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The quality of MRI images is often limited by spatially inhomogeneous noise, which negatively affects the accuracy of clinical
interpretation and automatic analysis. Traditional deep learning methods often implicitly account for noise, leading to excessive
smoothing and the loss of fine anatomical structures. In this paper, we propose an Enhanced Denoising U-Net architecture that employs
a Feature-wise Linear Modulation (FiLM) mechanism to dynamically adapt to the noise profile of each slice. The model combines a
vector of 8 statistical descriptors (including intensity, texture, and frequency characteristics), enabling dynamic control of the network’s
internal representations based on specific scanning conditions. To improve physical correctness, training was performed on data with
synthetically generated k-space noise. The architecture is enhanced with residual blocks, attention mechanisms, and a multiscale
processing module. On synthetic data, the average Peak Signal-to-Noise Ratio (PSNR) improvement was ~ 20.7 dB, and with an
average Structural Similarity Index (SSIM) improvement of approximately 0.73, indicating a deep restoration of structural information.
In clinical images, an increase in SNR and stabilization of the coefficient of variation (CV) were observed, confirming the method's
physical correctness. Clinical validation on complex contoured structures (hippocampus, brainstem, optic chiasm) showed an increase
in the Dice coefficient (DSC) by 0.07-0.12 and a decrease in the HD95 error by 30-50%. The proposed method enables a transition
from universal denoising strategies to adaptive reconstruction, ensuring high accuracy of preserving anatomical boundaries. This makes
it a promising tool for MRI processing in neuroimaging tasks and variable therapy planning.
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1. INTRODUCTION

Magnetic resonance imaging (MRI) is one of the primary modalities of modern medical imaging due to its high
spatial resolution, excellent soft tissue contrast, and the absence of ionizing radiation exposure [1]. At the same time, the
quality of MRI images is significantly limited by noise, which reduces the signal-to-noise ratio (SNR), complicates visual
interpretation, and degrades the accuracy of subsequent computational procedures, including segmentation, quantitative
analysis, and contouring of anatomical structures in radiation therapy [2].

The physical nature of noise in MRI is complex and multicomponent [3]. At the stage of signal formation in k-space,
noise typically follows a complex Gaussian distribution; however, after nonlinear reconstruction and transition to the
magnitude image domain, its statistics change, acquiring a Rician distribution, especially in areas with a low signal
level [4]. Additionally, the noise characteristics are influenced by the magnetic field strength, pulse sequence type,
reconstruction parameters, and the signal's spatial frequencies. As a result, noise in MRI is spatially heterogeneous and
statistically unstable even within a single study [5].

Traditional denoising methods, such as linear filtering, Wiener filter, Non-Local Means (NLM), or Block-matching
and 3D filtering (BM3D), are usually based on simplifying assumptions about stationarity and homogeneity of noise [6].
Although these approaches can effectively reduce random fluctuations, they often lead to the loss of high-frequency
components responsible for fine anatomical boundaries or exhibit unstable behaviour under changing noise conditions.
With the advent of deep learning, a significant amount of work has been devoted to applying convolutional neural
networks to MRI denoising. Architectures based on U-Net and its modifications, as well as models such as the Deep
Convolutional Neural Network (DnCNN) and the Residual Encoder-Decoder Convolutional Neural Network (RED-
CNN), have demonstrated significant improvements in Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity
Index (SSIM) compared to classical methods [7]. However, most of these approaches treat noise implicitly - as an integral
part of the input image - without explicitly considering its statistical characteristics. This forces the model to generalize a
wide range of noise modes within a single latent space, which complicates the training process and increases the risk of
over-smoothing [8].

A separate group consists of methods focused on reference-free learning (Noise2Noise, Noise2Void)[9], and
approaches that take into account local noise statistics. Although they reduce the dependence on reference data, such
models usually lack a mechanism for explicit adaptation to the specific noise profile of each image and remain sensitive
to changes in scanning conditions.
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This paper proposes an alternative approach in which noise is considered as a separate object of analysis with an
explicit statistical description. For each input MRI slice, a vector of statistical descriptors is computed to quantitatively
characterize the noise's intensity, texture, and frequency properties. This vector is used to control the internal
representations of the neural network using the Feature-wise Linear Modulation (FiLM) mechanism [10], which allows
the model to dynamically adapt the denoising process to specific image formation conditions.

The proposed model is based on a modified U-Net architecture with residual blocks, attention mechanisms [11] and
multi-scale processing. The performance evaluation is performed using a multi-level scheme that includes reference
metrics on synthetic and phantom data, reference-free metrics on real clinical images, and clinically oriented evaluation
through contouring of anatomical structures. This approach allows us to evaluate not only the formal quality of the image,
but also its practical utility in clinical tasks [12].

2. Materials and Methods
2.1. Data

The study used MRI brain DICOM (Digital Imaging and Communications in Medicine) images obtained under
standard clinical conditions on MRI scanners operating at magnetic field strengths of 1.5 T and 3 T. The dataset included
T1-weighted, T2-weighted, and FLAIR sequences, which provide different contrast types and enable the assessment of
the model’s stability of the proposed method under conditions of significantly different intensity and texture
characteristics. In total, the dataset contained 400 patients (approximately 10,000 slices), with training, validation, and
test samples distributed at the patient level in a 70% / 15% / 15% ratio. This approach prevents slices from the same study
from appearing in different subsets and prevents information leakage between the training and evaluation stages.

Figure 1. Examples of images used from the dataset

All images were reduced to a single spatial format of 512 x 512 pixels. Intensities were normalized to the range [0, 1]
via linear scaling after clipping the extreme 0.5% of the histogram values, thereby reducing the influence of individual
outliers and ensuring a fair comparison of images obtained with different scanning parameters.

Since obtaining noise-free MRI images in clinical conditions is practically impossible, a physically based synthetic
noise modeling approach was used to form training pairs. In contrast to methods that add noise directly in the image
domain, in this work, the noise is modeled in the frequency domain (k-space) followed by an inverse Fourier transform.
This allows us to reproduce the spatial-frequency properties of noise characteristic of MRI and avoid non-physical
artifacts [13].

2.2. Noise Generation and Training Data Preparation
To train the neural network, an algorithmic approach to generating noise degradations was used, directly
implemented in the model code. The goal of this stage was to create training examples that are statistically and structurally
close to real MRI images while remaining controllable in terms of the level and type of noise.
The input information for noise generation consists of reconstructed MRI images in magnitude format, normalized
to the range [0,1]. Since the original complex k-space data in clinical DICOM images are not available, the work uses
pseudo-k-space [14], obtained via a direct discrete Fourier transform:

K(u,v) = F{I(x,y)},

where I(x, y) - input image, and K (u, v) - its spectral representation.
In the frequency domain, a random complex quantity is added to each component of the spectrum, formed as the
sum of the real and imaginary parts, generated with a zero mean value[15]:
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K, v) = Kw,v) + a(w,v) [n.(u,v) + in;(u,v)],

where: n,.,n; ~ N (0,1) - independent Gaussian random variables, a(u, v) - noise factor scale, i - imaginary unit.

Scale factor a(u, v) is defined as a function of the radial distance from the center of k-space and allows modeling
the non-uniform distribution of noise over spatial frequencies. In implementation, this is achieved by multiplying the
random noise by a pre-generated frequency mask that amplifies or attenuates the noise in the high-frequency
components.[16] This approach allows the simulation of scenarios in which noise affects not only the background, but
also the small structural details of the image.

After adding noise in the spectral domain, an inverse Fourier transform is performed[17]:

I(e,y) =l FH{E (u,v)} |,

where the modulus of the complex signal is taken, which corresponds to the standard procedure for forming an MRI
image in clinical systems. The result is a noisy image with nonlinear statistical properties, particularly an asymmetric
intensity distribution in low-signal regions. Accordingly, the intensity distribution in the reconstructed amplitude image
is transformed from Gaussian to Rice distribution.

In addition, depending on the experimental configuration, auxiliary degradations can be superimposed in the image
space, in particular, additive Gaussian noise with low variance, Poisson-like intensity fluctuations, and weak blurring to
simulate the loss of high-frequency components. These operations are used not as the main noise model, but as a means
of increasing the network's resistance to mixed types of degradations.

An important feature of the implementation is that for each generated noisy image, a vector of statistical
characteristics is immediately calculated. Thus, each training pair has the form:

(Inoisyt S, Iclean)'

where s is a statistical description of the noise present in the image Iigy-

This provides internal consistency between the noise degradation and the control signal fed into the FiLM module
of the neural network. Unlike approaches where the noise level is specified only by a scalar or a fixed parameter, the
proposed implementation uses a multidimensional statistical description that allows the model to consider not only the
amplitude, but also the shape of the noise distribution and its spatial properties.

2.3. Calculation of statistical noise features
One of the main differences of the proposed approach is the explicit quantitative description of the noise
characteristics of each input MRI image. Instead of assuming a fixed or averaged noise regime, the work uses a dynamic
statistical analysis performed separately for each slice before feeding the results to the neural network.
For each input MRI slice, a vector of statistical features with dimensionality N = § was calculated [18]:

s= [ll, 0',]/1,]/2;Cloc; B, Dedge' Hloc]

All vector components were scaled using standard normalization to zero mean and unit variance, which ensures
stability of training and correct integration of statistical information in the FiLM module.
Mean intensity value

where I; - pixel intensity value, N - total number of pixels in an image. This value reflects the overall signal level and
allows for partial compensation of histogram shifts caused by noise or background heterogeneity.
Standard Deviation

which is used as a basic measure of the amplitude of noise fluctuations.

Skewness
1 (Ii - u)3
n=y o /)’
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which characterizes the shift of the intensity distribution relative to the symmetric case. Non-zero asymmetry is typical
for MRI images with low signal-to-noise ratio, especially in regions with low signal amplitude.

N

1 § I —u\*
=_ -3,
& N ( g )

i=1

which reflects the distribution's kurtosis and the presence of heavy tails characteristic of noise impurities and local
artifacts.

Local contrast was calculated as the average local standard deviation in sliding windows of size wxw, where w=7
pixels. This indicator is sensitive to small-scale intensity fluctuations and allows us to distinguish textural features of
tissues from random noise fluctuations [19].

The blur measure is estimated from the variance of the Laplace operator response:

B = Var (V2),

where V? - Laplacian of the image. A decrease in this value corresponds to the loss of high-frequency components
and is an indirect indicator of both excessive smoothing and defocusing.

Edge density is defined as the ratio of the number of pixels detected by the Canny algorithm to the total number of
pixels. This indicator allows us to assess the degree of "graininess" of the image and the number of pseudo-contours
generated by noise.[20]

Local entropy

H = —Epklog 2%
k

where p; - probability of intensities in a local window. Entropy is used as a generalized measure of texture complexity
and the degree of disorder in an image.

This set of features was chosen as a combination of intensity (to estimate overall noise) and texture (to distinguish
noise from anatomical structures) characteristics [21],[22].

The computation was performed in parallel using Graphics Processing Units (GPU), which allowed processing of
large image sets without significantly increasing data preparation time.

2.4. Mathematical formulation of the noise reduction problem
Let I jepn € R*W - clean (noise-free) MRI image, and Iy, - corresponding image distorted by noise. The process
of forming a noisy image can be generalized as:

Inoisy = D([clean' 7)),

where D(-) - degradation operator, and 7 - a set of parameters describing noise processes.
The denoising task can be formulated as learning a mapping:

i = fG (Inoisy' S),

where fy - neural network with parameters 6, s - vector of statistical noise features calculated for a specific image,
I - restored image.

The use of an additional condition vector s is consistent with conditional modulation approaches of neural networks.
Thus, the model not only analyses the spatial structure of the noisy image but also uses additional information about the
statistical profile of the noise, which allows adapting the reconstruction process to specific conditions.

The model was trained by minimizing the combined loss function

L= /‘ll‘CMSE + 12(1 - SSIM) + /‘{3LGDL!

where: i
e L[ysg - standard error between [ and Ije,n;
e SSIM - structural similarity index.
e Lipr - loss of gradient difference, which imposes a penalty for boundary distortion [23];
e J; - weighting factors that determine the contribution of each component.
The weighting coefficients were chosen empirically and defined as 0.6, 0.3, 0.1, respectively.

This choice of loss function provides a compromise between global accuracy of intensity recovery and preservation
of local anatomical structures [24].
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2.5. Enhanced Denoising U-Net Architecture

The proposed architecture is based on the classical U-Net [25]. However, it has been significantly extended to adapt
to the statistically heterogeneous noise of MRI images. The main idea is to combine spatial-contextual processing with
dynamic feature modulation driven by the statistical characteristics of the input image.

The architecture consists of an encoder, a symmetric decoder, and multi-scale processing, combining multi-scale
feature blocks with attention-guide filters, as shown in similar designs for high-quality denoising [26]. Residual blocks
with normalization and nonlinearity are used at each level, ensuring stable gradient propagation and reducing the risk of
feature degradation as the network depth increases. The integration of attention mechanisms into the residual U-Net
architecture allows the network to better capture structural details when denoising [27]. To illustrate the overall
organization of the model, Fig. 2 shows a diagram of the Enhanced Denoising U-Net architecture, which depicts the
hierarchical encoder—decoder structure, the locations of residual blocks and attention mechanisms, and the integration
point for FiLM modulation. The diagram reflects the logic of multi-level feature adaptation depending on the statistical
noise profile.

| : Encoder 1 Encoder 2 Encoder 3 Encoder 4
};‘}1&2:’;2‘;} Normalize | .| pochiock(32) ResBlock(64) ResBlock(128) ResBlock(256)
| E.1 256%256 +FiLM +FiLM +FiLM
. 128x128 64x64 3232

D e 2 o i
Stats Input - (Pool) ————Pooll ) \F:c)ol/l>

(8 features) > Fim o T
Bottleneck
ASPP(512)
+ FiLM
16x16
Decoder 1 7 Decoder 2 ‘ Decoder 3 ) (
+Alin Gate +Attn Gate +Attn Gate DEERIE
ResBlock(32) @ ResBlock(64) ".*_ ResBIock(128) @ REFIEEHPA, A Gl
256256 Sy 32x32

Conv + Norm

+ LeakyReLU

Output
Conv(1x1)

Tanh — [0,1]
512x512x1

Figure 2. Architecture of the proposed Enhanced Denoising U-Net model with residual blocks, attention mechanisms and FiLM
modulation controlled by a statistical noise vector. The encoder—decoder structure, multi-scale feature processing and integration of
statistical information at different levels of the network are shown

The main feature of the model is that the statistical feature vector s is used not only at the input but also integrated
into the network's internal representations at different levels via the Feature-wise Linear Modulation mechanism. For each
layer, a pair of scaling parameters is formed y(s) and displacement £(s), which depend linearly on the statistical vector:

Foue =v(2) O Fip + B(2)

where:
e [, - input layer feature tensor,

F,,: - output feature tensor,
e 7 - vector of statistical noise descriptors,
o y(2), B(z) - scaling and displacement vectors generated by a multilayer perceptron network (MLP),

e (© - component-wise multiplication.

From a physical point of view, this means that the network dynamically changes the sensitivity of its filters
depending on the noise level, its asymmetry, entropy and other characteristics. For example, with a high standard deviation
and increased entropy, the model automatically reduces the weight of high-frequency channels, while for images with a
low noise level, a larger number of fine structural details are preserved.

Thus, the architecture implements not a fixed, but a context-dependent denoising strategy, which is fundamentally
important for working with clinical MRI data, which are characterized by significant variability in scanning conditions.
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2.6. Model training procedure

The neural network was trained in supervised mode using pairs of noisy-reference images generated by the noise-
generation algorithm. For each training example, the model received two inputs: a noisy MRI image and the corresponding
vector of statistical noise characteristics.

The model was implemented using the TensorFlow/Keras framework. The network depth is 4 encoder-decoder levels
with an initial number of filters of 32, which are doubled at each subsequent level. The maximum number of channels in
the bottleneck layer is 512.

The decoder employs transposed convolutions with a stride of 2 for learnable upsampling rather than fixed
interpolation, enabling the model to optimize spatial resolution restoration.

The AdamW optimizer was used in the training process[28] with an initial learning rate "Ir"=1 x 10~* and a weight
decay coefficient =1 X 107>, which provides stable convergence and additional regularization due to weight decay. The
minibatch size of 32 images for a maximum of 100 epochs was selected considering memory limitations and Layer
Normalization features [29], and training continued until the value of the loss function on the validation sample stabilized.

The learning rate was reduced using the Reduce-on-Plateau strategy: if validation loss did not improve for 5
consecutive epochs, it was halved. The early stopping mechanism was applied with patience for 10 epochs, with the best
model weights restored.

All experiments were performed with fixed initial values of the random number generator to ensure reproducibility
of the results.

A separate stage of the implementation is GPU-accelerated calculation of statistical noise features. An eight-
component vector of statistical descriptors was formed batchwise using PyTorch, which significantly reduced the time
for reprocessing large sets of MRI images. Normalization of statistical features was performed using StandardScaler,
trained exclusively on the training sample, which prevents information leakage between data subsets.

2.7. Image quality assessment metrics
2.7.1. Reference metrics
Reference metrics were used in cases where a reference (clean) image or its analytical equivalent is available,
allowing for a direct quantitative comparison of the reconstruction results. Such metrics provide an objective assessment
of the reconstruction accuracy, the level of noise reduction, and the preservation of structural features of the image.
Peak Signal-to-Noise Ratio[30] is defined as:

I
PSNR = 10log 4, ( 1&“;2)

where [ ;,,,, - maximum possible pixel intensity value, and

N
1 A
MSE = NZ(Ii—Ii)Z
i=

standard error between the reference I and restored I images. PSNR is a generalized global metric that reflects the
effectiveness of noise reduction and the level of deviation from the reference signal. At the same time, it does not account
for the spatial distribution of errors and the image's structural organization, which limits its informativeness in a clinical
context.

The Structural Similarity Index is used to assess the degree of preservation of the local structure of the image by
comparing the brightness, contrast, and textural characteristics between the reference and reconstructed images [31]
defined as

Quu; + € (2041 + C3)
(Wi +uf + €D} + 07 +C)

SSIM(1,1) =

where y; and y; - average intensity values, 2 and o*iz - dispersion, o;; - covariance between reference and reconstructed
images, C; and C, - small constants that prevent numerical instability.

Unlike PSNR, SSIM correlates with the features of human visual perception and is more sensitive to structural
distortions. In MRI tasks, this metric is of fundamental importance, since even minor deformations of anatomical
structures or local texture can lead to erroneous clinical conclusions.

Edge Preservation Index (EPI)[32] is used to quantify the preservation of contours and high-frequency spatial
components of an image after processing. Defined as

gy = 2ny V1O Y VI y)
D INZIEOE

where VI and VI - spatial gradients of the reference and reconstructed images, respectively.
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The metric is based on a comparison of gradient or filtered (e.g., using Sobel or Laplace operators) representations
of the reference and reconstructed images and characterizes the degree of preservation of boundaries between different
anatomical structures. High EPI values indicate minimal contour smoothing and no loss of fine details, which is critical
for subsequent tasks such as segmentation, contouring, and quantitative analysis of MRI data.

2.7.2. No-Reference metrics
For real clinical MRI images, where there is no reference (clean) signal, reference-free quality metrics were used,
which allow us to evaluate the effectiveness of denoising based on the statistical characteristics of homogeneous and
tissue-specific regions. Such metrics are particularly important in the clinical context, as they reflect changes in noise
properties and contrast without requiring access to the true image.
Signal-to-Noise Ratio is defined as the ratio of the mean signal value to the standard deviation of the noise in a
homogeneous region of interest (ROI)[33]:

SNR = HROL

ORrol
An increase in SNR after denoising indicates reduced random noise fluctuations and greater signal stability.
However, an excessive increase in this indicator may indicate excessive smoothing and loss of fine-texture details, which
are critical for accurate visual and quantitative assessment of MRI.
The Coefficient of Variation (CV) is calculated as:

0]
CcV = ROI

Hrot
and characterizes the relative heterogeneity of intensities within a single tissue region. This indicator is invariant to
the absolute scale of the signal and allows comparing the noise level between different images or patients.[34] The
decrease in CV after processing corresponds to stabilization of intensities and increased homogeneity of the tissue signal.
Contrast-to-Noise Ratio (CNR) used to evaluate the ability of a denoising algorithm to preserve or enhance contrast
between different tissues[35]:

_ | g — gz |
JoZ+ o2
where indices 1 and 2 correspond to different tissue regions of interest.
An increase in CNR after denoising indicates improved resolution of tissue structures, but, similarly to SNR, may

be due to both noise reduction and potential changes in true tissue contrast. Therefore, interpretation of CNR should be
done in conjunction with visual assessment and other quantitative measures.

CNR

2.7.3. Clinical assessment metrics

Quantitative assessment of denoising quality using intensity and structural metrics does not always allow
unambiguous determination of the method's clinical usefulness. In radiotherapy and neuroimaging tasks, the accuracy of
anatomical boundaries is of great importance, as it determines the accuracy of contouring of target organs and organs at
risk. In this regard, this work uses a clinically oriented approach to assessing denoising quality, based on analysis of
anatomical structure segmentation results.

Dice Similarity Coefficient (DSC) is a standard metric for assessing the degree of overlap between two
segmentations[36] and is defined as

2|ANB |

DSC=———,
[Al+IB|

where A and B - the set of pixels or voxels corresponding to a segmented structure in two images.

The DSC value varies from 0 to 1, where 1 corresponds to complete coincidence of the segmentations. In the context
of this study, the increase in DSC after denoising is interpreted as an improvement in the reproducibility of the structure
boundaries and a reduction in the ambiguity in their visual identification. At the same time, it should be noted that DSC
is a volumetric metric and can be relatively insensitive to local contour deviations, especially for large structures.

For a more detailed assessment of the accuracy of the boundaries, the 95th percentile of the Hausdorff distance was
used, which is defined as the value below which 95% of all distances between corresponding contour points lie.[37]:

HDgs (4, B) = percentilegg (r{)lég la—bl,ae€ A)-

Unlike the classical Hausdorff distance, HD95 is robust to outliers and local artifacts. The decrease in HD95 after
denoising indicates improved local contour accuracy and a reduction in small but clinically significant deviations that can
affect treatment planning.
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3. RESULTS
3.1. Quantification on synthetically noisy data (reference metrics)

For quantitative analysis of denoising efficiency, a set of MRI images with added synthetic noise generated in the
frequency domain (k-space) was used, providing a physically accurate model of signal degradation. For each image, the
reference metrics PSNR, SSIM, EPI, as well as derived indicators of quality improvement after denoising the synthetic
noise were calculated. The corresponding graphs for 300 randomly selected images are shown in Fig. 3, with each point
representing a separate MRI slice.

From the element-wise analysis graphs (Fig. 3) it can be observed that the PSNR values for noisy images fluctuate
mainly in the range of ~13-25 dB, which corresponds to a significant level of signal degradation. After applying the
proposed denoising method, the PSNR values for almost all images stabilize at ~35-45 dB, with an average value of
about 40 dB. The average PSNR gain is =20.7 dB, indicating not merely local or isolated improvements but a globally
stable effect of the model across the entire test sample. A similar trend is observed for the structural similarity index SSIM.
For noisy images, SSIM values are low and highly variable (typical range ~0.05-0.4), reflecting a significant loss of local
anatomical structure. After denoising, the SSIM values are concentrated in the range of ~0.90-0.98 with low dispersion,
indicating the restoration of not only intensity characteristics but also the spatial organization of tissues. The average
increase in SSIM is ~0.73, which is typical for the transition from highly noisy to structurally restored MRI images.
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Figure 3. Element-wise analysis of denoising results for 300 randomly selected MRI slices of the test set: PSNR, SSIM and EPI
values before and after processing. Each point corresponds to a separate image.

The boundary preservation metric demonstrates a fundamentally important result. Noisy images are characterized
by high EPI variability and pronounced peak values, due to the appearance of pseudo-contours induced by noise. After
denoising, the EPI values decrease sharply and stabilize at a low level, indicating effective suppression of noise pseudo-
edges while preserving true anatomical boundaries. It is important that such stabilization is not accompanied by signs of
aggressive smoothing, which usually leads to the loss of contour information.

Thus, the element-wise analysis confirms that the proposed model not only reduces the average noise level but also
provides a stable quality improvement for each image without degrading structural information. Taken together, the results
of the elementwise and distributional analysis demonstrate that the model provides a stable, statistically homogeneous
improvement in image quality without anomalous artifacts, local dips, or unstable reconstruction modes.
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3.2. Evaluation on real clinical MRI images (reference-free metrics)

The evaluation of denoising efficiency on real clinical MRI images was performed without reference data, as in
practical conditions, it is impossible to obtain “perfectly clean” images. In this regard, the quality analysis was based on
reference-free, physically interpreted indicators, in particular SNR and CV, calculated in homogeneous regions of interest
(ROIs), corresponding to tissue-homogeneous brain areas. The results of reference-free image quality assessment on
clinical MRI data are presented in Fig. 4 and Fig. 5, which show the change in SNR and CV in homogeneous ROIs before
and after denoising.
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Figure 4. Comparison of Signal-to-Noise Ratio values in homogeneous regions of interest in clinical MRI images before and after
noise reduction.
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Figure 5. Change in coefficient of variation in homogeneous tissue ROIs before and after denoising. A decrease in CV indicates
signal stabilization without transitioning to over-smoothing.

Figure 4 shows that the obtained results demonstrate a systematic increase in the signal-to-noise ratio (SNR) after
applying the proposed denoising method. For most ROIs, the SNR values in the original clinical MRI images were in the
range of =2.0—6.0, which corresponds to the typical level of noise fluctuations in low- and medium-contrast brain regions.
After denoising, a stable increase in SNR is observed for most slices: typical improvement values are ~+1.0-3.0, and in
some ROIs they reach +5 and more. The distribution of ASNR (Fig. 4, bottom panel) is characterized by a positive mean
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value of +1.13, which indicates a systematic rather than isolated improvement in signal quality. Importantly, the increase
in SNR is not accompanied by abnormally high peaks, indicating the absence of artificial intensities scaling or aggressive
filtering.

In parallel with the increase in SNR, a decrease in the coefficient of variation (CV) is observed, which for the original
images in a number of ROIs reached values of ~0.3—1.0, and in isolated cases exceeded 2.0, which reflects significant
intratissue signal heterogeneity caused by noise. After denoising, the CV values for most ROIs decrease to ~0.15-0.45.
The distribution of CV changes (ACV) has a negative mean value of —0.019, which corresponds to a moderate but stable
decrease in the relative signal variability. It is fundamentally important that the CV does not tend to zero values, which
indicates the preservation of the natural textural heterogeneity of tissues and the absence of excessive smoothing, which
is unphysical for real MRI reconstructions.

Thus, the simultaneous increase in SNR and the controlled decrease in CV confirm that the proposed method
achieves physically correct signal stabilization, balancing noise suppression with the preservation of anatomically
significant intensity variability. Noise fluctuations are suppressed, while the natural variability of tissue texture and
anatomical heterogeneity are preserved. This means that the model operates in an adaptive reconstruction mode, where
the balance between noise suppression and structure preservation is maintained dynamically, according to the local
statistical characteristics of the image.

3.3. Clinical assessment through contouring of anatomical structures

Since formal image quality metrics (PSNR, SSIM, SNR, CV, etc.) do not always fully reflect the clinical utility of
denoising [38], In addition, a clinically oriented assessment was performed based on the task of contouring anatomical
structures. This approach allows us to assess not only the visual quality of the reconstruction, but also its practical
suitability for tasks that are critical in neuroimaging and radiotherapy.

The study was conducted on 100 brain MRI series that included standard clinical protocols. For each series,
contouring of three anatomically and clinically significant structures was performed, namely the hippocampus, brainstem,
and optic chiasm. The choice of these structures is of fundamental importance. The hippocampus is characterized by
complex geometry, high curvature of the contours, and low contrast with adjacent tissues, which makes it sensitive to
noise and smoothing. The brainstem is a relatively large but morphologically complex structure with extended boundaries
and transitions between different tissue types. The optic chiasm, in turn, is a small structure with indistinct boundaries
and high clinical significance, which makes it’s contouring particularly sensitive to image quality.

Contouring was performed in a 3D Slicer environment [39] to ensure reproducibility on standard computing systems
on the original (noisy) MRI images and on images after applying the proposed denoising method. Examples of contours
made on the original and denoised images are shown in Fig. 6, which allows to visually assess the effect of denoising on
the stability and clarity of anatomical boundaries.

Figure 6. Examples of contouring of anatomical structures (hippocampi, brainstem, optic chiasm) on original noisy and denoised
MRI images

The contouring procedure was performed by radiologists with clinical experience, which introduces a subjective
component in the segmentation results. In this regard, contouring is considered not as an absolute quality metric, but as
an auxiliary clinical evaluation, reflecting the practical convenience of working with the image, the clarity of the
boundaries of structures and the reproducibility of anatomical landmarks.

For quantitative analysis of the segmentation results, the Dice Similarity Coefficient and the 95th percentile of the
Hausdorff distance metrics were used, which allows simultaneously assessing the volumetric overlap of segmentations
and the local accuracy of boundary reproduction.
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The averaged results over 100 series demonstrate a stable positive dynamic of segmentation indicators after the
application of denoising. In particular, the average DSC values for noisy images were in the range of approximately
0.78-0.85 for the brainstem, 0.72—0.80 for the hippocampus, and 0.65-0.75 for the optic chiasm, reflecting the difficulty
of segmenting these structures in noisy conditions. After denoising, the average DSC values increase to levels of =0.88—
0.93 for the brainstem, ~0.82—0.88 for the hippocampus, and ~0.78—0.85 for the chiasm, corresponding to an absolute
increase in DSC of 0.07—0.12 depending on the structure. A similar trend is observed for the HD95 metric. For the original
noisy images, the HD95 values were in the range of #2.5-4.5 mm for the hippocampi, ~2.0-3.5 mm for the brainstem,
and ~3.0-5.0 mm for the optic chiasm, indicating significant local errors at the boundaries of the structures. After
denoising, the HD95 decreases to ~1.2-2.5 mm for the hippocampi, ~1.0-2.0 mm for the brainstem, and ~1.5-2.8 mm
for the chiasm, corresponding to an average reduction of local contour errors of 30-50%. In fact, a rather pronounced
effect is observed for the hippocampi and optic chiasm, i.e., precisely for the structures with the most complex geometry
and low contrast, where the impact of noise is critical. This suggests that denoising has the greatest clinical benefit for
anatomically complex and low-contrast structures, where even minor intensity fluctuations can lead to significant
contouring errors.

Fig. 7 shows examples of superimposing “old” contours performed on the original images and “updated” contours
constructed after applying the proposed denoising method. Since both sets of contours were generated in the same
software environment and according to an identical protocol, the differences observed can be directly attributed to changes
in image quality. For clarity, already processed images are used.

Figure 7. Overlaying contours of anatomical structures built on the original noisy MRI images (old contours) and on denoised
images (updated contours)

Qualitative analysis of contours shows that after denoising, the boundaries of structures become more stable, the
number of local irregularities, pseudo-contours and fragmentation characteristic of noisy images decreases. This is
especially evident in areas of fine anatomical transitions, where noise usually creates false gradients that complicate the
interpretation of boundaries. It is important to note that, due to the presence of the human factor, the results of contouring
cannot be considered as a strictly objective metric validation of the method. However, it is this subjective component that
makes such an analysis clinically relevant: improved contour reproducibility, reduced boundary uncertainty and increased
segmentation stability reflect the real practical value of denoising in a clinical environment. Thus, the contouring results
confirm that the proposed denoising method not only improves formal image quality metrics, but also has a practical
clinical effect, increasing the ease of interpretation of MRI images, contouring stability, and reproducibility of anatomical
boundaries in neuroimaging and radiotherapy planning tasks.

3.4. Comparative analysis with modern noise reduction solutions

To verify the effectiveness of the developed method, a series of experiments were conducted to compare the
Enhanced Denoising U-Net architecture with a wide range of algorithms - from classical statistical filters to modern deep
learning models. The selection of models for comparison covers the evolution of denoising approaches: from non-local
self-similarity methods[40],[41] (NLM, BM3D) to specialized convolutional networks[42],[43] (DnCNN, RED-CNN)
and architectures with spatial attention mechanisms (Attention U-Net).

The averaged comparison results for PSNR and SSIM metrics, as well as the analysis of model adaptation strategies
to noise conditions are presented in Table 1 below.
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Table 1. Comparative analysis of the effectiveness of MRI image denoising for classical methods and modern neural network
architectures by PSNR and SSIM indicators, as well as by the type of adaptation to noise conditions.

Method Architectural PSNR (dB) SSIM Type of noise adaptation
paradigm
NLM Nonlocal Filtering 274 0.68 Fixed (spatial)
BM3D Spectral Clustering 30.2 0.74 Statistical approximation
DnCNN Residual CNN 34.8 0.86 Implicit (learning)
RED-CNN Encoder-Decoder 36.1 0.88 Implicit (latent)
Standard U-Net Symmetric U-Net 37.5 0.91 Spatial-contextual
Attention U-Net Contextual Attention 38.9 0.93 Selective (Attention Gates)
Proposed Model Residual Attention + 42.3 0.96 Explicit (FILM modulation)
FiLM

Analysis of the obtained data allows us to identify a clear correlation between the method used to account for noise
characteristics and the quality of the final reconstruction. Classical approaches (NLM, BM3D), despite their mathematical
validity, exhibit the lowest structural similarity indicators, due to their inability to distinguish complex textural patterns
in medical tissues from high-frequency noise.

The transition to deep learning methods provides a significant increase in PSNR, however, architectures such as
DnCNN and RED-CNN often face the problem of "general averaging", when the model tries to learn a universal mapping
for the entire range of noise modes. This leads to the undesirable effect of smoothing (over-smoothing), which is critical
when visualizing small anatomical structures.

The proposed model solves this problem by implementing the adaptive reconstruction paradigm. Unlike the basic
U-Net or attention models, where noise is considered an integral part of the input signal, our architecture uses an explicit
8-component vector of statistical descriptors to control the internal weights of the network through the FiLM mechanism.
This allows us to dynamically change the behaviour of the filters: for slices with high entropy and noise variance, the
model strengthens regularization, while for high-quality images it focuses on preserving fine details. The results show
that this approach provides a stable PSNR level in the range of 3545 dB and high structural integrity (SSIM up to 0.98)
even in the most complex signal degradation scenarios. Thus, the developed system does not simply suppress noise, but
adapts the reconstruction process itself to the physical parameters of the formation of each specific MRI image.

4. DISCUSSION

This paper presents an approach to MRI image denoising that combines statistically guided feature modulation, a
multi-level U-Net architecture, attention mechanisms, and physically based noise modelling in k-space. The results
obtained allow us to draw several fundamental conclusions regarding the model's effectiveness, physical correctness, and
clinical applicability.

First, quantitative results on synthetically noisy data demonstrate that the proposed approach provides not only
average noise reduction but also a sustainable improvement in reconstruction quality for each individual image.
Significant increases in PSNR and SSIM, stable distributions of improvements, and preservation of EPI indicators confirm
that the model does not function as a universal smoothing filter, but as a structure-oriented reconstruction system capable
of simultaneously suppressing noise and preserving the anatomical organization of the signal. This fundamentally
distinguishes it from classical denoising methods, where noise reduction is often achieved at the cost of losing high-
frequency components and degrading contour information.

It is especially important that the positive effects of denoising are preserved on real clinical data without a reference.
Analysis of SNR and CV shows a physically correct stabilization of the signal: an increase in the signal/noise ratio is
combined with a moderate decrease in intratissue variability without a transition to unphysical homogeneity. This
indicates that the model does not create an artificially “flat” signal, does not destroy the natural texture of tissues and does
not form artifacts of excessive smoothing, which are often observed in aggressive filtering methods. Thus, denoising
occurs in an adaptive reconstruction mode, and not global filtering.

Here, the most important role is played by the mechanism of statistically controlled FiLM modulation. Unlike
classical neural network approaches, where noise is implicitly considered as part of the input image, in the proposed
model noise is described as a separate statistical object with its own multidimensional characteristics. Transferring this
information into the internal representations of the network allows for the formation of a context-sensitive denoising
strategy, where the filtering parameters are adapted to the specific noise profile of each image. In fact, the model
implements not a single universal denoising function, but a family of adaptive mappings controlled by the statistical state
of the input signal.

The combination of FILM with attention modules (CBAM, Attention Gate) and multiscale processing forms a
multilevel feature selection system. Attention mechanisms enhance structurally significant signal components and
suppress local noise fluctuations, while multiscale processing ensures the coordination of local and global context. This
allows the model to simultaneously work with small-scale details and macroscopic tissue organization, which is critical
for MRI images, where anatomical information is distributed over different spatial scales. Of particular importance are
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the results of clinically oriented assessment through contouring. Unlike formal quality metrics, segmentation of
anatomical structures directly reflects the practical utility of the image in a real clinical environment. The improvement
of DSC and HD95 indicators for the hippocampus, brainstem and optic chiasm indicates that denoising not only improves
visual quality, but also increases the reproducibility of anatomical boundaries, reduces contour uncertainty and stabilizes
the segmentation process. The most pronounced effect for small and morphologically complex structures emphasizes that
the benefit of denoising is maximum precisely where the impact of noise has the greatest clinical consequences.

At the same time, it is important to emphasize that contouring, by its nature, involves a subjective component tied
to the human factor. That is why, in this work, it is considered not an absolute metric for validation, but an additional
clinically oriented quality indicator. However, it is this subjectivity that makes such an analysis clinically relevant, since
it reflects the real convenience of the doctor's work with the image, the stability of interpretation and confidence in
reproducing the boundaries of structures.

The importance of physically based noise modeling in k-space should be highlighted separately. The use of a spectral
noise model enabled us to avoid non-physical artifacts characteristic of approaches that add noise directly in the image
domain and to generate training data that are statistically closer to the real conditions of MRI reconstruction. This
significantly reduced the gap between the training and clinical domains and improved the model's generalizability.

Taken together, the results of the study indicate that the proposed approach forms a new paradigm for MRI denoising,
in which noise is considered not as a random impurity, but as a statistically described process integrated into the
reconstruction model. This approach allows us to move from universal filtering strategies to adaptive, context-sensitive
reconstruction models, which is fundamentally important for medical imaging with its high demands on structural
accuracy and clinical interpretability.

CONCLUSIONS

In this paper, a comprehensive method for denoising MRI brain images is proposed that combines modern deep
learning architectures with physically based noise modeling in k-space and a multi-level evaluation system. The
developed FiLM-modulated Residual Attention U-Net model demonstrated a stable and significant improvement in both
technical and clinically oriented image quality indicators compared to traditional denoising methods (NLM, BM3D) and
common deep architectures (standard U-Net, Attention U-Net).

The key advantage of the approach is the explicit adaptation to the individual noise conditions of each image by
integrating an 8-dimensional vector of statistical noise descriptors through the FiLM-modulation mechanism. This
provides adaptive, frame-by-frame processing of slices, in contrast to models that implicitly generalize different noise
regimes within a single latent space. Combined with residual blocks, CBAM, Attention Gate, and multiscale feature
processing, the model effectively suppresses noise, preserving fine anatomical details, contours, and tissue structural
organization critical for diagnostic interpretation.

The use of a synthetic noise model in k-space enabled us to create a training set that more closely matched real-
world scanning conditions, reducing the gap between training and clinical data and increasing the model's generalizability
and robustness when applied to data from different scanners and protocols.

Quantitative evaluation on synthetically noisy data showed a stable PSNR gain of approximately 20.7 dB and an
increase in SSIM of approximately 0.73, with PSNR values stabilizing in the range of 35-45 dB after denoising. Analysis
of the edge-preservation metric confirmed effective suppression of noise-induced pseudo-contours, with no signs of over-
smoothing. On real clinical MRI images, the method demonstrated a systematic increase in SNR and a controlled decrease
in the coefficient of variation, indicating physically correct signal stabilization without loss of natural textural
heterogeneity of tissues. Clinically oriented validation by contouring anatomically complex structures (hippocampus,
brainstem, visual chiasm) showed a stable improvement in segmentation quality: an increase in Dice Similarity
Coefficient by 0.07-0.12 and a decrease in HD95 by 30-50%. This indicates increased reproducibility of structural
boundaries, reduced contour uncertainty, and improved consistency of results, confirming the practical clinical value of
denoised images in neuroimaging and radiotherapy planning tasks.

Overall, the proposed approach can be considered an adaptive, physically based MRI preprocessing tool that shifts
the denoising process from universal filtering to statistically driven reconstruction. This is especially important in clinical
scenarios where high structural accuracy, contour stability, and preservation of anatomically significant details are critical.
Further research can focus on extending the model to multi-channel and multi-contrast MRI, integrating it with k-space
reconstruction methods, and implementing it in clinical decision support systems for radiotherapy and neurodiagnostic.
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CTATUCTUYHO OBYMOBJIEHE HIYMO3AI'JTYIIEHHS MPT 3A IOITOMOTI'OIO APXITEKTYPHU RESIDUAL
ATTENTION U-NET 3 FILM-MOAYJISIOIEIO
I.T. Cmocapenxo'?, J.B. Casn?, A.B. Herpeoa'
!Daxynwmem padioghisuxu, enekmponixu ma komn'tomeprux cucmem, Kuiscokuii nayionanshuii ynieepcumem imeni Tapaca
Llesuenka, eyn. Bonooumupcoka, 64/13, Kuis, Yxpaina, 01601
’Hayionanvnuii incmumym paxy Ypainu, eyn. FOnis 30anoscvkozo, 33/43, Kuis, Yxpaina, 03022

Sxicts 300paxkens MPT gacTto 0OMEKy€ThCSI IPOCTOPOBO HEOMHOPIAHMM ITYMOM, IO HETaTUBHO BIUIMBA€ HA TOYHICTH KIIHIYHOI
iHTepIIpeTalii Ta aBTOMaTHYHOT0 aHaji3y. TpaaniiiiHi MEeTo1 rITMOOKOTO HABYaHHS YaCTO BPAXOBYIOTh LIIYM HESBHO, IIO IIPU3BOJUTH
JI0 HAIMIpHOTO 3TIaJUKYBaHHS Ta BTPATH IPiOHUX aHATOMIYHHX CTPYKTYp. Y Lilf CTaTTi MU MPOMOHYEMO apXiTEKTypy IMOKPAIIEHOTO
mrymo3ariaymenHs: U-Net, sika BUKOPHUCTOBYe MeXaHi3M JiHIHHOI Moxyismii 3a o3Hakamu (FILM) mnst nuaamivHOl amanTamii mo
npodinio ImyMy KOXHOro 3pisy. Monenb MOEIHYye BEKTOP 3 8 CTAaTUCTUYHMX JACCKPHUNTOPIB (BKIIOYAIOYH XapaKTEPHCTHKU
IHTEHCHBHOCTI, TEKCTypH Ta YacCTOTH), IO JO3BOJSIE€ TUHAMIYHO KEpyBaTH BHYTPIIIHIMHU MPEACTABICHHAMH MEPEKi 3aJeKHO Bif
KOHKPETHHX YMOB CKaHyBaHHS. [l migBUINEHHS (i3WYHOI KOPEKTHOCTI HAaBYAHHS IPOBONMJIOCS Ha JAHHX 13 CHHTETHYHO
3reHepPOBAaHUM IIyMOM Y K-mpocTopi. ApXiTeKTypa BJIOCKOHaJICHa 3a JONOMOTOK OJIOKIB 3alMIIKiB, MEXaHI3MIiB yBard Ta
OararomacmtabHOro Momyis oOpoOku. Ha CHHTETHYHHMX AaHMX CEpeIHE IMOKpAIICHHS IKOBOTO CIIBBITHOIICHHS CHTHAI/IIYM
(PSNR) cranosuno = 20,7 nb, a cepenHe mokpamieHHs iHAeKCy CTpyKTypHOI oai6HocTi (SSIM) — mpubmm3sHo 0,73, mo cBiqIuTh Ipo
IMOOKE BIJHOBICHHS CTPYKTYypHOI iH(popmariii. Ha KIIHIYHUX 300paKeHHSAX CIIOCTEPIraaocs 30UIbIICHHS CITiBBIIHOIICHHS
curHai/mrym (SNR) ta crabimizamis koedinienrta Bapiamii (CV), mo miarBepmkye GisndHy KOpeKTHICTh MeToxy. KiriHiuHa Bamigamis
Ha CKJIaJHHAX KOHTYPHHX CTPYKTypax (TirmokamIr, cToBOYp MO3KY, 30poBHil Xia3Mm) Noka3aia 30utsmenHs xoedinienta [atica (DSC)
Ha 0,07-0,12 Ta 3meHmenns noxubku HD9S na 30-50%. 3ampornoHoBaHuit METOX O3BOJISE TIEPEHTH Bill yHIBEpCAIBHHUX CTpaTeriil
ITyMO3aryHICHHS 10 aJanTHBHOI PEKOHCTPYKIii, 3a0e3MeUyr0ud BUCOKY TOUHICTh 30€pPEeKEHHSI aHATOMIYHUX MexX. Lle poouts iforo
TIePCTIEKTUBHHUM iHCTpyMeHTOM Jutst 00pobku MPT y 3amauax HeifpoBisyasizamnii Ta IiaHyBaHHS BapiaTHBHOI Tepartii.

Kurwuosi cnosa: MPT; Attention U-Net, FiLM; meouuna eizyanizayis, pexoncmpyxyis, uiym;, CNN; konmypysanms





