisotropic Diffusion and single Gaussian or NLM, em-
phasizes the edge detail and textural consistency limitations of traditional meth-
ods when high noise must be addressed. Traditional filters aim to apply uniform
operations across the image, while CNNs adaptively learn spatially varying pat-
terns, which results in better structural preservation. This is consistent with ob-
servations in the review conducted by [15], which noted the flexibility of deep
learning models in medical image denoising.

Further, the heatmaps, e.g., SSIM heatmaps, and reconstruction images provide
qualitative endorsement to the quantitative results by demonstrating that CNN-
augmented hybrid filters better preserve anatomical features such as tissue bound-
aries, usually lost with normal filtering. This gives credence to the study [29] with
an assertion that visual explainability is not any less important than numerical
accuracy for clinical image processing, particularly radiological assessment.

Additionally, the loss vs. epoch convergence plots depicted quick and stable
training for most CNN-augmented filters, pointing towards computational feasi-
bility and convergence stability. This is in contrast to previous studies that expe-
rienced training instability for deeper networks for denoising due to vanishing
gradients or overfitting [30]. The relatively shallow but effective CNN architecture
used in this paper is found to be sufficient for the task and is particularly suited
for use in low-resource settings where computational power is scarce.

However, a critical limitation of this study is that all evaluations were per-
formed using synthetic Gaussian noise, which may not capture the full spectrum
of real-world MRI artifacts. In clinical settings, MRI images are affected by a va-
riety of complex noise sources such as Rician noise, motion-induced blurring,
eddy currents, and field inhomogeneities, none of which were simulated here.
This restricts the ecological validity of the current results and raises concerns
about the direct transferability of the proposed model to real clinical data. While
Gaussian noise serves as a useful proxy for algorithm benchmarking, it does not
fully reflect the nuanced characteristics of clinical imaging conditions. Therefore,
future evaluation on real noisy MRI scans is essential for validating model gener-

alizability and diagnostic reliability.

Clinical Implications of the Study

Magnetic Resonance Imaging (MRI) has become a critical diagnostic imaging mo-
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dality in modern medicine, particularly in the evaluation of neurological disease,
musculoskeletal disorders, and soft tissue pathology. However, MRI image quality
is often compromised by noise accumulated during acquisition due to low signal-
to-noise ratios (SNR), patient motion artifacts, and hardware limitation problems,
which are especially compounded in low-resource institutions with no high-end
imaging facilities [31]. This study completes a significant knowledge gap by de-
veloping and empirically evaluating a deep learning-enhanced denoising pipeline
that enhances MRI quality at the cost of neither any costly hardware upgrade nor
additional acquisition time.

The clinical relevance of enhanced denoising is profound. High-quality images
are important for accurate diagnosis, therapy planning, and disease progression
monitoring. For instance, in neuroimaging, minor structure distortions produced
by noise will lead to false diagnosis of brain lesions or tumor boundaries affecting
clinical care [32]. Through the integration of deep Convolutional Neural Net-
works (CNNs) with conventional as well as hybrid filters, the new method signif-
icantly improves signal fidelity, edge preservation, and anatomical delineation,
features crucial in clinical interpretation of scans. This is evidenced by our find-
ings, where CNN-augmented hybrid filters recorded higher PSNR and SSIM val-
ues, metrics that are correlated with the perceptual ratings of image quality by
radiologists [4].

Additionally, the scalability and computationally efficient nature of models
constructed make them particularly suitable for deployment in low-resource en-
vironments, where access to advanced denoising software and computational re-
sources is limited. With an emergent need for equitable access to healthcare, es-
pecially in Sub-Saharan Africa and other low-income regions, this method pre-
sents a viable way of making high-quality imaging popular [33]. Compared to tra-
ditional denoising methods, with parameter tuning or domain-specific adaptation
usually required, our method employs data-driven learning that enables auto-
mated, uniform, and robust performance across different datasets. Apart from
this, the enhanced image quality would also augment the performance of down-
stream computerized tools such as Computer-Aided Diagnosis (CAD) software
and segmentation algorithms. The latter are highly reliant on high-fidelity inputs,
and progress in denoising can directly result in improvement of diagnostic aid
tools, a field gaining steam in clinical AI research [34].

Despite these advantages, a critical concern that must be addressed is the po-
tential risk of over-smoothing and the introduction of artifacts by CNN-aug-
mented denoising pipelines. While deep learning models are highly effective at
suppressing noise, they may also inadvertently remove fine anatomical structures
or introduce artificial patterns that resemble pathology. Such changes can mislead
radiological interpretation, especially when subtle lesions or boundary definitions
are clinically relevant. Over-smoothing may cause blending of adjacent tissue
types, reducing contrast and obscuring pathology margins. Although SSIM and
PSNR provide objective evidence of denoising quality, they do not fully capture
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the perceptual and diagnostic implications of structural alteration. Hence, clinical
validation with expert radiologists and correlation with histopathological or
ground truth labels remains essential to ensure that the proposed models preserve
diagnostic integrity. Future versions of this work should incorporate uncertainty
quantification and interpretability tools such as saliency maps to flag potentially

altered regions post-denoising.

6. Conclusions

This study proposed a novel deep CNN-augmented denoising model for enhanc-
ing the quality of Magnetic Resonance Imaging (MRI) by integrating traditional
filters: Wavelet, Gaussian, Non-Local Means (NLM), and Anisotropic Diffusion—
with hybrid configurations such as NLM-Gaussian Fusion, NLM-Gaussian Se-
quential, and Wavelet-Anisotropic Diffusion. A CNN was introduced alongside
each filter to assess its contribution to image fidelity restoration. The best de-
noising results were achieved by the Wavelet-CNN model with PSNR = 31.72 dB
and SSIM = 0.816, followed closely by NLM-CNN and NLM-Gaussian Fusion-
CNN pipelines. These results demonstrate the advantage of hybrid and deep
learning integration for noise suppression and structure preservation, particularly
in settings where hardware-based MRI enhancement is not feasible. The CNN-
enriched models showed stable convergence with low training loss within just
three epochs, making the approach suitable for time-sensitive or resource-con-
strained environments. Nonetheless, a significant limitation is the exclusive use of
synthetically noised images for model training and evaluation. Although the syn-
thetic noise was designed to approximate low-SNR clinical conditions, it lacks the
variability and complexity of real-world noise patterns. As such, the reported per-
formance may overestimate the model’s effectiveness on true clinical MRI data.
To improve robustness and clinical relevance, future studies should incorporate
real noisy MRI datasets, preferably collected across multiple scanners and proto-
cols, and assess denoising impact on radiologist interpretation, lesion detectabil-
ity, and downstream tasks like segmentation or classification. Additionally, a lim-
itation exists in fully attributing performance gains to either the filtering stage or
the CNN stage. To isolate and better understand the contribution of each compo-
nent, future work should include controlled ablation studies. This would involve
comparing 1) filter-only denoising, 2) CNN-only denoising (without prepro-
cessing), and 3) the combined filter + CNN architecture. Such comparisons will
help determine whether the filters are critical for CNN effectiveness or whether
CNNss alone can handle raw noise patterns efficiently. These insights could guide
optimization of runtime efficiency by removing redundant components without
sacrificing quality. Furthermore, the current models were trained for only three
epochs, which may limit learning depth and generalizability. Future research
should extend the training duration with adaptive learning rate scheduling, early
stopping, and validation-based monitoring to achieve better convergence and ac-

curacy.
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Future research may also adapt this framework to other imaging modalities
such as CT and ultrasound, explore transformer-based denoising models, and ap-
ply self-supervised or federated learning paradigms that operate effectively in low-

data and privacy-sensitive environments.
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