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High-quality MRI images are essential for accurate definition of target volumes and organs at risk, as well as for correct registration with
CT scans when planning radiotherapy. The aim of this work is to develop a robust denoising method that improves visualization of brain
structures and preserves anatomical details. A model based on a modified U-Net architecture with residual blocks, attention modules
(CBAM) and spatial pyramidal pooling is proposed. The approach is characterized by the integration of statistical noise characteristics
obtained from phantom measurements and modeling of degradations in pseudo-k-space (including Gaussian and Rayleigh noise
distributions). The validation was performed on 1000 anonymized clinical DICOM images with variable noise levels. The proposed model
provided an increase in PSNR by 8-10 dB and an increase in SSIM from 0.72 to 0.97. The edge preservation index (EPI), which reached
values of 8.0 on noisy images due to artifacts, stabilized at 1.0 after processing, indicating effective removal of pseudo-contours without
blurring true anatomical boundaries. In addition, an average SNR improvement of 7% and a CV reduction of 4-7% were observed on real
images, confirming the stability of the method. The combination of physically based noise modeling in the frequency domain and modern
deep learning architectures allows for effective noise removal while preserving critical anatomical boundaries. The method has high
potential for clinical implementation in radiotherapy planning procedures, in particular to improve the accuracy of MRI/CT fusion.
Keywords: MRI denoising; k-space noise modeling; Deep learning; Adaptive noise scaling; Fourier domain simulation; Medical
image reconstruction, CNN
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1. INTRODUCTION

The quality of medical images directly affects the accuracy of diagnosis, the effectiveness of treatment planning and
the ability to track the results of therapy. Magnetic resonance imaging (MRI) today occupies an important place among
imaging methods due to its high contrast of soft tissues, the absence of ionizing radiation and flexibility in choosing signal
weighting modes. Due to these properties, MRI is widely used in neuroimaging, orthopedics, oncology and cardiology [1,2].
In global clinical practice, magnetic resonance imaging machines with a field induction of 1.5 T remain the most common
and affordable. They are used as the main imaging standard due to the optimal ratio of image quality, examination time and
economic feasibility. Despite the lower signal-to-noise ratio compared to 3T systems, it is 1.5 T devices that are used in the
vast majority of clinical cases, including oncological, cardiological and neurological studies. However, despite its high
informative value, MRI remains very sensitive to noise and artifacts. These can arise both from hardware limitations (scanner
characteristics, multichannel coils, excitation and reconstruction parameters) and from physiological factors, including
involuntary patient movements, breathing, or magnetic field inhomogeneities [3,4]. Such factors directly affect the signal-
to-noise ratio (SNR) and, in the case of insufficient image quality, can make diagnosis difficult or even impossible. This
makes it relevant to conduct research on methods for increasing information content and reducing the impact of noise
specifically for 1.5 T MRI, since the results obtained will have the greatest practical value and wide application.

To reduce these negative effects, denoising methods are being actively developed. Classical algorithms are based
mainly on synthetic noise models, primarily Gaussian or Rician [5,6]. Their popularity is due to their mathematical
simplicity and the possibility of rapid implementation. At the same time, they do not reflect the complex statistical nature
of real noise in MRI. For example, Rician noise has been shown to be SNR-dependent and has properties that significantly
change the intensity distribution, especially in low-signal areas [7]. Ignoring these effects results in methods that work
well on artificially noisy images showing lower performance in clinical settings. The current trend in MRI denoising is
to use methods that can reproduce the characteristics of real noise and take into account the physics of signal formation.
Considerable attention is paid to deep learning, which has radically changed the approach to medical image processing in
the last decade [8,9]. In particular, self-supervised and unsupervised methods are actively developing, which allow
training models without ideal "reference" data, which is often unavailable in medicine [10,11]. Another direction is to
model noise directly in k-space, i.e. in the original data before reconstruction. This allows you to create artifacts that are
as close to real ones as possible and thus form more reliable training samples [12].

A special place is occupied by research using physical phantoms [13]. Although the study was conducted in the
context of radiography, it clearly demonstrates the general methodological approach and the importance of phantom
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studies for clinical verification of image processing algorithms. They provide controlled experimental conditions, allow
for statistical description of noise distribution, and test algorithms in repeatable scenarios [14]. Recent work demonstrates
that combining phantom data and k-space noise modeling can increase SNR, reduce artifacts, and bring reconstruction
results closer to clinically relevant ones [15,16]. This confirms the importance of moving from purely synthetic models
to more realistic ones based on physical experiments. At the same time, with the development of modeling methods, the
architectures of neural networks used in medical imaging are also being actively improved. The use of attention
mechanisms such as CBAM (Convolutional Block Attention Module) or channel-wise attention [9], as well as integrating
multilevel noise statistics into the model [15], allow to increase the accuracy of reconstruction of small structures and
better preserve diagnostically important information. This approach opens up the prospect of creating more universal
denoising systems capable of working on both phantom and clinical data. The aim of this study is to develop a method
for denoising MRI images that combines statistically sound modeling of signal degradations based on phantom
experiments with an improved neural network architecture that integrates attention mechanisms and takes into account
noise characteristics at deep levels of the model. The proposed approach is aimed at improving the clarity of reconstructed
images and preserving diagnostically significant information when working with standard clinical data.

2. Materials and methods
2.1. Phantoms and their characteristics

The study used specially prepared phantoms designed to simulate different types of biological tissues and analyze
the impact of noise on the quality of magnetic resonance images. The use of phantoms provides controlled experimental
conditions, which allows for a systematic study of noise characteristics in a reproduced environment and comparison of
the results with literature data [17,18]. We used three types of Siemens phantoms (Table 1), which allow for the simulation
of different tissue-like environments and the analysis of the effect of noise on magnetic resonance images. The first of
them is a cylindrical phantom with a volume of 5300 ml, filled with a solution containing 3.75g NiSO4-6H20 and 5 g
NaCl per 1000 g of distilled water. This combination reproduces the electrical conductivity of soft tissues and allows you
to control the electromagnetic properties during measurements. The second object was a spherical phantom D165 with a
diameter of 165mm and a volume of 2570ml, in which a solution of 1.25 g of NiSO4-6H20 per 1000 g distilled water.
Due to its high homogeneity and stability, this phantom was intended to reproduce conditions with controlled SNR, which
provides an assessment of the basic noise characteristics and parameter calibration. The third phantom was a spherical
D240 with a diameter of 240 mm and a volume of 7300 ml, filled with Marcol oil with the addition of 0.011g of Macrolex
blue dye per 1000ml. It was used to simulate adipose tissue and model inhomogeneities, which allows assessing the
appearance of artifacts and the robustness of denoising algorithms to differences in tissue structure. Phantom data were
acquired on a 3-Tesla MR scanner (Siemens MAGNETOM Vida). The dataset included two different 3D T1-weighted
sequences with high isotropic resolution (1x1x1 mm). The first sequence was a 3D gradient echo (MPRAGE/TFL) with
inversion-recovery (TR=2300 ms, TE=2.96 ms, TI=900 ms, 9° Flip angle). The second was a 3D fast spin echo (SPACE)
(TR=700 ms, TE=22 ms, 120° Flip angle).

Table 1. Names and characteristics of phantoms used for analyzing the statistical characteristics of superimposed noise.

PHANTOM SIZE / VOLUME SOLUTION COMPOSITION PURPOSE
s Height = standard, 3.75 g NiSO4+:6H-0 + 5 g NaCl Simulation of homogeneous soft tissues,
Cylindrical (5300 ml) Volume: 5300 ml per 1000 g dist. H-0 conductivity regulation
. Diameter: 165 mm; 1.25 g NiSO4-6H20 Assessment of homogenelty and basic
Spherical D165 Volume: 2570 ml er 1000 g dist. H:0 nowe
) p & 2 characteristics, SNR calibration
Spherical D240 Diameter: 240 mm; Marcol oil +0.011 g inhsolgcl)l liiiﬁiﬁ afﬁt‘f?ﬁi zlsaillles?;lind
P Volume: 7300 ml Macrollex Blue per 1000 ml g > Y

algorithm robustness

Phantoms are widely used in medical imaging for quality control, standardization of experiments, and improvement
of algorithms [17], and can also serve as a proxy metric for scan quality to increase research reproducibility [19].

2.2. Frequency domain noise modeling
In magnetic resonance imaging, the signal is formed in the frequency domain (k-space) as complex samples. The
image is reconstructed in coordinate space by means of the inverse Fourier transform [20]:

1(x,y) = F 1K (ky, ky ), (1)

where K (ky, k,) - complex k-space data, and I(x, y) - reconstructed MRI image.

This study uses standard clinical DICOM images, which retain only the magnitude of the reconstructed signal and
do not contain phase information or the original complex-valued k-space data. Therefore, any k-space obtained by inverse
Fourier transform of magnitude images is a pseudo-k-space, which is not a physical representation of the frequency data
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acquired by the scanner. In this regard, this work does not claim to directly denoise true k-space, but uses the frequency
representation solely as a mathematical tool for modeling and analyzing image degradation. It is known that noise in raw
MRI data arises as additive complex Gaussian noise in k-space, due to thermal fluctuations of the receiving system
(effective resistance of the receiving coil and the specimen) [21]. Since the original complex data is not available, this
noise cannot be accurately reproduced or removed in a physically rigorous sense. In this paper, complex Gaussian noise
is considered as a reference physical model that explains the origin of non-Gaussian effects in image space, but is not
used to directly model the true k-space of the scanner. After reconstruction and calculation of the magnitude of the
complex signal:

M(x,y) = JI2(x,y) + IZ(x, y), )

in the presence of complex Gaussian noise, a ray-like distribution of intensities naturally arises, especially in regions with
a low signal-to-noise ratio [22]. In this work, these effects are not artificially introduced, but are considered as a
consequence of the standard reconstruction process. In addition to noise, real MRI images may contain degradations
associated with patient motion, reconstruction instability, or further processing. Such effects are not interpreted as
physical k-space noise and are applied only at the image level as part of a training strategy to increase the robustness of
the neural network. Therefore, the presented approach is not a direct denoising of physical k-space, but is aimed at
improving the quality of reconstructed MRI images obtained from standard DICOM data. The frequency representation
is used as a convenient mathematical tool, while all assumptions about the nature of MRI noise are consistent with the
limitations of the available data.

2.3. Statistical analysis of noise

To quantify the impact of different types of noise on MRI phantom images, three key statistical characteristics were
measured: mean, skewness, and kurtosis, as a function of noise intensity. The use of histogram parameters such as
skewness and kurtosis is a validated approach for analyzing image heterogeneity and shape distribution [23]. In particular,
the mathematical representation of excess kurtosis and statistical significance through sample moments allows us to
clearly quantify how much noise deviates from a normal distribution [24]. To quantitatively characterize the impact of
scanning artifacts on the quality of MR images, a series of experiments using phantoms was conducted. One group of
phantoms was scanned under optimal conditions (“clean” phantoms), the other group was scanned under conditions of
light artifacts: metal (iron) impurities, accelerated gradient echo (GRE) sequences, minimal noise amplification, or
magnetic field instability. Figure 1 shows an example of a pair of clean and noisy images in the case of noise damage to
a metal artifact The statistical values are given for this specific pair of images.

Clean (full)

Damaged {full)

mean: 0.803926
std: 0.028528
skewness: 0.035883
kurtosis: 0.282731

local contrast: 0.014193
blur metric: 0.002233
edge density: 0.272400
local entropy: 4.147227

Clean ROI Damaged ROI

Figure 1. Examples of phantom images and obtaining statistical characteristics.

In each case, the following statistical indicators of pixel intensities were calculated within the specified ROIs
(regions of interest):

mean = 0.77, std = 0.033, skewness = 0.27, kurtosis = 0.51.
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The mean intensity value reflects the generalized signal level in the ROI and allows for the assessment of possible
baseline level bias caused by scanning artifacts. Standard deviation (o) characterizes the variability of intensities, i.e.
internal signal fluctuations and noise-like effects caused by magnetic field inhomogeneity or metallic inclusions.
Distribution asymmetry (skewness, y;) determines the degree of shift of the intensity histogram: a positive value (0.27)
indicates a predominance of pixels with higher intensity, reflecting local amplifications or slight signal saturation.
Kurtosis (kurtosis, y,) describes the peakedness of the distribution - a value of 0.51 indicates a moderate concentration
of intensities around the mean and the presence of slight “tails” due to scanning artifacts.

The obtained values demonstrate that even without intentionally synthesized noise, real scanning conditions
(artifacts) change the signal statistics - increase the dispersion (std), create asymmetry (positive skewness) and slight
“sharpness” (kurtosis). Such behavior confirms the feasibility of using these statistical indicators as input features for the
StatsProjection module in the network, allowing to adapt the filtering depending on the nature of the artifacts. Phantoms
were scanned three times in each mode; the resulting images were pre-normalized to [0,1] and scaled to 512*512 pixels.
ROIs were placed in the central region of the phantom (homogeneous zone), excluding borders and large artifacts. Mean,
std, skewness, and kurtosis were calculated for each series and then averaged. The resulting values are shown above. This
statistical evaluation confirms the presence of stable artifact-induced signal fluctuations that are not labeled as pure noise
but affect image quality at the histogram level. Therefore, integrating these statistics into network training allows for
better adaptation of the model to real scanning conditions and increases its generalizability.

These values were integrated into the preprocessing block, which generates noise patterns with statistical properties
as close as possible to real ones. This approach allows the model to take into account not only the average noise level, but
also its asymmetry and the shape of the distribution, which is important for reproducing realistic noise artifacts during
training.

2.4. Improved neural network architecture

The proposed model is designed to denoise MRI images of size 512*512 pixels (1 channel, grayscale) taking into
account the physical characteristics of the noise measured on phantoms and statistical parameters integrated into the
training process. The architecture combines the advantages of U-Net [25] with residual connections, attention
mechanisms, multiscale processing (ASPP) [26] and statistical integration module (StatsProjection) [27]. This
combination allows for effective noise suppression while preserving contours, texture, and diagnostically significant
image details. Residual blocks with SpatialDropout (Regularization Method for CNNs) [28] and LeakyReLU (Leaky
Rectified Linear Unit) [29] are used to avoid information loss during convolutions due to residual connections, improve
the generalization ability of the model through spatial dropout, and prevent the disappearance of the gradient by using
LeakyReLU activation.

The model implements a residual approach to denoising: it does not directly reconstruct a clean image, but learns to
reproduce the noise map Ry (I,,;5y) after which the reconstructed image is defined as:

I= Inoisy - RB(Inoisy), 3)

where I,,;5, - noisy input image, Rg(-) - function approximating the noise structure, I- de-noised image. The real
(reference) image is marked as I, and is used as a reference when calculating the loss function. This approach accelerates
convergence and stabilizes learning, since the network operates with less dynamic values (the amplitude of the noise is
smaller than that of the signal). The architecture is based on U-Net with a symmetric encoder and decoder connected by

skip connections. Each level consists of the following elements:
Residual blocks (ResBlock):

y =F(x, W) + x, “)

where F (x, W;) - sequence of convolution, normalization and activation operations of LeakyReLU.

Adding input signal x prevents information loss in deep convolutions and reduces the risk of gradient vanishing.
Using SpatialDropout2D preserves spatial consistency by suppressing random overcorrelations between filters. CBAM
is essentially an attention mechanism operating in two dimensions [30]:

- Channel Attention amplifies the most informative channels:

M=o (WZ (5 (Wi (6aP()) + Wl(GMP(x))>>, )

where GAPi1 GMP - global averaging and maximum operations, ¢ - sigmoid, § - ReLU.
- Spatial Attention focuses on local areas of the image:

M; = o(f77 ([AvgPool(x); MaxPool (x)])). 6)

Final gain:
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x'=M; O M, O x). @)

ASPP is used in the "neck" of the network for multi-scale analysis, providing sensitivity to different spatial
frequencies of noise. It uses convolutions with extensions d = [1,6,12,18], after which the results are combined:

d;
Yaspp = Z_Convéx?,)(x). ®)
L

Channelwise Attention (CA) takes into account the global interaction between channels by calculating weights via
a normalized softmax vector [31]:

gi
i = - g,,W i = il
w, here g; = GAP(x;) 9)
5
J

This improves the balance between high-frequency and low-frequency features, especially in areas with
heterogeneous SNR.

The StatsProjection module implements the idea of physically based feature adaptation, where parameters obtained
from statistical noise analysis directly influence the process of normalizing activations in a neural network [32]. Unlike
standard normalization mechanisms which calculate scaling and shifting parameters directly from the data in the current
layer, this module uses external experimentally measured noise characteristics - the average p, standard deviation o,
asymmetry skewness and kurtosis obtained from phantom studies. The input to the module is a four-dimensional vector
of statistical parameters:

s = [u, 0, skewness, kurtosis],

which describes the statistical “profile” of noise for a particular image or its fragment. This vector is fed to a fully
connected layer (Dense) with linear activation, which performs the projection of statistical parameters into the feature
scale space:

vg = Wy -5 + b, (10)

where W; and b, - parameters of the training layer. The resulting vector v has the same number of components as the
number of channels in the current feature tensor x, and therefore can be used to modulate normalization. After this, the
normalized activations are corrected, where the vector vy acts as a scaling modifier:

y = Norm(x) © (1 + v,), (11)

where Norm(+) - Layer Normalization, which provides zero mean and unit variance within the layer, © - per-channel
multiplication. Thus, StatsProjection adds a physically meaningful scaling to the standard normalization process, which
aligns the network with the real noise statistics inherent in a particular data type.

Intuitively, this approach resembles the Feature-wise Linear Modulation (FiLM) method, but with the difference
that the modulating parameters are not trained directly from the data, but are derived from experimentally measured noise
statistics. This provides better consistency of the network with the physical characteristics of the MRI signal, allows it to
respond adaptively to different types of artifacts, and stabilizes training when working with heterogeneous data sets.

The loss function combines several components:

Leotat = M Luss + Az (1= SSIM(L, 1)) + A Lopy. (12)

where:

Lysg - minimizes the energy difference between [ and Ly
SSIM - structural similarity controlling local contours;
Lepr - gradient loss that prevents blurring of boundaries;
A; - weighting factors (0.5, 0.3, 0.2 respectively).

During training, the model receives a pair(lpoisy, Ige ), Where Lo, - images with physically motivated degradations
obtained by frequency perturbations of reconstructed magnitude images, and I, - phantom or clinical image with high
signal-to-noise ratio. Thus, the network is trained on degradations consistent with the physical properties of MRI, rather
than on arbitrary synthetic noise [33-35].

All convolutional layers of the model use 3*3 kernels with “same” padding and HeNormal weight initialization.
[36], which ensures stable variation of activations even in deep layers. The use of residual connections between the
encoder and decoder allows to transfer not only contextual, but also textural information, which is critically important for
MRI images, where soft tissue contrast often has a fine gradation. The combination of CBAM, ASPP and Residual-blocks
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creates a balance between global contextuality and local detail, ensuring the preservation of anatomical structures with

effective noise suppression. The final view of the model is presented in Figure 2.
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Figure 2. Structural diagram of the model used for processing, reconstruction and denoising of noisy images

2.6. Model training

To ensure the reliability and reproducibility of the training results, the model was trained on structured subsets of MRI
images formed according to the principles of sample independence. The main data set consisted of normalized 16-bit MRI
images of 512x512 pixels in grayscale. Each subset contained unique samples, which excluded any overlap between the data
for training, validation, and testing. To control the generalization ability of the model, training was carried out on the training
sample (60%) with periodic checking on the validation subset (20%). The final efficiency was assessed on an independent
test set (20%), which was not used at any stage of training. Thus, the obtained results characterize the real ability of the
model to generalize data that were not encountered during parameter optimization. Overtraining control was provided by
mechanisms that automatically adjusted the learning rate and fixed the best model weights with minimal validation error.
During the simulation, various types of physically based noise were implemented: Rician, Gaussian, Poisson and salt-and-
pepper, each of which was generated with random intensity parameters according to the amplitude characteristics of the
output signal in k-space. After the inverse Fourier transform, images with specified statistical properties of the noise were
obtained, which formed training pairs. Both types of input data were used in the training process: noisy images and vectors
of statistical noise parameters (mean, standard deviation, skewness, kurtosis), which were fed into the StatsProjection Module
for adaptive modification of normalization. Training was performed using the AdamW optimizer (learning rate = 1 X 1074,
Bi = 0.9, B, = 0.999) and dynamic adjustment of the learning rate according to the scheme. Mixed-precision training and
Batch Renormalization in deep layers were used to stabilize convergence.

The criterion for completing training was the achievement of stabilization (plateau) of the validation error, i.e. the
moment when subsequent epochs did not lead to an improvement in the results on the validation data. For this, an early
stopping mechanism was used, which automatically stops optimization after 10 epochs without improving the quality of
the model and restores the weights fixed at the best stage. Additionally, an adaptive learning rate adjustment algorithm
was used, which reduces it by 5 times (factor 0.2) after 5 epochs without improving the results, but not below the minimum
value 1 X 1076, This combination of methods prevents overfitting, stabilizes convergence, and allows the model to
gradually approach the global minimum of the loss function without losing generalization ability. Training was performed
with a batch size of 16, for 50-100 epochs, depending on the experiment, on an NVIDIA RTX 5070 Ti graphics
accelerator.

2.7. Methods for quantifying image quality
To quantify the effectiveness of the proposed denoising model, both reference and non-reference metrics were used,
which allow us to assess the quality of signal recovery, preservation of structural similarity, local contrasts, and signal
homogeneity within regions of interest. This approach allows us to comprehensively characterize both the intensities and
structural reliability of the results obtained, combining analytical accuracy with clinical relevance.
The Peak Signal-to-Noise Ratio (PSNR) metric is defined as [37]:

2 ~
PSNR = 10 - logy, (M“‘X’),MSE =y -1, (13)

MSE

where MAX, - maximum intensity value, I; and I;- pixel values in the reference and reconstructed images, respectively.
PSNR is a classical metric for assessing the degree of signal distortion and is based on the energy distance between the
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input and reconstructed images. High PSNR values indicate minimal signal loss, but this metric does not take into account
the perceptual aspects of the image [38].

To eliminate this drawback, the Structural Similarity Index is used [37,39], which describes the structural similarity
between two images, taking into account brightness, contrast, and texture:

(2upg+¢1)(203+C7)
(#12 +u72+61)(0'12+072+62)'

SSIM(1,1) = (14)

Here p;i u; - average intensity values, o; and - dispersion, g;j- covariance between images. SSIM evaluates not
only numerical similarity, but also the degree of preservation of textural and spatial relationships, which makes it more
consistent with human perception of quality. Since for medical images it is important not only to preserve the average
signal level, but also to avoid loss of contours, the Edge Preservation Index (EPI) is used:

SIVIl|VI|
sz - (15)

This indicator is based on comparing image gradients and reflects the degree of edge preservation after denoising
[40,41]. A high EPI value indicates that the model does not blur the structure and adequately restores local intensity
transitions, which is critical for diagnosing gray-white matter boundaries or tumor contours. Another fully reference
metric is the Normalized Cross-Correlation (NCC) [42]:

EPI =

SU-u)(I-pz) . (16)
[S-r)2Ed-up?

It determines the degree of linear relationship between two images regardless of scale variations. NCC is particularly
useful for assessing the stability of reconstructions, where it is important to maintain spatial correlation even if the absolute
values of the intensities change. For real clinical MRI images, where there is no “gold standard”, non-reference indicators
Signal-to-Noise Ratio were additionally used [43] and Coefficient of Variation (CV) [44,45], which are calculated within
ROIs (regions of interest). They have the form:

NCC =

SNR = &signal ey — IROL (17)
Onoise HROI

Here pgigna and 0p4;5.- mean and standard deviation of signal and noise, respectively, while CV characterizes the
relative intensity heterogeneity within the selected region. An increase in SNR after denoising reflects a real improvement
in tissue contrast, and a decrease in CV indicates a decrease in local fluctuations and stabilization of signal homogeneity.
Such indicators are closer to the clinical perception of quality, since they characterize not only the technical accuracy of
the reconstruction, but also the diagnostic readability of the image. In general, the combination of reference (PSNR, SSIM,
EPI, NCC) and non-reference (SNR, CV) metrics provides a comprehensive assessment of image quality, covering both
structural reliability and practical suitability for clinical analysis [36,46,47]. This approach is consistent with current
recommendations for medical imaging tasks, where there is no single standard for a true image, and quality assessment

should take into account both physical and perceptual aspects.

2.8. DICOM medical images used
To train and test the model, 5000 anonymized DICOM (Digital Imaging and Communication in Medicine) brain
MRI images obtained from 200 patients were used. All images were previously anonymized, which guaranteed patient
confidentiality. The dataset consisted of T1-weighted images, which are necessary for clear visualization of the anatomical
structure of the brain and differentiation of gray and white matter. A heterogeneous set of T1-weighted brain MRI images
obtained on 1.5 T scanners from different manufacturers (Siemens Symphony and GE Optima MR450w) was used for
the study. The 2D sequences included conventional spin echo (SE) from Siemens (TR/TE 394/17 ms; slice thickness
5 mm) and fast spin echo (FSE) from GE (TR/TE 623/7.776 ms; slice thickness 5 mm). To simulate real-world scenarios
of image degradation, noise of various ranges and characteristics was artificially added to the original data. In addition,
artifacts associated with k-space truncation (Gibbs bell) and motion were simulated. This variety of noise allowed the
model to be trained to work effectively in conditions as close as possible to clinical practice, where the quality of the
original data can vary significantly. Particular attention was paid to the uniformity of brightness and contrast between
image series, as these parameters affect the stability and accuracy of the algorithms. To this end, subsets of images with
high SNR levels were generated, which were used as reference examples (ground truth) to evaluate the effectiveness of
noise reduction. A separate and comprehensive validation set was also created to ensure an adequate reflection of the

variety of clinical cases that the model may encounter in practical application.

3. Results and discussion
3.1. Quantitative assessment
Three key metrics were used to evaluate the effectiveness of the proposed denoising method: PSNR, SSIM, and EPI.
PSNR and SSIM metrics are widely used in modern MRI denoising work, including studies of score-based self-learning
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MRI denoising, systematic analysis of wavelet-based approaches for brain MRI images, and recent work on self-learning
diffusion MRI denoising [4]. Their effectiveness is also confirmed in a comprehensive review of medical image quality
assessment systems, which highlights the critical importance of accurate metrics for diagnosis and clinical outcomes [48].
EPI allows for the addition of an important dimension of local edge and contour preservation -critical for medical
diagnostics-and has already been proven to be an objective and reliable metric in MR image restoration tasks compared
to subjective assessment [49]. Additionally, the use of PSNR, MSE, and SSIM as "image quality metrics" when comparing
denoising algorithms is supported by studies of quality assessment of full-reference methods for medical images, which
demonstrate a correlation between objective metrics and subjective quality [50,51]. Overall, the results for all three
metrics confirm that the use of statistically sound noise parameters in k-space allows for a significant improvement in
image quality (Fig. 3).
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Figure 3. Graphs of the obtained PSNR, SSIM and EPI results for 300 real images after adding noise of different intensity gradations
to simulate real scanning conditions.

PSNR is a basic numerical criterion of reconstruction quality, reflecting the ratio between the maximum possible
signal intensity and the root mean square error. It is important to note that the calculation was performed based on the
dynamic range of 16-bit DICOM data, which results in higher absolute values compared to standard 8-bit formats. In the
presented experiments, noisy images had PSNR values in the range of 28-41 dB, which indicates signal degradation. In
contrast, after denoising, improvement of up to 40-54 dB was observed. It is important to note the stable difference of
approximately 8-10 dB between the processed and unprocessed images, which indicates the consistency of the algorithm
regardless of variations in the source data.

Since PSNR does not take into account perceptual aspects, for a more adequate assessment, the SSIM metric, which
reflects the similarity of structural characteristics between the original and the reconstructed image, was also used. For
noisy data, the SSIM varied in a wide range of 0.5-0.95, demonstrating instability and loss of structural information. After
applying the denoising algorithm, the SSIM values stabilized at 0.95-1.0, which confirms the ability of the model to
preserve small structural elements and image topology even at different noise levels. Special attention was paid to the EPI
metric, which assesses the quality of contour and fine detail restoration. In noisy images, EPI ranged from 1.0 to 8.0, with
sporadic peaks reflecting local artifacts caused by noise. After denoising, EPI values stabilized around 1.0, indicating a
high level of edge preservation and no additional blurring or structural loss during processing.

The proposed approach provides not only an increase in the signal-to-noise ratio, but also the restoration of structural
similarity and the correct preservation of fine details, which is critically important for clinical diagnostics. Additionally,
histograms of the distribution of metric improvements were constructed for all images for quantitative analysis. The
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distribution graph for PSNR improvements shows a clear shift to the right with an average increase of 7.85 dB, which
confirms a stable noise reduction in most images. A similar trend is observed for SNR improvements, where the average
increase is also 7.85 dB, indicating an increase in the signal-to-noise ratio and improved visibility of structural details.
For SSIM improvements, the average increase is 0.217, which reflects improvement in the structural similarity of denoised
images to the original “clean” data. This is particularly important because SSIM better accounts for human perception of
local details and textures than PSNR. In the case of NCC improvements, a more compressed distribution is observed with
an average gain of 0.046. Although this value is small compared to other metrics, even a small improvement in NCC
indicates a higher stability of the correlation between the denoised and reference images. Thus, all four histograms
demonstrate that the improvement is systematic and covers most of the data, rather than being limited to isolated cases
(Fig. 4). This confirms the consistency of the model's performance across samples and highlights its suitability for
practical use.
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Figure 4. Histograms of the distribution of improvements in the PSNR, SSIM, NCC, SNR metrics for all images.

Figure 5. Subjective comparison of several DICOM T1 images before adding strong artificial noise (left), with noise (center) and
after processing with the developed model (right)

Our method consistently preserves fine anatomical details, especially in areas of complex tissue boundaries, without
characteristic smoothing artifacts. In white matter regions, our method demonstrates exceptional preservation of subtle
intensity variations critical for detecting pathological changes. The gray matter-cerebrospinal fluid interface is one of the
most challenging areas to denoise due to abrupt intensity transitions. Our method excellently preserves sharp boundaries,
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avoiding the characteristic discretization artifacts of deep networks. CNN (Convolutional Neural Network) methods
introduce subtle geometric distortions near these boundaries, which can affect morphometric analysis. For T1 images,
where hyperintensities are clinically relevant, our method demonstrates optimal preservation of pathological lesion
contrast while effectively suppressing background noise. For visual evaluation, randomly selected images are presented,
to which strong noise was added, simulating difficult acquisition conditions, to demonstrate the effectiveness of the
proposed model even in cases of significant deterioration in the quality of the original data.

To test the generalization ability of the model and its practical applicability, an evaluation of its effectiveness was
carried out on real clinical MRI images of the brain obtained on a Siemens MAGNETOM Aera tomograph (1.5T). Unlike
the test set with artificially simulated noise, these images did not have standards, so the analysis was carried out using
ROI-based metrics that do not require a “clean” reference sample. For each image, regions of interest were automatically
formed: the central zone of homogeneous signal, the peripheral background area and the edge area between contrasting
tissues. Based on these areas, the main quantitative characteristics were calculated - SNR, coefficient of variation and
edge sharpness, which reflect the physical quality of the reconstructed signal. The general principle of obtaining the
difference between the noise in the original and denoised image is shown in the Figure 6.

Real Denoised

Noise map (ROl scaled)

Figure 6. One slice from the evaluation set of clinical MRI T1 images and the noise map of the difference between images

200 images from different series of T1-weighted scans were selected for the study. The results showed a increase in
the signal-to-noise ratio after applying the model, indicating a reduction in noise while maintaining contrast between
tissues. Quantification of 200 clinical T1 slices demonstrated consistent but modest improvements in ROI-based SNR
(+6-8%) and reductions in coefficient of variation (-4-7%) (Fig. 7). Importantly, the model preserves anatomical detail,
as reflected by the nearly overlapping profiles of the “before” and “after” curves. Thus, the reconstructed images are
characterized by higher stability of intensities with minimal loss of spatial details.
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Figure 7. SNR and CV graph of 200 selected real clinical images of brain T1 images

Visual analysis confirms the obtained numerical results. After processing, there is a reduction in high-frequency
fluctuations and inhomogeneities, preservation of fine structures of the cerebral cortex, white matter and contours of
intertissue boundaries. Signals in homogeneous areas become more uniform, and intensity histograms demonstrate a
narrowing of the distribution around the mean, which is a characteristic sign of noise reduction without loss of contrast.
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To evaluate the quality of real clinical image processing in specific areas of interest, the Axial T1-weighted FSE (Fast
Spin Echo) sequence was chosen. This scan is a standard 2D high-resolution anatomical sequence that is widely used in
routine diagnostics. It provides excellent soft tissue contrast and clear anatomical detail due to optimized spin-lattice
relaxation time. Based on a gradient echo complex, FSE is less sensitive to magnetic field inhomogeneities, making it a
reliable reference for evaluating the effectiveness of noise suppression in realistic clinical scenarios. The results are shown
in Figure 8.
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Figure 8. Histogram of the distribution of SNR and CV values of Axial T1-weighted Fast Spin Echo sequences after processing by
the model

The results obtained show that the model trained on phantom and synthetically noisy data successfully generalizes
its knowledge to real clinical images. We obtained an increase in the signal-to-noise ratio by an average of 11% and a
decrease in noise by 3%. Since the selected scans already have quite good image quality in the original case, this confirms
the correctness of the integration of phantom noise statistics through the StatsProjection module, which provides a
physically justified adaptation of feature normalization to a specific noise level. As a result, the model not only improves
the visual perception of MRI images, but also increases the metric reliability of the signal, which is of direct importance
for clinical applications, in particular for the accurate alignment of MRI and CT during radiotherapy planning. Thus, the
evaluation on real data confirms the effectiveness and robustness of the proposed method, which can be integrated into
standard clinical protocols as a stage of pre-processing of medical images.

3.2. Comparison with existing methods

The performance of the proposed neural network-based denoising approach considering k-space noise statistics was
evaluated against established denoising methodologies to demonstrate its advantages in improving the quality of MRI
images (Table 2). Quantitative analysis revealed significant improvements in all evaluated metrics compared to traditional
and state-of-the-art methods.

Recent advances in deep learning have revolutionized MRI denoising, and several notable architectures have
achieved impressive results. The DnCNN (Denoising Convolutional Neural Network) architecture [52] — one of the
pioneering deep learning approaches for image denoising -typically achieving PSNR improvements from 36-38 dB to
42-44 dB in MRI applications. However, these methods typically operate in the spatial domain of the image and do not
model the data acquisition process in k-space.

RED-CNN approach (Residual Encoder—Decoder Convolutional Neural Network) [53] specifically designed for
medical imaging, demonstrates comparable performance with PSNR values of 39-45 dB, but lacks the physical
justification characteristic of our approach.

Unsupervised learning methods such as Noise2Noise (Learning to Denoise from Corrupted Images) and Noise2Void
(Learning Denoising without Clean Data) have attracted attention due to their ability to work without paired sets of
“clean” images. According to a review by Wang et al. (2020) [54], Noise2Void provides effective noise reduction in low-
field MRI applications, although PSNR improvements (3—6 dB) remain lower than those of supervised models.

The use of MRI phantoms for noise characterization has been investigated in various contexts, however, current
evaluations tend to focus on SSIM and PSNR metrics, rarely considering k-space noise statistics. Recent work such as
Muckley et al. (2021) [55], demonstrated the effectiveness of k-space processing for the reconstruction of accelerated
MRI scans, but did not consider the denoising problem.

Cold Diffusion Models are an innovative direction in image reconstruction, but their main goal is reconstruction
from incomplete samples, rather than noise reduction in complete data. Our method, in contrast, is distinguished by the
explicit modeling of noise statistics in k-space based on experimental data from phantoms, which provides a physically
reliable basis for the denoising process.

Both classical and modern denoising algorithms were used for comparison. Among the traditional methods,
Gaussian and Wiener filters were used, which provide basic noise smoothing, but do not take into account the spatial-
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correlation structure of the signal. Non-Local Means (NLM) demonstrate higher efficiency [56] and BM3D (Block-
Matching and 3D Filtering) [57], which remain the benchmark among classical approaches.

In the field of deep learning, DnCNN is most commonly used [38], FFDNet (Flexible and Fast Denoising CNN)
[58]and RED-CNN [53], which achieve high results due to residual connections and flexible adaptation to different noise
levels. Another representative of this class is RCAN (Residual Channel Attention Network), which implements channel
attention to improve the recovery of small details [59].

Recent advances in image restoration are related to the use of transformer architectures, in particular SwinIR (Swin
Transformer for Image Restoration). [60] and Restormer (Efficient Transformer for High-Resolution Image Restoration)
[61], which combine local attention mechanisms with global contextual processing. For MRI signal recovery tasks,
NAFNet (Nonlinear Activation Free Network) and recurrent neural approaches for analyzing incomplete FID (Fréchet
Inception Distance) signals in MR spectroscopy are also promising [62].

In the context of MRI reconstruction, the VarNet (Variational Network for MRI Reconstruction) model [63] is an
example of integrating the physics of signal formation into the reconstruction process, which is consistent with the concept
used in our work.

Table 2. Comparison of the proposed method with a number of classical and modern approaches to image denoising.

Classical Methods
Gaussian Filter 28.5 0.65 22.1 3.2 0.82 0.1 Low
Wiener Filter 31.2 0.72 25.8 2.8 0.85 0.2 Low
Non-Local Means 34.1 0.78 28.5 2.1 0.88 15.2 Medium
BM3D 36.8 0.82 31.2 1.9 0.91 8.7 Medium
Deep Learning Methods
DnCNN 38.2 0.86 32.8 1.7 0.93 2.1 High
FFDNet 41.3 0.9 359 1.5 0.95 32 High
RED-CNN 39.5 0.88 34.1 1.5 0.94 1.8 High
RCAN 41.1 0.91 36.8 1.6 0.96 4.8 High
State-of-the-Art Methods
SwinIR 41.2 0.92 39.2 1 0.97 6.1 Very High
Restormer 42.8 0.93 39.9 1.2 0.97 53 Very High
NAFNet 43 .4 0.94 40.5 1 0.98 7.4 Very High
VarNet 43.5 0.94 40.8 0.8 0.98 7.2 Very High
Proposed 44,5 (+1.2) = 0.996 (+0.066) = 48.4 (+9.2) = 0.95(-0.05)  0.998 (+0.028) 32 High

(k-space phantom)

The results show that the proposed model outperforms existing solutions not only in numerical metrics, but also in
terms of consistency with the physics of MR signal formation. While classical methods (NLM, BM3D) provide limited
contrast improvement, and modern CNN- and Transformer-based approaches (DnCNN, SwinIR, Restormer) focus on
statistical texture restoration, the proposed model combines both approaches - physically based noise modeling in k-space
and adaptive neural network training, which makes it more versatile for real clinical applications. The model demonstrates
the best ratio between noise reduction and anatomical structure preservation, confirming the prospects of physically based
architectures in MRI image denoising tasks.

3.3. Limitations and prospects

Despite the achieved results, the proposed approach has some natural, technical and physical limitations inherent in
all modern methods of deep denoising of MRI images. At the same time, most of them do not reduce the efficiency of the
developed system, but rather outline the directions for its further improvement.

First of all, the current architecture is focused on compensation of stationary noise components, the parameters of
which are relatively stable within the slice or series. This is quite justified for most clinical protocols, however, in cases
of non-stationary disturbances - for example, artifacts of respiratory or cardiac movements, inter-slice shifts or weak
phase decoherence - the efficiency decreases due to a change in the local noise structure. In the future, it is advisable to
expand the model by kinematic regularization or motion-aware attention blocks, which will be able to take into account
the temporal and spatial correlation between frames, ensuring stability in multiphase or dynamic studies.

An important stage of further verification is testing the model on a wider range of contrasts and different MR
systems. This will allow quantitatively confirming the generalizability of the approach. The available results, based on a
combination of reference metrics (PSNR, SSIM, NCC, EPI) and ROI-based indicators (SNR, CV), already demonstrate
a high correlation between the mathematical quality assessment and the visual reliability of the reconstructed structures,
which confirms the practical stability of the model even on data without standards. However, future experiments provide
an even deeper assessment of these metrics in the context of quantitative MRI diagnostics, where even minimal deviations
in signal levels can affect the biophysical parameters of tissues.
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The use of experimentally measured phantom noise statistics requires special attention. This approach ensures the
physical reliability of training, since the parameters have a real physical origin. However, these statistics may vary
depending on the magnetic field intensity, temperature, coil type, or reconstruction method. Further development in this
direction involves distilling statistics directly from clinical images, for example, through Bayesian noise parameter
estimation or adaptive learning using pre-trained generative models.

Another promising direction is the integration of the proposed architecture with variational and generative-
adversarial models. Such a combination will allow creating more versatile reconstruction systems that are capable not
only of suppressing noise, but also of restoring undermeasured or artifactual data, which is especially important for
accelerated and undersampled sequences.

Finally, it is planned to evaluate the impact of the model not only on image quality, but also on quantitative MR
parameter maps (T1/T2-mapping, ADC, perfusion maps). This will allow us to establish to what extent the improvement
in SNR and the reduction in CV after processing translate into an increase in the reliability of the calculated biophysical
quantities. Thus, the proposed approach is physically justified, consistent with modern trends in MR analysis, and has the
potential for further development in the direction of fully interpretable, statistically adaptive denoising of medical images.

CONCLUSIONS

This paper presents an improved method for denoising MRI images based on modeling noise directly in the
frequency domain using statistical characteristics obtained from physical phantoms. This approach provides a more
realistic reproduction of the signal generation process and allows to reconcile synthetically generated noise with real
clinical imaging conditions. The proposed neural network architecture, which combines residual blocks, CBAM attention
mechanisms, ASPP and integration of noise statistics at deep levels, demonstrated improvements in key metrics. In
particular, a stable increase in PSNR by 8-10 dB, SSIM close to 1.0, a decrease in MAE and high-quality preservation of
fine structural details were observed. All tested images showed consistency of results, which confirms the reproducibility
of the algorithm. Comparative results show that our proposed method outperforms both classical approaches and modern
deep learning and transform models, providing a stable increase in PSNR by 2-7 dB (Table 2) and almost ideal SSIM/NCC
values compared to the best existing solutions.

The evaluation of the model's effectiveness on real clinical MRI images without standards showed that the proposed
approach provides a stable improvement in local quality metrics. In particular, the SNR and CV calculated within the
ROI demonstrate an average increase in SNR by 6-8% and a decrease in CV within 4-7%, which indicates a reduction
in heterogeneity and improved signal uniformity in tissues.

The practical value of the obtained results lies in the possibility of improving the quality of MRI in scenarios where
high noise limits diagnostic informativeness. Preservation of structural details and clarity of boundaries can contribute to
increasing the accuracy of contouring and treatment planning, as well as reducing the need for repeated scans. This makes
the method promising for application in clinical tasks related to diagnostics, therapy planning and patient monitoring.

Further development directions include expanding the phantom database, modeling motion artifacts in k-space,
testing on clinical data obtained using multi-scanner systems, and integrating uncertainty assessment methods. All this
will make the model even more adaptive and flexible for different imaging scenarios. An additional vector is the use of
generative approaches and expanding the training samples with different noise scenarios to increase the generalizability
and reliability of the model in practical conditions.
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IIYMO3AITYIIEHHSI MPT HA OCHOBI T/IHBOKOI'O HABYAHHS 3 BUKOPUCTAHHSM CTATUCTHKHA
IyYMY, OTPUMAHOI 3 BAMIPIOBAHb ®I3MUHNX ®AHTOMIB
I.T. Cuiocapenxo'?, A.B. Herpeoa'
! Daxynomem padioghisuxu, enekmponixu ma komn'tomeprux cucmem, Kuiscokuii nayionanshuii ynieepcumem imeni Tapaca
Llleguenka, syn. Bonooumupcoka, 64/13, Kuis, Yxpaina, 01601
’Hayionanenuii incmumym paxy Ypainu, eyn. FOnis 30anoscvkozo, 33/43, Kuie, Yxpaina, 03022

Bucoxkosikicni MPT-300pakeHHs] € BaXXJIMBUMHU ISl TOYHOTO BH3HAYCHHS 00'eMiB-MillieHe#l Ta OpraHiB, 10 3HaXOAAThCS B IPyImi
PHU3HUKY, a TakoX Ui mpaBmibHOI peectpanii Ha KT min yac mimanyBaHHS MpoMeHEBOi Teparii. MeToro miei pobotu € po3poOka
HAJIHHOTO METO/TY IITyMO3ariIyIeHHs, SKAH MOKPAIye Bi3yalli3allifo CTPYKTYp MO3KY Ta 30epirae aHaTOMi4Hi JeTai. 3anpornoHOBaHO
MOJIeJb, 3aCHOBaHy Ha MoaudikoBaiii apxitektypi U-Net i3 3amumkoBuMu 6imokamu, Moxyisimu yBaru (CBAM) ta nmpoctopoBrM
nipamiganbHuM o0'eqHaHHsAM. Ilinxin XapakTepU3yeThCS IHTETpamiclo CTATHCTHYHUX IIYMOBHX XapaKTEPHCTHK, OTPUMAHHX 3
(haHTOMHUX BHUMIpIOBaHb, Ta MOJICIIOBAHHSAM JCTPajalliil y MCeBa0-k-MPOCTOpi (BKIHOUAIOUM PO3MOIITN TayCOBOr0O Ta PENeIBCHKOr0O
mymy). Bamimamito Oyno mpoBexeHo Ha 1000 anonimizoBanux kiniHiuHHX DICOM-300pa)keHHSX 31 3MIHHHUMH DPIiBHSAMH IIyMY.
3anporoHoBana Moesb 3abe3neunna 30inbmenHs PSNR Ha 8-10 1b ta 36insmenss SSIM 3 0,72 no 0,97. Inaekc 36epexeHHs KpaiB
(EPI), sixmii mocsir 3Hadens 8,0 Ha IIyMHHX 300pakeHHsX depe3 apTedakTy, cTabiaizyBaBcs Ha piBHi 1,0 micis 00poOKH, 110 CBIAINUTD
mpo eQeKTUBHE BUIAJICHHS MCEBIOKOHTYPIB 0€3 pOSMUTTS CIPaBXHIX aHATOMIUYHHX Mex. KpiM Toro, Ha peanbHHX 300pa)KeHHIX
crioctepiranocs cepenne nmokpamieHHas SNR Ha 7% Ta 3amkennst CV Ha 4-7%, 1m0 miaTBepIKye cTabinbHICTE MeToay. [loenHanHs
¢Gi3MYHO OOTPYHTOBAHOTO MOJETIOBAHHS LIYMy B YaCTOTHIM 00JacTi Ta Cy4acHHMX apXiTeKTyp INIMOOKOro HaBYaHHS JO3BOJISIE
e(eKTHBHO BUJAIATH IIyM, 30epiraroun Impu IbOMY KPUTHYHI aHATOMIidHI Mexi. MeTox Mae BUCOKHMII ITOTEHIial JUIsl KIiHITHOTO
BIPOBA/UKEHHS B IPOLEypax IIaHyBaHH: MPOMEHEBO]I Tepartii, 30KkpeMa JUs IiABULIeHHs TouHoCcTi 00'eqnanns MPT/KT.

KurouoBi ciioBa: wiymoszaenywenns MPT, mooentosanns wiymy 6 k-npocmopi, enuboke HaguanHs, a0anmueHe MacumabyeanHs wymy,
Mmooenrosannsa 8 oonacmi Pyp'e, pexoncmpyxyia meouunux 3o0opasicenb, CNN





