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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.



570
EEJP. 2 (2026) D.G. Sliusarenko, et al.

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.

PSNR per Image
50

N
o

o
g Noisy
o 30
= Denoised
[}
-
20
10
0 50 100 150 200 250 300
Image Index
SSIM per Image
1.0
0.8
0.6 -
= Noisy
“ Denoised
N4
0.2
0.0
0 50 100 150 200 250 300
Image Index
EPI per Image
Noisy
60 Denoised
50
40
o
w30
20
10
0
0 50 100 150 200 250 300

Image Index

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
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The present work describes the characterization of complexes between various metals and three benzanthrone derivatives bearing
structurally similar substituents. Within this investigation, the obtained complexes were meticulously examined using spectroscopic
techniques. The absorption spectra of solutions of the obtained complexes in the UV-visible region showed a small bathochromic or
hypsochromic shift in the visible region compared to the initial compounds. In the emission spectra of these complexes, significant
changes in the positions and intensities of the fluorescence bands were observed as a function of the dyes' chemical structures. Interaction
with metal ions in the presence of B-lactoglobulin amyloid fibrils showed metal-specific effects, including fluorescence enhancement
with Zn*" and pronounced quenching with Cu?', suggesting a combined contribution of dye—metal and fibril-metal interactions. These
findings highlight the potential of benzanthrone derivatives, both free and fibril-bound, as sensitive and selective fluorescent probes for
heavy metal detection, providing a foundation for the development of hybrid biomaterial-based sensing platforms.

Keywords: Benzanthrone dyes; Metal complex, Optical spectroscopy; B-lactoglobulin

PACS: 87.14.C++c, 87.16.Dg

With the expansion of industrial and agricultural activities and the consequent direct and indirect anthropogenic
impacts on the environment, heavy metals have emerged as a global concern due to their contamination of aquatic
systems, soils, and other ecosystems, posing significant environmental and health risks. Previous studies have identified
Zn, Pb, Hg, Cr, and Cd as exhibiting notable toxicity and potential ecological hazards [1]. In particular, Pb*", Cr**, and
Cd*" ions are associated with prolonged detrimental effects on human health and environmental quality [2]. While
certain heavy metals play essential roles in biochemical processes at trace levels, elevated concentrations can pose
significant risks to human health [3,4].

Chemical sensors play a vital role as devices designed to detect, measure, and monitor specific chemical
compounds in a given environment, providing critical data for a wide range of scientific, industrial, medical, and
environmental applications [5-7]. These sensors operate by interacting with a sensing material that generates a signal
interpreted to determine the concentration of the target compound. Their ability to detect analytes at minimal
concentrations has led to their widespread use in areas such as environmental monitoring, clinical diagnostics, food
safety, and the pharmaceutical industry. As demand for accurate and reliable data in these areas grows, the development
of highly selective sensors has become a research priority.

The rapid advancement of fluorescent probe technology enables faster and more efficient real-time detection of
important molecules and ions in complex matrices. The advancement of contemporary science also increasingly
highlights the need for comprehensive investigation of biologically relevant small molecules, biomarkers, and proteins.
This demand has stimulated the development of biosensors capable of selectively recognizing cellular and biomolecular
targets. The investigation of biologically significant proteins increasingly requires the development of novel and highly
efficient fluorescent probes. In particular, real-time monitoring of B-lactoglobulin is of considerable importance due to
its extensive application in the modern food and beverage industry [8,9].

Therefore, the development of sensitive and selective methods for heavy metal detection is critical to effective
environmental monitoring. Benzanthrone derivatives exhibit strong potential as heavy-metal sensors for environmental
monitoring owing to their multifunctional characteristics, including broad fluorescence emission and high photostability
[10,11]. In this study, we evaluate the sensitivity of benzanthrone-based fluorescent dyes for detecting Cu?*, Zn*", Ni*",
and Pb*" ions, and investigate the interactions between the dye molecules and B-lactoglobulin fibrils.

METHODS
Materials
Bovine B-lactoglobulin (Blg), copper (II) chloride dihydrate, nickel (II) chloride, lead (II) nitrate, and zinc chloride
were purchased from Sigma, USA. Benzanthrone dyes A, B, and C (see Fig. 1) were synthesized by previously
described procedures [12-14]. All other reagents were of analytical grade and used without further purification.
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Preparation of working solutions

The absorption and steady-state fluorescence measurements were carried out in ethanol. Dye concentration was
32 uM and 23 uM for the absorbance and fluorescence measurements, respectively. Heavy metal concentration was
414,3 uM.

The B-lactoglobulin stock solutions 10 mg/ml (BIgF) was prepared in distilled water with HCl (pH 2.0). The
protein (stock solutions) fibrillization reaction was conducted at 90°C for 2 days. The working solutions of protein were
prepared by dissolving a stock solution of the fibrillar B-lactoglobulin in distilled water (pH 6.07). The fluorometric
measurements were carried out in distilled water (pH 6.07).

Spectroscopic measurements
The absorption and steady-state fluorescence spectra were recorded using a Shimadzu UV-2600
spectrophotometer and an RF-6000 spectrofluorimeter (Shimadzu, Japan) at 25°C. All measurements were conducted in
10-mm path-length quartz cuvettes.
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Figure 1. Structure of studied dyes A, B, C.

RESULTS AND DISCUSSION

Our previous studies have shown that amidine derivatives of benzanthrone tend to form complexes with chromium
ions [15], and amino derivatives of benzanthrone form complexes with heavy metal ions, showing pronounced spectral
changes in solution upon binding of Cu?*, Zn?', Ni** and Pb** [16].

In this study three highly luminescent benzanthrone derivatives A, B, C were used for study of complexation with
copper (1), nickel (II) lead (II), and zinc ions. All substances have benzanthrone residue with a piperidine moiety.

In the initial phase of our study, we evaluated dye’s ability to detect heavy metal ions. The absorption spectrum of
the dye A shows a band in the UV-visible region at 460 nm; the ethanol solutions of the obtained complexes with metal
ions showed a bathochromic shift of 10-30 nm from the initial compound (see Fig. 2).
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Figure 2. Absorption (left) and emission spectra (right) of dye A in the presence of heavy metal ions. Concentrations of 32 uM and
23 uM were used for absorbance and fluorescence measurements, respectively

The dye A displays a broad emission spectrum with a prominent peak at 630 nm and a shoulder at approximately
700 nm. Upon binding to Ni** ions, the emission band at 700 nm of dye A diminishes, while the fluorescence around
630 nm increases by approximately 1.3-fold. In contrast, exposure to Pb**, Cu?", and Zn?" leads to a decrease in overall
fluorescence intensity, with Zn** producing the most pronounced effect—over sixfold quenching of the 630 nm band—
indicating a particularly strong affinity of dye A for zinc ions. The observed shifts in emission peaks are likely due to
the formation of metal-ligand charge-transfer complexes, involving electron transfer from the metal ions to nitrogen-
and oxygen-containing groups within the dye. Interestingly, the absorption spectrum of dye A shows minimal changes
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upon complexation with Zn?*, suggesting that the interaction primarily involves the electron transfer switching moiety,
which modulates fluorescence without significantly perturbing the fluorophore's ground-state electronic structure [17].
To explore the influence of electron-withdrawing substituents on metal binding and electron transfer modulation, a
derivative of dye A (dye B) containing a nitro group was synthesized, and its spectral behaviour in the presence of metal
ions was investigated.

The spectral study of the dye B shows an absorption band at 468 nm and a broad emission peak at 657 nm in
ethanol. Unlike dye A, derivative B does not change the position of absorption and fluorescence maxima in the presence
of metal ions (see Table 1 and Fig. 3). Binding with metal ions results in about a 1.3-fold reduction in fluorescence
intensity. Thus, dye B exhibits a lower affinity for metal ions than dye A. Notably, dye B shows an even lower affinity
for metal ions than the compound without a nitro group. Apparently, the presence of the nitro group causes a
redistribution of electron density that ultimately hinders intracomplex charge transfer.

Table 1. The basic photophysical characteristics of benzanthrone dyes binding with metal ions.

Dye A Dye B Dye C
AAa nm Ia AFa L AAa L AFa L AAa Ir AF> Ia
a.u. nm a.u. nm a.u. nm a.u. nm a.u. nm a.u.
Dye 457 | 028 | 636 | 85441 | 468 | 03810 | 657 | 18945 | 423 | 02426 | 206 | 14360
Y : : : 687 | 16350
Ni?* 484 | 029 | 634 | 103930 | 468 | 0.3563 | 657 | 14540 | 420 | 0.2513 | 548 | 44780
Cu 495 | 0.29 468 | 03454 | 657 | 14220 | 407 | 02592 | 543 | 83500
557 | 21670

2+
Zn 488 | 0301 | 598 | 14878 | 468 | 03492 | 657 | 14400 | 423 | 02435 | 2 | [soe0

635 | 80087
2+
Pb SIT | 037 | 003 | gosgo | 468 | 03478 | 657 | 14170 | 417 | 02399 | 544 | 103900
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Figure 3. Emission spectra of dye B in the presence of heavy metal ions. Concentration of 23 uM was used for fluorescence
measurements

The next object of study was a derivative of benzanthrone in which the piperidine ring is attached to benzanthrone
via an acetylamide group (dye C). Such a structure with additional nitrogen and oxygen atoms should presumably
facilitate the possible complexation of the dye and metal ions. The performed spectral study confirms this assumption.
Observed changes in the absorption and luminescence spectra confirm the formation of complexes between dye C
molecules and metal ions. In particular, binding to Ni**, Cu?* and Pb*" results in a hypsochromic shift of the absorption
band by 3—16 nm compared to the free ligand C.

Even more pronounced changes are observed in the luminescence spectra. The dye C displays a broad emission
spectrum with a two broad peaks at 566 nm and 687 nm (see Fig. 4). When this dye binds to metal ions, the emission at
566 nm is enhanced, while the band at 687 nm is weakened and disappears completely in the presence of copper and
lead ions. Dye C exhibits the highest affinity for lead ions, which is confirmed by a significant increase in fluorescence
(more than 7 times). Apparently, when interacting with dye molecules, Pb** ions stabilize the excited state of the dye,
reducing nonradiative decay and leading to high emission intensity at a wavelength of 544 nm.

In recent decades, protein-derived nanomaterials have attracted growing interest as versatile platforms for heavy
metal remediation, driven by the chemical diversity of amino acid side chains and their inherent ability to self-assemble
into well-defined supramolecular architectures, including fibrillar networks, hydrogels, and nanoscale condensates
[18-22]. For instance, hydrogels derived from soy protein have demonstrated selective removal of Cu(Il) even in the
presence of competing ions [20]. Particularly promising are composite filtration membranes that combine activated
carbon with amyloid fibrils obtained from proteins such as B-lactoglobulin or soy protein. These hybrid systems have
been shown to efficiently remove a wide range of metal ions—including Au, Hg, Pb, Pd, As, Cr, and Ni—from both
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model solutions and real wastewater streams [18-23]. Beyond their established adsorption performance, amyloid fibrils
exhibit outstanding mechanical stability, high specific surface area, and a dense distribution of functional binding sites,
rendering them highly suitable scaffolds for post-functionalization. Despite these advantageous properties, the
incorporation of amyloid fibril architectures with fluorescent probes for heavy metal ion sensing remains largely
unexplored. Integrating these two approaches could enable the development of hybrid sensing platforms that combine
the adsorption capacity and structural robustness of amyloid frameworks with the high sensitivity of fluorescence-based
detection. Achieving this, however, requires a detailed understanding of fluorophore—metal interactions as well as the
binding mechanisms between metal ions and B-lactoglobulin amyloid fibrils.
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Figure 4. Absorption (left) and emission spectra (right) of dye C in the presence of heavy metal ions. Concentrations of 32 pM and
23 uM were used for absorbance and fluorescence measurements, respectively

Therefore, in the next phase of our study, we investigated the sensitivity of dye A to heavy metal ions in the
presence of B-lactoglobulin amyloid fibrils (B-IgF). Fig. 5 illustrates the emission spectra of dye A in systems
containing B-1gF (Fig. 5A) and B-IgF +heavy metals (Fig. 5B). As shown in Fig. 5, the free dye in aqueous solution
exhibits an emission maximum at 636 nm. Upon addition of fibrillar B-lactoglobulin to dye A in water, a pronounced
enhancement in fluorescence intensity was observed, together with an approximately 25 nm hypsochromic shift of the
emission maximum, consistent with dye relocation into a more hydrophobic fibrillar environment. The introduction of
heavy metal ions modulated the fluorescence intensity of this band in a metal-specific manner. In particular, the
addition of Ni** and Pb?** produced no significant changes in either the emission maximum or the overall fluorescence
intensity. In contrast, relative to the dye A—B-IgF system, the presence of Zn?** led to an enhancement in fluorescence
intensity, whereas the addition of Cu?** produced a pronounced quenching of the emission. A plausible explanation for
these observations is that the metal ions interact simultaneously with the dye and the amyloid fibril scaffold, thereby
modifying the local microenvironment surrounding dye A and influencing its photophysical behaviour.
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Figure 5. Emission spectra of dye A in the presence of - lactoglobulin amyloid fibrils (A) and in the systems containing -IgF and
metal ions (B). Dye A concentration was 1 uM

Additionally, differences in metal ion coordination chemistry and binding strength likely contribute to the
observed metal-specific effects. Peydayesh et al. [22] reported that the adsorption of chromium, nickel, silver, and
platinum ions onto B-lactoglobulin amyloid fibrils is highly exothermic and strongly ion-specific, highlighting the
complex and selective nature of these interactions. As can be seen from Fig. 5B, in the presence of Ni** and Pb*', no
significant changes in emission maximum or intensity are observed. This suggests that these ions likely bind to fibrillar
sites located away from the dye and therefore have minimal impact on the local microenvironment of the fibril-bound
fluorophore or on the efficiency of the electron transfer process. Moreover, Fan et al. showed that -lactoglobulin
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amyloid fibrils exhibit a notably higher adsorption capacity for Cu?* compared to Ni?* [24]. Cu?" is a paramagnetic d°
ion capable of facilitating photoinduced electron transfer, enhanced intersystem crossing, and static or dynamic
quenching when coordinated near the dye [25-27]. Its strong affinity for amyloid fibrils likely positions Cu?** in close
proximity to the dye, facilitating quenching of the dye's fluorescence. Similar quenching phenomena have been reported
for other PET-active dyes, such as rhodamine B and naphthalimide derivatives, where proximity of Cu*" leads to
effective suppression of emission via both static and dynamic quenching mechanisms [26-29].

CONCLUSIONS
The results show that two of the studied benzanthrone dyes exhibit metal-specific fluorescence responses in
ethanol solutions. In particular, dyes A and C undergo pronounced spectral changes in ethanol solution upon binding
Cu?', Zn**, Ni*", and Pb It was found that binding dye A to Cu?', Zn**, and Pb*' ions leads to fluorescence quenching,
whereas complexation of dye C with metal ions leads to increased emission. In contrast, compound B with a nitro group
demonstrates a lower affinity for metal ions. The results indicate that benzanthrone dyes interact specifically with metal
ions in the presence of P-lactoglobulin amyloid fibrils, exhibiting effects characteristic of each metal, including
enhanced fluorescence with Zn?* and pronounced quenching with Cu?*. These results demonstrate the potential of using
benzanthrone derivatives as sensitive and selective fluorescent probes for heavy metal detection, laying the foundation

for the development of biomolecular-based hybrid sensing platforms.
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CHEKTPOCKOIITYHE JIOCJIIIKEHHS B3AEMO/IIi IOHIB METAJIIB TA BIJIKIB 3 IIOXITHAMHA BEEH3AHTPOHY
Esita Pomanoscbka-/3aa6e!, Oubra dKutnsikisebka, Yasina Manosuus?, Onena Kipisosal,
Outexcanap Iyukin!, Poman ®piaman', Cepriii Ocunos!, Basepis Tpycosa?, Tanuna TopGenxo?
nemumym nayk npo scumms ma mexnonozii, Jlayeaenincokuii ynieepcumem, LV-5401 Jlayeasnunc, Jlamsisn
’Kageopa meduunoi ¢izuxu ma biomeouunux nanomexnonozii, Xapiecokuii nayionanvnuii ynieepcumem imeni B.H. Kapasina
M. Ceoboou 4, Xapxis, 61022, Vkpaina

VY naHiif poOOTi OXapaKTEpU30BAHO KOMIUIEKCH DI3HHX METAliB i3 TPhOMa MOXITHUMH OEH3aHTPOHY, IO MICTHIIM CTPYKTYpHO
mofiOHi 3amicHUKH. OTpUMaHi KOMIUIEKCH OYJIH AETalbHO IOCTIMHKEHI 32 JOMOMOTOI CIIEKTPOCKOIMIYHHX METOZIB. Y CIEKTpax
TIOTJIMHAHHS KOMIUICKCIB OCH3aHTPOHIB 3 METalaMM BHSBJICHO HE3HAUHI GATOXPOMHI YM TIICOXPOMHI 3CYBH y BHIHMMIiH o0macti
TIOPIBHSHO 31 CHEKTpaMH 3a BiJICyTHOCTI MeTaliB. B cmekTpax (uryopecreHIii InX KOMIUIEKCIB CIIOCTEPIranucsl CYTTEBI 3MiHH B
TIOJIO’KEHHI Ta IHTEHCHBHOCTI CIIEKTPAJIBHUX CMYT, SIKi 3aJIe)KaJIU BiJ] XIMIYHOI CTPYKTYpH JOCIIDKyBaHUX OapBHUKIB. [Ipy BUBUEHHI
B3aeMOJil OCH3aHTPOHIB 3 iOHAMHM METaJiB B IPHUCYTHOCTI aMminoimHux (iOpui B-lakToryioOyniHy BUsBIEHI MeTai-crerudivHi
edekTH, 30Kpema, 3pocTanHsl (IIyopecLeHIlii B IPUCYTHOCTI i0HIB Zn?* Ta 3HauHe raciHus ¢uyopecuenuii ionamu Cu?', 110 BKasye
Ha BHECOK 000X THUIIIB B3aeMofiil — GapBHUK-MeTan Ta (idpuin-meran. Lli qaHi cBigyaTe Npo MOTeHLIal MOXiAHUX OSH3aHTPOHY, SIK
y BUIBHOMY, TaK i y (QiOpui-3B’s3aHOMY CTaHi SIK YyTJIMBUX Ta CEJIEKTUBHHUX (IyOPECHEHTHUX 30HIIB AJIS IETEKTYBaHHS BaXKKHX
METaJIiB, IO CTBOPIOE MIATPYHTS U pO3pOOKH TiOPHIHUX CEHCOPHUX MIaT(opM Ha OCHOBI GioMaTepiais.

Ku104oBi ciioBa: 6en3anmponosi 6apeHuKi; KOMIIEKCU MEMaie; ONMUYHA CReKMPOCKONISL, [-1aKmo2nooyin
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Amyloid fibrils, structurally unique protein aggregates, are increasingly emerging as a novel type of proteinaceous nanomaterial with
an expanding range of applications. One example of a biomedical application of amyloid-based nanomaterials is the fabrication of
biocompatible hydrogel adhesives for wound healing. The present study was undertaken to evaluate the possibility of utilizing the
lysozyme amyloid fibrils integrated with polysaccharide chitosan as a polymeric matrix for incorporation the agents with pronounced
wound healing capabilities such as polyphenols and biologically active proteins lactoferrin and conalbumin. Using the molecular
docking technique the binding affinities, amino acid composition of the binding sites and possible competitive interactions between
polyphenols have been characterized in the two-, three- and four-component systems. Polyphenolic compounds were found to display
an ability to associate with bioactive proteins, with the highest binding affinities being revealed for curcumin enol, quercetin and
sesamin. In the three- and four-component systems the binding sites for polyphenols are either localized exclusively on lactoferrin or
conalbumin or encompass amino acid residues of both fibrillar lysozyme and bioactive proteins. Combinations of polyphenols that can
compete with each other for binding sites have been identified. These findings provide a basis for the development of novel amyloid-
based nanoformulations with wound-healing properties.

Keywords: Lysozyme amyloid fibrils; Chitosan; Polyphenols,; Lactoferrin; Conalbumin; Binding sites; Binding affinity; Molecular
docking

PACS: 87.14.C++c, 87.16.Dg

Amyloid fibrils, highly ordered protein assemblies distinguished by the presence of S-structured core region are
currently regarded as a prospective type of biocompatible, biodegradable and structurally stable proteinaceous
nanomaterials [1, 2]. A rapidly expanding area of their potential applications includes removal of heavy metals and other
contaminants from water [3], sensing of various substances such as glucose [4], heavy metals [5], nitrogen dioxide [6]
etc., production of bioplastic for food packaging [7], fabrication of conductive nanowires [8], cell scaffolding [9], drug
delivery [10], to name only a few. Growing evidence indicates that amyloid—based materials have strong pro-regenerative
potential and can accelerate wound repair [11, 12]. In particular, the hydrogel derived from lysozyme amyloid fibrils was
used to prepare injectable adhesives with improved anti-swelling and antibacterial capabilities to stimulate wound closure
and hemostasis [13, 14]. An advantageous feature of fibrillar lysozyme is its intrinsic antibacterial activity [15] that can
be increased in the composite hydrogels from amyloid fibrils and other biopolymers with wound healing properties. In
this regard, much attention has been given to chitosan, a natural polymer with antimicrobial, mucoadhesive, and anti-
inflammatory activities that are favorable for wound treatment [16, 17]. Further loading of composite hydrogels with
various therapeutic agents enables the creation of more efficient nanosystems for wound healing applications.

In the previous paper in this series, we obtained molecular docking predictions of the binding sites for six
polyphenolic compounds from different classes in the binary system of fibrillar lysozyme—chitosan [18]. The aim of the
present work was to extend the above studies by introducing additional therapeutic components, such as the functional
proteins lactoferrin and conalbumin (ovotransferrin), which, like polyphenols, can promote wound repair through multiple
mechanisms [19-23]. Specifically, polyphenols are known to reduce oxidative stress, modulate inflammatory responses,
and enhance tissue regeneration [23], lactoferrin displays immuno-modulating activities, promotes tissue granulation,
reepithelization, and synthesis of the elements of the extracellular matrix [19-21], conalbumin has antioxidant, anti-
inflammatory, and immuno-stimulating properties [22, 24].

METHODS

The structures of polyphenols under study drawn in MarvinSketch software, v.18.10, ChemAxon were then
optimized with Avogadro 1.1.0 software using the Universal Force Field21. The structures of bovine lactoferrin (PDB ID
IBLF) and conalbumin from chicken egg white (PDB ID 8FEI) were taken from the Protein Data Bank. The structure of
the 12-mer chitosan (CS) was derived from PolySac3DB, a database of polysaccharide 3D structures
(http://polysac3db.cermav.cnrs.fr). The Avogadro 1.1.0 software was utilized to protonate the chitosan molecule and
optimize its geometry. The docking of the proteins and polyphenols to amyloid fibrils was conducted using the web-based
server HDOCK which combines template-based and free docking [25]. The most energetically favorable docking
complexes were visualized using VMD.
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RESULTS AND DISCUSSION
The examined systems contain two components of bioactive polymeric matrix, viz. the lysozyme amyloid fibrils
and chitosan, and two therapeutic agents representing different classes of polyphenols (curcumin (enol and keto froms),
gallic acid, salicylic acid, quercetin, resveratrol, sesamin) and functional proteins (lactoferrin and conalbumin). The
molecular docking approach was employed to uncover the possible binding preferences of these components. Shown in
Fig. 1 are the most energetically favorable complexes between lactoferrin and the examined polyphenolic compounds.

B : c
Curcumin enol Curcumin keto Gallic acid

F
Resveratrol

Figure 1. The best-score complexes of
polyphenols with lactoferrin.

G
Sesamin

The comparative depiction of the docking poses (Fig. 1, H) indicates that the binding sites for most polyphenols are
close to each other, whereas the curcumin keto and gallic acid occupy remote sites. In the case of conalbumin (Fig. 2),
two predominant types of the binding sites are observed — the sites of the first type accommodate curcumin keto, gallic
and salicylic acids, quercetin, resveratrol, and sesamin reside on the sites of the second type, while curcumin enol is
located at the remote site with completely different interface residues (Table 1).
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Figure 2. The best-score complexes of polyphenols with conalbumin
(continued on next page)
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Figure 2. The best-score complexes of polyphenols with conalbumin (continuation)

Table 1. The interface residues in the complexes of polyphenols with lactoferrin and conalbumin

Polyphenol

Lactoferrin

Conalbumin

Curcumin enol

VAL3ssoa PROs3s2a GLUsssa GLU3s4aa  ARGuassa
ASPsosa ASPsooa SERs194 LY Ss20a GLUs214 LY Ss22a
TYRs23a TYRs24a GLYs25a TYRszea  THRs27a
GLY 35288 ARGs31a HISs95a LY Se37a ASNe63sa LEUs39a
LEUg40a ASNe42a

VALjss0a GLU354a THR377a ALA393a LEU3044
ARGuas0a ALAsisa SERsi6a SERs17a HISs154
GLUsi9a LY Ss20a PHEs22a GLY'523a TYRs24a
THRs25a GLY 5264 ARGs20a TRPss7a HISs024
ASNe324 LY S633a ASPs34a

Curcumin keto

ILE1ia GLUisa PHEs1ia ALA4#2a THRssa LEUsoa
ASPsoa METe3a LEU119a GLY 1204 ARG121a4 CYS160A
CYSis3a SER185a PHE190A GLY 1914 TYR1924 SER193A
GLY194a HIS2534 GLN29sA ARG296a ASP297a LEU298A

ARGu414a TYR415a ASPa16a ARG427a PRO42sA
ALA49A SER430a TYR431a PHE4304 HISs5424
TYRss1a ARGss2a GLUsssa LEUs40a

ASP395a TYR398a ARGua63a ASNs1sa SER5194 GLUs5214
LYSs22a TYRs23a TYRs24a  GLYs2sa  TYRs26a
THRs27a GLY528a HISs595a LY S637a ASNe3sa LEUs39a
ASNsa2a

Gallic acid GLUs13a  ASNsisa  ARGaisa  TYRa33a TYRsz6a | GLU413a ARG414a TYR4154 ASP416aA ARGa274
LYSs44a ASPss6a PROsosa ASNsosa HISs954 ASNea2a | PROs2sa ALA429a SER430a TYR431a PHE4324
ASNs4aa THR645A HISs424 TYRss1a ARGsgoa LEUg40a

Salicylic acid GLUss4a  ASN393a  LEUsosa  GLUs13a  ARGuas3a | GLU413a ARGa14a TYR415A ASPa16A ARG4274
TYRs24a TYRs26a HISs05a LY Se637a ASNe3sa LEUs3oa | PRO42sa ALA429a SER430a TYR431a PHE4324
LEUs40a PHE6414 ASNe424 HISs424 ARGss24

Quercetin GLU3s4a  ASN39sa  LEUsosa  ASP3osa  GLU413a | VAL4ssa GLY450a TRP4gsa CYSa78a ASNa79a
ARGu463a  ASNsisa SERsioa GLUs2ia TYRs24a | PHE4g0a ASPagia SER4924 PRO493a LEUg6sA
GLY 5254 TYRs526a THRs27a GLY 5284 HISs595a LY S637a | LY S669a CY S6714 ASNe724 SER6744
ASNe3sa LEUgz0a LEUss0a PHEs414 ASNe4a2a

Resveratrol GLU3s4a  ASN393a  LEUszosa  GLUaiza ARGussa | VALasga GLY450a TRPassa CYSa78a ASNaz9a
SERs19a  TYRs2aa  GLYs25a  TYRszea  THRs27a | PHE4gsoa ASPasia SER492a PRO4o3a SER496a
GLY 5284 HISs95a LY S637a ASNe3sa LEUg39a LEUs40a | LEU49sa ILE¢ssa LEUcsssa LY See9a CYSe71a
PHE¢414 ASNe42a ASNs72A

Sesamin GLUsssa  GLUsssaa THR377a ASN3osa  LEUsosa | TYR400a VAL4ssa TRPagsa VALaesa CY Sazsa

ASN4s79a PHE4s0a ASPagia LEUs98a ILE¢6sa
LEUsgssa LY Se60a CYSe71a ASNe724 PRO6734
LEUs77a

These results are suggestive of the possibility that the use of certain polyphenol combinations may lead to competitive
interactions between these compounds for the binding sites on lactoferrin or conalbumin.
The analysis of the best score values (Table 2) showed that quercetin forms the strongest complexes with lactoferrin, while
curcumin (enol) - with conalbumin, with the binding affinities increasing in the order: salicylic acid < gallic acid < resveratrol
< curcumin keto < curcumin enol < sesamin < quercetin for lactoferrin, and in the order salicylic acid < gallic acid <
resveratrol < curcumin keto < quercetin < sesamin < curcumin enol for conalbumin. Notably, gallic and salicylic acids
displayed the lowest affinity for both proteins. Another observation noteworthy is that polyphenols appeared to have slightly
different (curcumin enol) or higher affinities for lactoferrin and conalbumin compared to those for the lysozyme fibrils [18].

Table 2. The best score values for the complexes of polyphenols with lactoferrin, conalbumin and chitosan

Polyphenol Lactoferrin Conalbumin Chitosan
Curcumin enol -177.30 (0.633) -181.39 (0.652) -18.64 (0.067)
Curcumin keto -162.58 (0.563) -151.14 (0.506) -17.23 (0.066)

Gallic acid -128.36 (0.394) -117.76 (0.344) -16.58 (0.065)

Salicylic acid -107.48 (0.299) -98.36 (0.263) -13.78 (0.062)
Quercetin -204.36 (0.748) -169.24 (0.595) -21.45 (0.071)
Resveratrol -154.94 (0.525) -126.49 (0.385) -14.78 (0.063)
Sesamin -187.76 (0.680) -172.04 (0.608) -17.94 (0.067)

*The confidence scores for binding probability are given in parentheses, with the values > 0.7 indicating a high probability, 0.5-0.7
moderate probability, and < 0.5 - low probability.
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Accordingly, in the systems lysozyme fibrils + proteins the binding sites for polyphenols predominantly encompass
the amino acid residues of lactoferrin or conalbumin (Figs. 3, 4), although in some cases (marked in grey in Table 3) the
amino acids of fibrillar lysozyme also contribute to stabilization of the complexes being formed.

Lysozyme fibrils + Lactoferrin + Resveratrol

Lysozyme fibrils + Lactoferrin + Sesamin

Figure 3. The best-score complexes of polyphenols in the
system lysozyme fibrils + lactoferrin.

In the lactoferrin-containing systems, only curcumin enol and curcumin keto were found to form contacts with both
lactoferrin and lysozyme fibrils, whereas the binding sites for other polyphenols are localized exclusively on the protein
molecule (Fig. 3, Table 3).

Table 3. The interface residues in the complexes of polyphenols with the components of the systems lysozyme fibrils + lactoferrin /
conalbumin in the absence and presence of chitosan

Lactoferrin Conalbumin Lactoferrin Conalbumin
Lysozyme fibrils Lysozyme fibrils + chitosan
Curcumin enol PHE34c GLU3sc PHE34e | TRPs3a GLY26c TRPs3c | PHE34a PHE34c GLU3s5¢c | VALjssoa GLU3s4a
GLUsse SER3ee PHE346 | GLY26e TRPs3e GLY266 | SER36c PHE34e GLU3se | THR377a ALA393A
GLUssc SER366 PHE341 | TRPs3c GLY261 TRPe31 | SER36e PHE346 GLU356 | ARGas0a ALA5s15A
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Lactoferrin Conalbumin Lactoferrin Conalbumin
Lysozyme fibrils Lysozyme fibrils + chitosan
GLUsst SER361 GLN13a | VALsgia SERssa | SER366 PHE341 SER361 | SERs16a SER517a
PRO14a PHE17a LYS18a | GLN271a SER272a | GLN13a PRO14a PHE17a | HISs184 GLUs194
ARG21a GLY175a | ASP273a PHE274a | ARG21a LYS174a | LYSs20a PHEs224
GLU\176a ASNi79a | GLY2754 VAL27a | ARGissa PROissa | GLY 5234 TYR524a
SER1s5a ARGissa | ASP277a THR278a | PRO292a PRO293a | THRs254 GLY526A
PRO1ssa PRO292a | PHE2s85A ILE305a | GLN29sa ARGs20A TRPss7a
PRO293a GLN2954 MET306a LY Ss0sa HISs924 ASNe324
GLYe685a LY Ses6a LYSe33a ASPes3aa
Curcumin keto PHEs3sa ASN39a PHE3sc | ARGsia ASPssa PRO70a | SER366 ASN376 PHE386 | TRPs3e CYSese ASNese
ASN39c PHEsse | GLY71a SER72a ASPssc | SER361 ASN37z1 PHEss1 | TRPs3g CY Seac ASNesG
GLUz16a LYS280a | VALassa TRP4saa | ASN3o1 SER93a LYS197a | GLY261 TRPe31 ASNest
ASN2s1A GLN287a | CYS478a ASN479a | GLN200a ASP201a | PHE4324 ARGss2a
PHE289a GLY290a | PHE4s0a ASPagia | ASN217a LEU218a | GLUsg3A ASNGissgsa
SER291A ARG296a | SER4924 PROu493a | ASP223a GLN226a | ALAsg7A GLUsssa
ASP302a SER3034 LEU498a LEUsesa | TYR227a PRO292a | LYSe60a
LY Ses9a CYSe71a | PRO293A GLY294a
ASNs724 ARG296a
Gallic acid GLUu413a ASNas1aa | TRPs3a CYSe4a ASNesa | SER3sc ASN376 PHE3sGg | TRP2si CYSsor  SEReor
ARGu415A TYR433a | TRPs3c CYSeac ASNesc | SER3e1 PHE3s1 SER193a | TRPg21 TRP44s5a
TYRs26a LYSs44a | TRP264a LYS308a | GLY 1944 PHE196a | GLYa469a LEU470a
ASPsa6a PROsg3a | ARGz09a VAL3ia | LYS197a GLN200oa | ILE471a ASN473A
ASNs94a HISs95a | PRO311a SER312a | ASN217a PRO293a | ARG474a THRs714
ASNsa2a ASNeasa | GLNe78a METs679a | GLY294a ARG296A ASPs724
THRe45a PHEe¢s2a
Salicylic acid GLU3s4a ASN393a | TRP63a CYSe4a ASNesa | PHE3sG PHE3s1 SER193a | TRP2si  CYS3z01 SERgo01
LEU394a GLU413a | TRPs3c CYSesc ASNssc | GLY 1944 PHE196a | TRPs21 TRP44s5a
ARGus3A TYRs24a | TRPs3E TRP264a | LY S197a GLN200a | GLY469A LEU470a
TYRs26a HISs9s5a | LYS308a ARG309a | ASN217a PRO293a | ILE471A ASN473A
ASNe38a LEUse39a | VAL310a PRO311a GLY294a ARG296A ARGu474a THRs71A
LEUse40a PHEg¢41a
ASNsa2a
Quercetin GLUs3s44 ASN393a | VALassa GLY450a | GLU354a ASN393a | TRP2si  ILEssi  ASNsor
LEU394a ASP39sa | TRPagaa CYSa78a | LEU394a ASP395a | SEReo1  ARGe1ir TRPe21
GLUu413a ARGue3a | ASNazoa PHE4s0a | GLU4134 ARGu63a | SER721 ASN741 TRP4ssa
SERs19A TYRs24a | ASPagia SER4924 | SERs19a GLUs21a | LEU470a ASN473A
GLY525A TYRs26a | PRO493A LEUsssa | TYRs24a GLYs25a | ARG474a THRs71a
THRs274 GLYs28a | LYSe69a CYSes71a | TYRs26a THRs27a | ASPs72a
HISs954 LYSe637a | ASNes72a SER674a GLY 5284 HISs954
ASNe3sa LEUs390a LYSe37a ASNe3sa
LEUs40a PHEg¢41a LEUs39a LEUs40a
ASNsa2a PHE6414 ASNe42a
Resveratrol GLUss4a ASN393a | ASNsoa SERsoa ARGe1a | GLU354a ASN393a | GLUssc LY Ss3e GLUssE
LEU394a GLUas13a | GLY71a SER72a ASNsoc | LEU394a GLU413a | ARGu4se LY S336 GLUss6
ARGu463A SERs19a | VALasssa TRPassa | ARGuae3a SERs19a | ARG4sc ASPs2g LY S3an
GLUs21a TYRs24a | CYSa78a ASN479a | TYR524a GLYs25a | GLUsst ARGast ASPsar
GLY 5254 TYRs26a | PHE4g0a ASPasia | TYRs26a THRs27a | CS7 CSg CSo CSi0
THRs274 GLYs28a | LEU498a CYSe71a | GLY 5284 HISs954
HISs954 LYSe637a | ASNe72a LYSe37a ASNe3sa
ASNe38a LEUs39a LEUs39a LEUs40a
LEUs40a PHEg¢41a PHE¢414 ASNe42a
ASNe42a
Sesamin GLUss3a GLUss4a | TYRa00a VALussga | GLU3sa PHE34c GLU3sc | LYS33e PHE34e GLU3sE
ASN393a LEUs94a | TRPagaa VALusssa | SER3sc PHE34e GLU3se | ARGase LY S33c PHEz46
ASP3954 TYRz9sa | CYSa78a ASNa79a | SER36e PHE346 GLU3s56 | GLU3sc ARGasg LY S331
ARGu63A ASNs18a | PHE4s0a ASPagia | SER366 PHE341 GLU3ssi | PHE341 GLU3zsi ARGuast
SER519a GLUs21a | LEU498a ILEsssa | SER3ze1 PHE17a ARG21a | ASPsai CS7 CSs CSo
LYSs22a TYRs23a | LEUg6sA LYSe69a | PRO292a PRO293a | CS10 CS11
TYRs24a GLYs25a | CYSe71a ASNe72a | GLY294a GLN295A
TYRs26a THRs27a | PROe73a LEUs774
GLY528A ARGs314
HISs954 THRe36A
LYSe37a ASNe3sa
LEUs39a PHEg¢41a
ASNsa2a
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At the same time, in the conalbumin-containing systems, quercetin and sesamin reside on the protein molecule,
while the other polyphenolic compounds form contacts with both conalbumin and lysozyme fibrils (Fig. 4, Table 3).

E F
Lysozyme fibrils + Conalbumin + Quercetin Lysozyme fibrils + Conalbumin + Resveratrol
AN IO

l“i‘-' X X
5

Figure 4. The best-score complexes of polyphenols in the system
lysozyme fibrils + conalbumin.

Lysozyme fibrils + Conalbumin + Sesamin

The addition of chitosan to the system lysozyme fibrils + lactoferrin / conalbumin resulted in the association of
polyphenols with completely different or slightly changed binding sites (Figs. 5, 6, Table 3). As judged from Table 3, the
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smallest changes in the presence of chitosan were observed in the lactoferrin-containing systems for quercetin (the
appearance of GLUs;;4 in the binding site) and resveratrol (the disappearance of GLUs; 4 in the binding site). Likewise,
the analysis of the composition of binding sites showed that in the ternary systems with lactoferrin there exists a possibility
of competitive interactions between salicylic acid, quercetin, resveratrol and sesamin; while in the systems with
conalbumin gallic acid can compete with salicylic acid, quercetin — with resveratrol and sesamin. In the quaternary
systems with lactoferrin the competition may occur between curcumin keto, gallic and salicylic acids, quercetin and
resveratrol, curcumin enol and sesamin, while in the systems with conalbumin the competitive ligands are represented by
quercetin, gallic and salicylic acids, resveratrol and sesamin. Obviously, the possibility of competitive interactions must
be taken into account while incorporating the mixtures of different polyphenols into a polymeric matrix.

Lysozyme fibrils + Chitosan + Lactoferrin + Gallic acid

Lysozyme fibrils + Chitosan + Lactoferrin + Quercetin Lysozyme fibrils + Chitosan + Lactoferrin + Resveratrol

Figure 5. The best-score complexes of polyphenols in the system
lysozyme fibrils + chitosan + lactoferrin.

Lysozyme fibrils + Chitosan + Lactoferrin + Sesamin
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As seen from Table 4, in most cases, chitosan did not exert influence on the binding affinities of polyphenols — the

changes in the best score values were less than 10%. The most pronounced increases in the best score values were
observed in the systems with lactoferrin / conalbumin and curcumin enol, by 14% and 10%, respectively. On the contrary,
the binding affinities of the gallic and salicylic acids showed a decrease (~12%) in the systems with chitosan and
conalbumin (Table 4).

Table 4. The best score values for polyphenol binding with the components of the systems lysozyme fibrils + lactoferrin / conalbumin,
in the absence and presence of chitosan

Polyphenol

Lysozyme fibrils
+ Lactoferrin

Lysozyme fibrils + Chitosan +
Lactoferrin

Lysozyme fibrils
+Conalbumin

Lysozyme fibrils

+Chitosan + Conalbumin

-333.24 (0.975)

-335.82 (0.976)

-280.81 (0.932)

-295.49 (0.948)

Curcumin enol

-179.21 (0.642)

-204.77 (0.749)

-185.38 (0.669)

-183.19 (0.660)

Curcumin keto

-169.33 (0.596)

-177.26 (0.633)

-167.26 (0.586)

-183.75 (0.663)

Gallic acid -127.27 (0.388) -128.33 (0.393) -141.75 (0.459) -124.36 (0.375)
Salicylicacid | -106.88 (0.297) -113.55 (0.325) -117.21 (0.342) -102.86 (0.280)
Quercetin -205.28 (0.751) -203.43 (0.744) -171.98 (0.608) -173.77 (0.617)
Resveratrol -154.12 (0.521) -154.71 (0.524) -132.80 (0.415) -135.29 (0.427)
Sesamin ~187.74 (0.680) -197.86 (0.723) -173.6 (0.616) -185.91 (0.672)

Interestingly, in the systems with conalbumin resveratrol and sesamin displayed the ability to form contacts with

chitosan, so that the binding sites for these polyphenols contain only amino acid residues of lysozyme fibrils and
monomeric subunits of chitosan (Table 3), while in the absence of polysaccharide resveratrol form contacts only with
conalbumin, while sesamin associate with both the protein and fibril (Fig. 6, F, G). In the presence of chitosan the binding

affinity of resveratrol remained practically unchanged, while that of sesamin slightly increased (Table 4).

B

C

Lysozyme fibrils + Chitosan + Conalbumin + Curcumin (keto)

Lysozyme fibrils + Chitosan + Conalbumin + Gallic acid

Lysozyme fibrils + Chitosan + Conalbumin + Quercetin

Lysozyme fibrils + Chitosan + Conalbumin + Resveratrol

F
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Figure 6. The best-score complexes of polyphenols in the system
lysozyme fibrils +chitosan + conalbumin

3 G
Lysozyme fibrils + Chitosan + Conalbumin + Sesamin

Another noteworthy observation is that the association of the examined polyphenols with chitosan per se is very weak;
the best docking scores range from -13 to -21 (Table 2). However, as shown in our previous work [18], when chitosan resides
in the grooves of lysozyme fibrils, most polyphenolic compounds tend to form contacts with both the amyloid fibrils and the
polysaccharide, and binding affinities are much higher than those for free chitosan. At the same time, in the systems
complemented by lactoferrin or conalbumin, polyphenols exhibit more complex binding behavior, so that only resveratrol
and sesamin interact exclusively with fibrillar lysozyme and chitosan in the presence of conalbumin.

CONCLUSIONS

In summary, the present study demonstrated the possibility of creating nanosystems composed of four biologically
active components: lysozyme amyloid fibrils, chitosan as the polymeric matrix, and lactoferrin or conalbumin and
polyphenols as therapeutic agents. The molecular docking technique provided insights into the behavior of these components
in binary, ternary, and quaternary systems. The main results are as follows: i) the binding affinity of polyphenols for
functional proteins increases in the order salicylic acid < gallic acid < resveratrol < curcumin keto < curcumin enol < sesamin
< quercetin for lactoferrin, and in the order salicylic acid < gallic acid < resveratrol < curcumin keto < quercetin < sesamin
< curcumin enol for conalbumin, suggesting that quercetin, sesamin and curcumin enol form the strongest complexes with
the proteins; ii) among 24 examined ternary and quaternary combinations of various components in 10 systems polyphenols
prefer to associate with lactoferrin or conalbumin, while in the remaining systems they form contacts with both fibrillar
lysozyme and bioactive proteins; iii) in the ternary and quaternary systems polyphenols can compete for the binding sites;
iv) in the presence of conalbumin in quaternary systems resveratrol and sesamin showed the binding preferences for the
lysozyme fibrils and chitosan. These findings can serve as a basis for the rational design and fabrication of novel
nanocomposites for biomedical applications, particularly in wound healing.
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JOCIIKEHHA AMUIOI — TOJICAXAPAIHUX KOMITO3ATIB METOJIOM MOJEKYJISIPHOTO TOKIHTY:
I. BBAEMO/II 3 BIOJIOTTYHO AKTUBHUMU BIIKAMHY TA MMOJII®EHOJAMHA
Banepis Tpycosa, Yiasana Manosuus, Oubra XKutnskiscska, I'ainna I'opoenko
Kageopa meouunoi gizuxu ma biomeduunux nanomexnonozii, Xapkiecokui nayionanvnuil ynieepcumem imeni B.H. Kapasina
M. Ceobo0ou 4, Xapxis, 61022, Vkpaina

AwminoinHi GpiOpum — O1TKOBI arperaTs 3 yHIKQJIFHOIO CTPYKTYPOIO — € HOBHM THUIIOM HaHOMATepiajiB O1IKOBOT IPUPOAH 3 ITHPOKUM
CIIEKTPOM 3acTocyBaHb. OHUM i3 MPHUKIAAIB OIOMEIMYHOTO 3aCTOCYBAaHHS aMiIOIIHUX HaHOMATEpiajliB € OTPUMaHHSA 010CyMiCHUX
TiporeseBUX MOKPHUTTIB JUISl 3arO€HHS paH. JlaHe TOCHiIKeHHs OyJI0 CIIpsIMOBAaHE Ha OIIHKY MOJIMBOCTI BUKOPHUCTAHHS aMiJIOITHIX
¢iOpu nizonuMy, IHTETPOBAaHMX 3 IIOJCAXapHJOM XiTO3aHOM, B SKOCTI IOJIMEPHOTO MAaTpPHKCy IS IHKOpHOpAmii areHTiB 3
BUPQ)KEHUMH DPaHO3arolOBaJbHUMHU BJIACTHBOCTSIMH, TaKMMH SK Modi(peHoIM Ta OIoJIOriYHO aKTHBHI ONKM JakTodepuH Ta
KOHaJILOYMiH. 3a JJOOMOTr'0I0 METOTy MOJISKYJISIPHOTO IOKIHTY OyJIH BU3HAYEHI TaKi XapaKTePUCTUKH, K a)iHHICTb, aMiHOKHUCIIOTHU
CKJIaJl CaiiTiB 3B’sI3yBaHHS Ta MOXJIMBI KOHKYPEHTHI B3aeMo[il MiX Hoii)eHOJIaMH B IBOX-, TPOX- Ta YOTUPHOXKOMIIOHEHTHHX
cucTemax. Businena 3matHicTh MOMiEHONBHHUX CIOIYK A0 acouiamii 3 0i0akTHBHHMH Oinkamu, OpH IIbOMY HaiBuIna adiHHICTH
crocTepiranach Ui KypKyMiHy B €HOJIBbHIN ()OpPMi, KBEPLETHHY Ta cecaMiHy. ¥ TPhOX- Ta YOTHUPHOXKOMIIOHEHTHHX CHCTEMaX CaiTh
3B’s3yBaHHS TOJNI(EHONIB JIOKaNi3yBajdich a00 BUKIIOYHO HA MOJIEKYJaX JIAKTOQEpUHY YU KOHaJIBOyMiHy, a00 X MiCTHIN
aMIHOKHUCIIOTHI 3QJIMIIKH 1 (GiOpmisipHOTo JIi301MMYy, 1 6i0akTHBHMX O1KiB. BCTaHOBIEHO, Y SKUX KOMOIHAIISMX IOJTi(GEHOIN MOKYTh
KOHKYpYBaTH MDK c00OI0 3a caifté 3B’s3yBaHHA. OTpHMaHi pe3ysIbTaTH CTBOPIOIOTH OCHOBY UL AW3aiiHy HOBUX aMITOITHUX
HaHOKOMIIO3UTIB 3 PaHO3arOFOBaJILHIMH BIIACTUBOCTSIMH.

KuarwuoBi ciioBa: aminoioni ¢ibpuru nizoyumy, Ximoszaw; nonighenonu; aakmoghepur; KOHANbOYMIH; Caumu 38 S3Y6aHH,
CHOpiOHeHIiCMb 36 A3VE8AHHA, MONEKYAAPHULL OOKIH2
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We investigate a nonlocal continuum model of crowd dynamics using a physics-informed neural network approach. The crowd is
described by a system of nonlinear conservation laws in which the flux incorporates advection, diffusion, and nonlocal interaction terms
accounting for density-dependent motion and limited perception of surrounding agents. Nonlocal effects are modeled through spatial
convolutions with smooth kernels, enabling agents to respond to averaged density gradients rather than purely local information. The
governing system of partial differential equations is solved using a physics-informed neural network known as PINN, which approximates
the solution over the entire space—time domain while enforcing the physical constraints through automatic differentiation. The nonlocal
interaction terms are implemented in a stable discrete convolution form, ensuring numerical robustness during training. The approach
is demonstrated on the interaction of two pedestrian groups moving in opposite directions in a one-dimensional corridor. The results
exhibit the formation and propagation of density fronts, the gradual merging of flows, and the emergence of stable mixed zones.
A characteristic feature of the solution is the partial interpenetration of the groups without rigid collisions, reflecting realistic collective
motion. To validate the method, the PINN solution is compared with a reference finite-difference scheme based on a Rusanov flux.
Qualitative agreement is observed in front structure and mixing dynamics, while quantitative deviations in key characteristics remain
within a few percent. A systematic parameter study shows that the PINN-based solution remains stable under variations of advection
velocity, diffusion coefficient, and nonlocal interaction radius, in contrast to the finite-difference scheme, which exhibits strong stability
limitations. These results demonstrate that PINN provides a robust and physically consistent tool for modeling nonlinear nonlocal crowd
dynamics.

Keywords: Physics-informed neural networks;, Nonlocal crowd dynamics; Evacuation modeling; Advection-diffusion; Convolution
kernels; Robustness; Complex geometries

PACS: 07.05.Mh, 02.70.-c, 02.60.Cb

1. INTRODUCTION

With the increasing density of urban development, the growing number of mass events, and the risks associated with
emergencies, there is an increasing need for effective methods to analyze collective motion and evacuation processes.
Such problems require mathematical models that account for interactions among agents, the influence of environmental
geometry, and the temporal evolution of density. From a mathematical perspective, collective motion can be described
within a continuum framework using conservation laws for density. Such models have been developed since the 1970s
[1] and have been successfully applied to describe pedestrian and traffic flows [2, 3, 4]. In more advanced formulations,
nonlocal interactions are taken into account, where the motion is determined not only by the local density but also by its
distribution in a surrounding neighborhood. This leads to the appearance of terms represented as integral convolutions
with smooth kernels [5]. These models allow the incorporation of effects such as limited perception and the tendency to
avoid regions of high density. Despite their physical consistency, nonlocal models pose significant challenges for numerical
solution. The presence of integral terms increases computational complexity and complicates the stability of classical
numerical schemes. Moreover, traditional discretization-based methods scale poorly when extended to higher-dimensional
problems [6, 7].

In recent years, PINN has emerged as an alternative approach for solving differential equations [8], in which physical
laws are directly embedded into the loss function of the neural network. This approach enables the computation of solutions
without explicit domain discretization and naturally incorporates boundary and initial conditions. Further developments
of the method focus on improving training stability and solution quality [9, 10]. Nevertheless, the application of PINN to
nonlinear equations with nonlocal interactions remains insufficiently explored. In particular, the presence of convolution
terms requires a dedicated implementation within the PINN framework and may significantly affect the stability and
accuracy of the resulting solutions. In the present work, a crowd dynamics model is used as a representative example to
investigate the applicability of PINNs to nonlocal equations of this type. One of the objectives is to assess the stability of
the computational method and the reliability of the obtained solutions for such problems.
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2. MODEL

We model the crowd as a continuum with density p(z,x). When many agents of the same type move in similar
directions, their motion can be treated statistically, and the overall crowd behaves like a compressible fluid. [1, 2, 3, 4]
Accordingly, we adopt a conservation law (continuity equation)

dhp+V-j=0, )]

where j = pu, and u is the velocity vector field. In contrast to an exact description involving a number of equations equal
to the number of agents, this hydrodynamic approach allows for describing collective motion without tracking each person
individually and significantly simplifies the mathematics of the problem, reducing the number of equations of motion to
one.

To correctly represent the velocity of agents in a crowd, the direction and the magnitude of motion should be treated
independently, in accordance with [5], was demonstrated that the dependence v(p) = viee(l — p/pomax) reflects real
behavior in a traffic jam. Here, pmax is associated with the finite size of the agents, and v is the maximum speed of
free movement of the agents in the absence of crowding. In the considered scenario (in the absence of a crowd, agents,
optimizing their direction of movement), move in the preferred direction e(x), which is unitary vector. The boundary
conditions of movement in the corridor are e = +1, depending on whether the movement is left or right.

An attempt to avoid high-density areas is described by a vector i[p(x)]. To model this behavior, it was proposed
[5] to move along —Vp. In addition, in order to account for the radius of the agent’s field of view, where it estimates
the density, the density is averaged over a certain neighborhood with a smooth kernel r7, which leads us to the following
expression for i[ p(x)]

« L
o] = s —— L () = / p(y) n(x — y) dy, @)
V149G« L

where * denotes spatial convolution with a kernel in the vicinity L. The coefficient £ > 0 controls the reaction strength:
larger values correspond to stronger avoidance of crowded regions, while smaller values produce less sensitive trajectories.
The denominator in (2) limits the magnitude of the deviation, preventing the reaction from becoming infinitely large. The
natural presence of velocity dispersion among agents in a crowd is described by a diffusive flux term q = —D Vp Fick’s
law. Thus, total flux takes the form:

i=pv(p) (e(x) +i[p(x)]) +q, 3)

being the non-linear expression in p. Totally, equation (1) for one type of agents takes the following form:

3zp+V-(pV(p)(e+i[p])) =D Ap, 4)

here and further we omitt the notation of the dependence on (x).
The process of mixing flows of agents of two types is described by a system of equations of form (4). The mutual
influence between agents of different types is accounted by the additional term in (3) of the form:

V(o1 *nr)
V1V s ol

where & ; controls how strongly each group reacts to the local density of another group, and 7, defines the perceptual
radius of the agents of type k where k and any other sub-indexes take values 1 and 2. Thus, the complete system describing
the motion of the interacting groups is a nonlinear, nonlocal system of partial differential equations (PDEs) and has the
following form:

®)

ix[pi] = — eka

Oip1 + V'(Pl vi(p)(er +i1[p1] + it [Pz])) =D Apy, ’
(6)
Orp2 + V'(Pz va(p)(ex +iz[p1] + iz[pz])) =D Apa,

with p = p; + p» with Neumann boundary conditions corresponding to free outflow of agents. Developing PINNs for
such systems is a central motivation of this work.

3. PINN COMPUTATION

The system equations (6) is a strongly nonlinear system of PDEs with nonlocal integral terms. We employ a PINN
approach, originally introduced in [5] to solve it. The analysis is carried out on a space-time domain 0 < x < L with
L = 10, and for times 0 < ¢t < 9. All variables and parameters in the model are expressed in dimensionless form.
Before being passed into the neural network, the input coordinates are transformed using a Fourier feature embedding,
which maps them to a higher-dimensional space using sinusoidal functions in order to improve the representation of
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sharp spatial and temporal variations. This transformation affects only the neural network input representation and does
not alter the governing equations. The maximum frequency of the Fourier features is set to Neq = 8, which provides
sufficient resolution of high-frequency solution components while maintaining training stability and avoiding unnecessary
high-frequency modes that do not improve accuracy.

Here we present the implementation of the network consisting of 6 hidden layers with 256 neurons each, using
the tanh activation function. The output layer contains two neurons corresponding to the two densities, and applies
the softplus activation to ensure non-negativity of the predicted densities. All derivatives entering the equations are
computed using TensorFlow’s automatic differentiation. Direct integration inside the PINN, unlike differentiation, leads
to instability during training. Therefore, the integral operator is rewritten in discrete form as a precomputed convolution
matrix. This allows the integral term to be evaluated as a matrix multiplication, which remains differentiable and stable
within the TensorFlow framework.

At the initial time, the crowd is assumed to form a configuration with well-defined boundaries. Therefore, the initial
density distributions of the two agent groups are prescribed as localized super-Gaussian profiles.

Zmi
X —X;

pi(x,0) = A; exp(— ' (N

Oi

where p; corresponds to the faster group and p, to the slower one. The slower group is initially located ahead of the
faster group, such that interaction occurs only after a finite time interval. The boundary conditions correspond to an open-
boundary problem with zero inflow at the left boundary and a free outflow at the right boundary. Training is performed in
stages. During the first stage, the network is fitted to the initial and boundary conditions and to the correct conserved mass,
establishing a stable baseline. Subsequently, the network progressively enforces the governing equations. By adjusting the
weights in the loss function, we control the relative importance of the physical terms and suppress non-physical deviations,
which improves the stability of the training process.

The PINN approach preserves the correctness of the solution across a wide range of physical parameters, since it does
not rely on step-by-step temporal advancement and is not constrained by conditions such as the Courant—Friedrichs—Lewy
restriction [11]. The neural network approximates the solution over the entire domain simultaneously, which makes the
method robust to changes in velocity, the radius of nonlocal interaction, and diffusion coefficients.
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Figure 1. Motion of a single-type crowd

For clarity, and to illustrate the interaction effects between two groups, we first demonstrate that the numerical model
correctly reproduces the dynamic of a single crowd moving along the corridor. The network is trained for 7000 epochs
without further improvement in accuracy. Fig. 1 shows the spatial density profiles at time instants ¢ = 0.0, 2.0, 4.0 and
6.0. The simulation was performed with parameters A = 0.25, x = 0.6, 0 = 1.2, m = 4, and v = 0.5. As expected, the
group moves as a whole.
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Fig. 2 shows a qualitative change in the collective dynamics two groups of agents, that arises when a second is
introduced. The second simulation was performed with parameters A; » = 0.25,x; = 1.59,x2 =0.52, 012 =12, m2 =
4,and vi = 0.5, v = 0.38.
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Figure 2. Spatial density profiles at selected time instants, illustrating the formation of quasiperiodic structures and
interacting fronts. Both groups move in the positive direction of the x-axis, with the group of type I agents having a higher
velocity.

The flow becomes fragmented into subgroups, and diffusive transport through low-density areas enables faster agents
to overtake slower ones. As dispersion progresses, the overall density decreases, allowing unobstructed bypassing of
slower agents and leading to the eventual disappearance of the periodic ordering. At the initial moment (¢ = 0.0), the faster
group begins to catch up with the slower one. At the next stage (¢ = 2.0), the two groups already overlap significantly,
and the difference in their preferred velocities leads to a deformation of the initial profiles and to the emergence of several
local density maxima in the interaction zone. As the process develops further (¢ = 4.0), the model exhibits a characteristic
phenomenon: the faster blue group gradually penetrates through the slower one, and quasiperiodic structures form. By ¢ =
6.0 and beyond, this zone stabilizes into a broad segment that gradually shifts to the left, capturing mutual interpenetration
and “pressing through” of the flows. The visualization demonstrates that the model reproduces key effects: gradual
merging of flows, formation of compacted regions, and their subsequent displacement. The faster group overtakes the
slower one and, after passing through it, forms a gap, a region of reduced total density. This behavior corresponds to the
real behavior; people do not form a continuous medium; they can bypass, flow around, and partially pass through local
clusters while maintaining their own speed, proving that social pressure and density allow for it.

The density fronts that emerge in the model have direct analogues in the physics of continuous media. Similar
structures are formed, for example, in the exhaust plume of a jet engine: the hot jet, interacting with the surrounding air,
creates zones of sharp density variation that move, stretch, flow around obstacles, and can partially “penetrate” through
slower layers of the medium. These fronts are not rigid surfaces; they are dynamic transition zones where material moving
at one speed enters the region of material moving at another speed. Similarly, in the crowd-motion model, the front
represents a transition zone between two groups of people with different velocities and densities. It shifts, stretches, and
can seep into the interior of the other group without an instantaneous equalization of speeds, reflecting the real kinematics
of human movement.

Figure 3 presents the space-time diagrams of the densities p;(x,¢) and p,(x, ). They demonstrate an evolutionary
transition from an almost uniform distribution within each group to a quasiperiodic structure arising as a consequence of
the interaction between the groups. As the process develops, alternating bands of higher and lower density are formed,
with the density maxima of one group largely corresponding to the density minima of the other. This reflects a coordinated
spatial modulation of the two interacting flows.
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0.0

Figure 3. The space-time diagrams of the agent distributions in both groups

4. FDM VERIFICATION

1D, 2D problems without experimental data, with known parameters, are suited for solution by numerical methods
such as the FDM. The model is discretized on a uniform one-dimensional grid, where the node values store the densities
of the two groups. Thus, we deliberately considered simplefied problem in 1D to verify the PINN approach.

Both models, FDM and PINN, are run with identical initial conditions. The resulting density profiles, front positions,
and mixing dynamics of the two groups are then compared. PINN reproduces the key features obtained by the FDM
model: the shapes of the fronts and the interaction zones match visually, and the quantitative deviations remain small.
To provide a qualitative assessment, we conducted simultaneous comparative runs for the FDM and PINN methods with
initial conditions varying from 0.8- A to 1.2- A;. The relative discrepancies in the peak positions and front widths
did not exceed 6% across all simulations considered. In addition, both models exhibited convergence under spatial grid
refinement, which confirms the robustness of the obtained results and the consistency of the numerical implementation.
Thus, the FDM framework serves as a reliable reference model against which the PINN demonstrates physically consistent
behavior.

5. RESULTS ANALYSIS

The results demonstrate that PINN provides a stable and accurate reconstruction of solutions to nonlinear differential
equations with nonlocal terms and remains operational over an extended parameter range. The obtained solution consis-
tently reproduces the key dynamical features of two interacting pedestrian groups. At the initial moment the densities are
fully separated, while during the evolution the faster group overtakes the slower one and forms a stable transition zone.
This behavior realistic reflects pedestrian flow, where individuals partially interpenetrate rather than collide as rigid bodies.

The density fronts evolve without numerical artifacts: within the interaction region the gradients increase and then
decrease smoothly. No nonphysical oscillations or discontinuities are observed. An analysis of temporal interaction areas
shows that the deformation of the distribution remains regular and physically meaningful throughout the entire simulation
interval. An examination of global characteristics shows that the front position, the width of the interaction areas, and the
maximum density values change monotonically and without abrupt jumps, indicating a correct and stable reproduction of
the nonlocal interaction mechanism.

Within the considered assumptions, the proposed PINN formulation demonstrates consistent performance. The
structure of the method suggests applicability to more general problem classes beyond the present setting, including higher
dimensions.
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®I3NYHO-IH®OPMOBAHE HEMPOMEPEKEBE MOJIEJIIOBAHHA HEJIOKAJIBHOI JUHAMIKHA
HATOITY JIJI CIIEHAPIIB EBAKYAIIII
A. Haymogenp, I1. Ky3nenos, B. Yepkammun, A. T'ax
Xapxiscokuii Hayionanenuil ynisepcumem imeni B.H. Kapasina, na. Ceo6oou, 4, Xapxie 61022, Yxpaina

Mu focifikyeMo HeJToKaabHy KOHTUHYaJIbHY MOZIENb JMHAMIKH HATOBITY, BUKOPUCTOBYIOUH (i3uKko-iH(opMOBaHNMiT HefipoHHMIT Mepe-
JKeBHI miaxin. HaToBm OoNMuCyeThCss CUCTEMOIO HEJIIHIHHUX 3aKOHIB 30€pekeHHs, B SIKHX MOTIK BKJIIOYAE aBEKIIi, TUQy3ilo Ta HeJlo-
KaJIbHi YWICHU B3a€EMOIi, [II0 BPaXOBYIOTh PyX, 3aJI€XKHHUH Bi/l LIJILHOCTI, Ta 0OMekeHe CIPUIHATTSI HABKOJMIIHIX areHTiB. HesmokanbHi
eeKTH MOJEIOITHCA 32 JOMOMOTOI0 MPOCTOPOBUX 3rOPTOK 3 MIAJKUMH sIAPaMH, IO JO03BOJISE areHTaM pearyBaTH Ha ycepeaHeHi
rpajlieHTy LIIJIBHOCTI, @ HE Ha CYTO JIOKaJIbHY iH(opMariilo. Cucrema audepeHuialbHUX PiBHAHb 3 YACTUHHUMU MOX1JHUMH, 1O KEpYeE,
PO3B’A3Y€EThCSA 32 JONOMOrow (hi3uKo-opieHTOBaHOI HelpoHHOI Mepexi, Bitomol Ak PINN, ska anpokcumye po3B’sA30K IO BCbOMY
MPOCTOPOBO-YaCOBOMY JOMEHY, OZHOYACHO JOTPUMYIOUMCH (Di3MIHUX OOMEkeHb 3a JOIOMOIrOl0 aBTOMAaTUYHOTO AW(PEepeHIIiI0BaHHSI.
HenokanbHi WwieHn B3aeMofii peatizoBaHi y CTaOilIbHIl OUCKPETHIi 3ropTKoBiil opmi, mo 3abe3nedye YUCIOBY CTIHMKICTh Mif Yac
HaBuaHHs. [1iAXix AeMOHCTPYEThCS Ha B3a€MOIii IBOX IPyH MIIIOXOMIB, IO PyXalOThCS B MPOTUICKHHUX HAMPSMKaX B OJHOBUMiIpPHOMY
Kopunopi. PesynbraT 1eMOHCTpYI0Th (hOpMYyBaHHS Ta MOUIMPEHHS (PPOHTIB IIIJIBHOCTI, MOCTYNOBE 3JUTTS MOTOKIB T4 BUHUKHEHHS
CTabIbHUX 3MillIaHUX 30H. XapaKTepHOIO OCOOJMBICTIO PO3B’SI3KY € YaCTKOBE B3AEMONPOHUKHEHHs TPyl 6e3 )OPCTKHUX 3iTKHEHb, 110
BioOpaskae peanicTHYHUIA KONeKTUBHUIA pyx. [list Batinanii Metomy po3B’ 130k PINN nopiBHIOEThCS 3 €TaTOHHOIO CXEMOI0 CKiHYEHHUX
pi3HUIIb, 3aCHOBaHOI0 Ha moToui PycanoBa. fKicHa BiANOBIAHICTb CIIOCTEPIra€TbCA Y CTPYKTYpPi (PPOHTY Ta AMHAMILI 3MillyBaHHS,
TOAI fIK KiJbKiCHI BiIXWJIEHHS B KJIOUYOBHX XapaKTEPUCTUKAX 3AJIMINAOTHCS B MeXaxX KUIBKOX BiICOTKiB. CHCTEMaTHIHE JIOCIiIKEHHS
napameTpiB MOKa3ye, 110 po3B’si30K Ha ocHOBI PINN 3anuiiaeTscst cTabiibHUM MpY 3MiHAX IIBUAKOCTI afgBeKIiii, koedilienTa audy-
3ii Ta pajiyca HEJOKaJIbHOI B3a€MO/il, Ha BiIMiHY Bii CXeMM CKiHUYCHHHX Di3HHIb, 5IKA JEMOHCTPYE CHJbHI OOMEXEHHs CTiHKOCTI.
IIi pesyapTaTn geMOHCTPYIOTh, 0 PINN 3a6e3nedye HapiiiHuil Ta (Di3UUHO y3rofKeHMid iHCTPYMEHT Ul MOJIe/IOBaHHSA HeJliHiHOI
HEJIOKAJIbHOI IMHAMiKH HaTOBITY.
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Jugby3sis; a0pa 320pmKu; po6aAcmHicmy; CKAAOHI 2eoMempil
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This study analyzes the optimal energy characteristics of a flying body (FB) impacting an armor plate (AP). The considered energy
characteristics include momentum, kinetic energy, and the power of both bodies. It is shown that only a small fraction of the FB momentum
is transferred to the AP, whereas nearly all of the FB kinetic energy is converted into the internal energy of the AP. This internal energy
consists of the energy of mechanical oscillations of the plate and the energy associated with material displacement within it. The energy of
the natural oscillations of the AP, modeled as a rectangular parallelepiped with dimensions a, b(with a ~ b) and thickness c, is estimated.
The frequencies of bending oscillations perpendicular to and along the plate surface are calculated. It is shown that the energy of bending
oscillations along the surface with the largest area exceeds that of oscillations perpendicular to the surface by a factor of a?/c2. The transfer
of the FB kinetic energy is assumed to occur in a cylindrical channel of base area Sy . It is shown that the maximum power transferred from
the FB to the AP is equal to 16/27 = 0.5926 of the initial FB power and is accompanied by a reduction of the FB velocity by a factor of
three. The characteristic penetration length corresponding to maximum power loss is proportional to the FB length h. The multilayer AP
configuration is also considered. It is shown that in subsequent layers with lower material density, conditions for maximum power loss are
preserved. The thickness of each layer is determined by the distance over which maximum power loss occurs. The results indicate that
properly designed multilayer APs can significantly reduce overall dimensions and weight while maintaining high protective efficiency. It
should be noted that the present analysis is qualitative and does not aim at quantitative agreement with experimental data, as some
secondary effects are neglected. The results provide a physical basis for understanding energy dissipation mechanisms and suggest
directions for further optimization using numerical methods.

Keywords: Armor plate; Flying body, Impact; Energy; Power loss; Multilayer
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INTRODUCTION

In recent years, due to the increasing number of military conflicts and localized hostilities, the problem of protecting
personnel and equipment from high-speed projectiles has become especially relevant. This topic has been extensively
studied and is widely covered in monographs, scientific publications, and textbooks. Typically, such works describe
different types of ammunition, their key parameters, and their penetration capabilities (see, for example, [1-3]).

After introducing the properties of projectiles, various methods for analyzing their interaction with protective barriers
are considered. One common approach is the use of empirical relationships derived from extensive experimental data on
projectile impact and penetration. These relationships provide practical estimates of penetration depth and energy absorption.

In addition to empirical approaches, analytical models have been developed to describe projectile motion within a
target as a combination of functions that account for projectile design, the barrier's material properties, and interaction
conditions. Although such models can be reasonably accurate within their domain of applicability, they often remain
closely related to empirical formulas and may be insufficient to solve advanced design problems.

Another important class of methods is based on continuum mechanics. These approaches rely on conservation laws
of mass, momentum, and energy and are typically implemented using finite-difference or finite-element numerical
techniques. Such methods provide a more physically grounded description of high-speed impact processes and allow
detailed analysis of stress, deformation, and failure mechanisms.

Nevertheless, regardless of the modeling approach, experimental validation remains the primary criterion for
assessing model accuracy. Numerous studies demonstrate that existing theoretical and numerical methods can adequately
reproduce experimental results under appropriate conditions.

Modern research on improving the protective performance of armor systems increasingly focuses on multilayer and
composite materials. For example, composite armor consisting of Al,O3; ceramics and ultra-high-molecular-weight
polyethylene (UHMWPE) has demonstrated significant improvements in energy absorption [4]. Optimizing layer
thickness and configuration can lead to substantial gains in ballistic resistance.

Similarly, studies of laminated aluminum alloys have shown that enhanced ballistic performance can be achieved
by increasing energy dissipation through plastic deformation and delamination [5]. Lightweight protective structures
based on aluminum alloys have also been proposed, with modeling approaches demonstrating good predictive
capability under high strain-rate conditions [6].

A common drawback of many existing approaches is the need for extensive numerical computations to achieve
optimal performance, particularly when maximizing energy absorption while minimizing weight. This limitation can be
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addressed by introducing an additional optimization criterion that maximizes the projectile's power-loss rate during
penetration.

The aim of the present work is to develop a theoretical framework for an ideal armor plate that maximizes the
energy dissipation of a high-speed flying body. The proposed approach identifies key energy-loss mechanisms and
establishes conditions under which the penetration depth is minimized while the projectile's power loss is maximized.
This framework can serve as a basis for further refinement using numerical simulations and experimental validation.

1. GENERAL POSITIONS

When a flying object strikes an armored structure, the primary focus is on analyzing the structure's strength and
reliability. AP with various geometric dimensions can serve as armored structures. The thickness, width, and height of
APs can vary widely, but they generally have the form of rectangular parallelepipeds with a volume of V = Sc, where
S = ab is the maximum cross-sectional area of the AP, a and b are the length and width of the AP, respectively, and c is
the thickness of the AP. The AP material is characterized by density p = M /V, where M is the mass of the AP.

The AP material is a single-layer or multi-layer metal plate whose elastic properties are characterized by Young's
modulus E, strength by the tensile strength of the metal or its composition o, and flow stress gy .

The FB is, in turn, also a metallic object, often of complex shape and composition. The FB is characterized by
geometric dimensions comparable to the base plate's thickness. The volume of the FB has a cylindrical form and is equal
to Vy = Sph, where S is the base of the cylinder and h is its height.

The density of the material FB is equal to p, = m/V,, and the velocity is directed perpendicular to the maximum
cross-sectional area AP and is equal to u,.

In its simplest form, the FB material is a single-layer or multi-layer metal cylinder, the elastic properties of which
are characterized by Young's modulus E*. Strength is determined by the tensile strength of the cylinder's metal or metal
composition og, as well as the flow stress g; 5.

1.1. Energy Characteristics of the FB
The FB is characterized by the momentum Mg,:

be = muo, (1)
and kinetic energy Wey,:
2
mu,
Wfb = 2 O. (2)

The power of the FB is determined by the expression:

,00520118. (3)

The energy characteristics of the FB are momentum, kinetic energy and transferred power.

be =

1.2.  Processes of Transfer of Energy FB to Energy AP

The impact of the FB on the AP leads to an increase in the momentum and kinetic energy of the AP, as well as
mechanical oscillations of the AP.

Furthermore, there will be an increase in the AP temperature in the region of the FB's impact, limited to an area of
approximately S,. This localized temperature increase has been confirmed in many experiments studying the impact of
the FB on the AP (see, for example, [3]). The localized temperature increase is so great that over an area of approximately
So, the metal liquefies. In this case, we will consider a situation in which the depth of metal melting is approximately
equal to the AP thickness. Otherwise, the AP is not pierced, and it performs its intended function. Therefore, we will not
consider this case further.

Based on the above, when analyzing the energy characteristics of the AP, we will assume that two energy absorption
processes are occurring simultaneously.

One process involves the absorption of energy by the entire volume of AP.

The second process is associated with the absorption of energy by the FB in a cylindrical channel of area S,.

1.3. Transfer of the FB Energy into Oscillatory Energy of the Entire AP Volume
When FB impacts an AP, its kinetic parameters must be analyzed. These include the AP's momentum, kinetic
energy, and power.
The AP's momentum M, is determined by the expression:

M, = Mw @)

where w is the AP velocity.
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The kinetic energy of the AP W,,, is equal to:

Mw?

Wop = —— )
The power of the AP F,, is determined by the formula:
Sw3

P = (©6)

To determine the energy of mechanical oscillations of bending AP, we will proceed from the fact that the oscillations
are subject to a rectangular plate with supported edges, whose edges only rest on a fixed support, but are not attached to
it. We will determine the lowest frequency w,, of the bending oscillations of a rectangular plate for a neutral surface on
which there is no tension. We will define the shape of the neutral surface by the expression {(x,y,t) =
hapsin(kxx)sin(kyy)sin(wapt), where hyg,, is the bending amplitude, k, = /a, k,, = m/b are the wave numbers of
oscillations in the x and y directions, w,, = 21/T, T is the period of the bending oscillations of the AP [7]. The magnitude
of the frequency w,, is determined by the expression:

Ec? T\2 /T2
= 757 I\ - 7
W ’12p(1 —v?) [(a) +(3) ] @
where v is Poisson’s ratio.

From [7], we determine the average kinetic energy of bending oscillations AP over the oscillation period T'. It is

determined by the expression:
mt EhZ, (12 1\
= (GRS s
ap 192(1—v2)<a ) )@ ®

Deviations of the surface of the AP from the equilibrium position caused by mechanical oscillations lead to an
elongation &, the value of which is determined by the expression:
mhe,
£=——1
4 a?
Expression (8) allows us to determine the plasticity region of each AP, since exceeding the critical elongation value
can lead to AP failure. In each specific case, such calculations must be performed to assess the AP's shape retention.

&)

2. ENERGY TRANSFER FROM THE FB

When considering the energy transfer of the FB to AP, it is always important to know the answers to the following
questions:

1. What is the minimum initial penetration velocity of the AP.

2. What changes in momentum and energy occur between interacting objects.

3. What are the conditions for loss of maximum power by FB.

4. What are the requirements for the multilayer AP?

Some of these questions are answered in the dissertation [8] and in the monograph [3].

In the dissertation [8], a general concept for barrier penetration is defined based on an analysis of high-velocity
impact processes and armor penetration of various materials. This concept is based on the principle of redistributing the
kinetic energy of an impact between the surface area of contact and the barrier's deep penetration. Using the proposed
concept, the effects of ultra-deep penetration of micro-impactors under critical impact conditions are described.

However, the data in [3, 8] and many other sources not cited in this paper are not always readily available and require
additional calculations. Therefore, answers to the questions posed are proposed below, formulated based on conservation
laws.

2.1. A Minimum Initial AP Penetration Velocity
Based on the strength characteristics of the AP and the energy parameters of the FB, it is possible to formulate a
condition for AP penetration. This condition is the requirement that the FB pressure on the AP surface exceeds the
resistance force, which is determined by the flow stress g 50

1
Epoug > 0029 (10)

To inequality (10) it is necessary to add the condition of smallness of the speed FB compared to the speed of sound
¢ in the material AP:

Uy < Cs. (1D
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From (10) and (11) we obtain the condition for the value of the speed FB at which the penetration of the AP occurs:

200 2
Uo,min = DoC - < Uy < Cs (12)
0%s

The minimum speed ug ,;,, of penetration of the AP is determined by the lower limit of inequality (12).

2.2. The Momentum and Energy of Interacting Objects Changing

The kinetic energy and momentum of the FB will be transferred to the entire AP, as well as to the material located
in a cylindrical channel of area S,. When the FB impacts the material in a cylindrical channel of area S, it can be assumed
that a cork is formed, which can be squeezed out of the AP volume. Due to various dissipative processes (viscosity,
thermal heating, and friction of the cork against the walls of the cylindrical channel), incomplete energy and momentum
transfer between the FB and the cork should be observed.

Due to the high energy of the FB and the significant difference in the masses of the AP and FB, it can be concluded
that the laws of conservation of energy and momentum are approximately satisfied. In a perfectly inelastic collision, the
velocity of the AP after the interaction is equal to W and is determined by the expression:

m
)™ (13)

In a perfectly inelastic collision, the FB gets stuck in the AP, and the FB loses kinetic energy AW:

~
w=

muj  (m+MW> M muj
2 2 T M+m 2

Since m « M, practically all kinetic energy is converted into internal energy of the AP. The ratio M /(M + m)
determines the proportion of the FB kinetic energy converted into internal energy AP.

AW = (14)

2.3. Conditions for Maximum Power Loss of the FB
To evaluate the efficiency of AP use, it is necessary to determine the conditions under which the FB power loss is
maximum. For this, we will consider the energy exchange per unit of time between the FB and the cork in a cylindrical
channel AP of area S,,.
Per unit of time, the following mass passes through the area Sy:

m= Posou;): (15)

where u, is an average speed FB, and the dot above the letter means the time derivative.
The power transferred to the cork is estimated by the value:

m
Peork = 3 (u(Z) - ug,fin)' (16)

where U f;, is the final velocity of the FB in the channel.
At the same time, the power consumption of the FB can be defined as the product of the resistance force F and the
average speed of the FB:

Pry = Fuy, (17)
The resistance force can be estimated by the value:
F = m(uo - uoﬂn), (18)
From (16), (17), and (18) it follows that the average speed is equal to:
|
U =5 (uo + uo,fin)- (19)

From (16), we obtain a function that describes the dependence of the FB power on the speed together with the cork:

1 , 1 1
Peork = Eposouo (u% - u(z),fin) = EPOSO 2 (uo + uO,fin)(u(Z) - u(z),fin)

20)
1 uo,fin ug,fin (
= ZpoSOug (1 + uo ) 1 - u% .

Analysis (20) shows that the maximum power will be transferred to the cork in a cylindrical channel provided that
the final velocity satisfies the condition: g s, = uy/3. In this case, the lost power FB is equal to:
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1 16
(Pcork)max = EPOSOU'(S; ﬁ =n- (Wcork)o- (21)

where (Peori)o = PoSoud /2 is the initial power of FB, n = 16/27 ~ 0.5926 is the power transfer coefficient.

The coefficient 1 coincides with the condition of A. Betz, which determines the maximum efficiency of a wind
turbine [9].

Let us determine the distance at which this velocity FB decreases by a factor of three, i.e. U fin, = uo/3. To do this,
we write the equation of displacement of the contact boundary of FB of mass m with the cork:

du, 1 1
2% - h (uo + uO,fin) (uo - Euo,fin> (22)

Using the substitution t = x /1, f;,, Where x is the coordinate of the location of the contact boundary of the FB with
the cork, we transform the equation to the form:

dy 1 1
RACAN— S 23
dx h(y+1)(y 2) )
where ¥y = ug/Ug fin.

The solution to equation (23) is a function of the form:

) (1 4 26—%(&50))

y() = §—<1 - e—%(&fo))

where & = x/h is the distance at which the FB loses its maximum power, &, is the integration constant.
The constant &, is determined from the condition that y(¢) should change three times over the distance of maximum
power loss, for example, from y(0) = 3™*1 to y(zl_n) = 3", where the condition n > 1 must be fulfillment.
Calculations using formula (24) show that a decrease in the initial velocity FB by 3 times is observed at a distance of:

(24)

2 [+ 1) (371 -05)
fn =3 BT —05) @1 +1)

(24, a)

Thus, a threefold decrease in speed with a maximum loss of power FB occurs at a distance x,, = z; ,h, where n is
selected based on the realism of the obtained distance and experimental data.

2.4. Requirements for Ideal Multilayer AP
Ideal multilayer APs are those that provide maximum FB power loss. To calculate the ideal AP, for example, we'll
compile Table 1, which lists the characteristic FB and AP parameters.

Table 1. Mass, geometric, strength, kinematic and energy characteristics of FB and AP

Parameter name AP FB
Mass, kg M m
Base area, m? S =ab,(a — length,m; b — width,m) So
Thickness/length, m c h
Volume, m? V =35c Vo = Soh
Density, kg/m? p Po
Young's modulus, MPa E E*
Tensile strength, MPa Op og
Flow stress, MPa 00.2% 052%
Velocity, m/s w Uy
Momentum, kg- m/s Mgy, Mgy,
Kinetic energy, J Wap Wrp
Power, kg-m?/s> Py P

When describing the impact of the FB on the AP, we distinguish two main processes:
- transfer of the FB momentum and energy to the entire volume of the AP;
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- transfer of the FB energy to the AP material in a cylindrical channel of area S, which is formed by the high-energy
pulsed impact of the FB on the AP.

The energy indicators of these processes are summarized in Table 2, where the characteristic indicators of energy
transfer FB to the entire volume of the AP (Transfer I) and the characteristic indicators of energy transfer FB in the AP
in a cylindrical channel with the base S, (Transfer II) are highlighted.

Table 2. Characteristic indicators of optimal energy transfer from the FB to the AP

Parameter name Transfer I Transfer 11
Frequency of mechanical oscillations of bending of a rectangular plate, 57! Wap -
Amplitude of mechanical oscillations of the AP bending, m hap -
Energy of bending AP oscillations with amplitude hg,, kg* m?/s Doy -
Elongation due to mechanical oscillations AP, dimensionless e -
Velocity, m/s W K ug Uy
Power, kg- m?/s? Pop K Prp Pooric
. . 1
Final speed of the FB at maximum power transfer, m/s - 3 Ug
One-time distance of maximum power loss of the FB, m - Zonh

The previous section described the conditions for the loss of maximum power FB in a single-layer AP, which
corresponds to the ideal single-layer AP.

Below we will consider the requirements for ideal multilayer AP.

From (24) it follows that for a given n, at a distance z; = z, ;,, the maximum power loss of the FB is observed. For
a single-layer AP, this power loss may be insufficient, and the FB will continue its movement with an undesirable result.
Therefore, the question arises of using a second, and if that doesn't help, a third, or even more layers of AP. The answer
to this question is contained in the results obtained for the first AP layer.

The expression for the maximum power loss (21) contains only the material density FB, the cross-section, and the
velocity of the FB. Therefore, to estimate the optimal distance for the loss of maximum power in the second layer, the
previous consideration is applicable, where a threefold decrease in the velocity of the FB with the loss of maximum power
will already occur at a distance z, = z; ;4.

Fig. 1 shows a diagram for calculating the location of the first two layers of the AP when the FB passes with an
initial velocity u, with a AP thickness equal to c. Position I is the moment the FB enters the AP, position II is the moment
the first layer of the AP with thickness z; is formed, position III is the moment the second layer of the AP with thickness

z, is formed.
c
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Figure 1. Schematic diagram of the arrangement of the first two layers of the AP as the FB of length h passes with
an initial velocity u, at AP thickness equal to ¢

In the third layer of the AP, a threefold decrease in speed will occur at a distance z3 = z; ,,_,.

Summing up these distances, we obtain the total thickness of the N - layer AP, at which the speed of the FB will
change by 3V times:

Xpn R Zyp+Zyp-1t Z1pp + (25)
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Thus, for example, for n = 4 and for a three-layer AP (N = 3), there is a 27-fold decrease in the velocity of the FB
over a length of x3 = 0.024 + 0.072 + 0.205 =030l and aloss of AU; =n+ (1 —mn+ A —-n—-A-nnn=
0.932 of the part of the initial power of the FB.

If the number of layers is large, i.e. n > 1, then the total power loss of the FB tends to unity, since the power losses
in layers are determined by the expressions:

1 layer —1n;
2 layer- (1 — n)n;
3layer-(1—n—(1—=m)n)n;
4layer-(1=n—QA=mn—-0A-n—=O~=n)nmnn;
The total power loss is determined by an infinite decreasing geometric progression:
AR =n+A=mn+A-n-A-mmMn+A-n-0A-mMn-=A-n-=LA-mn)mn

1 —_—
1-(1-n)

From the calculations carried out it follows that in order to lose the maximum power of the FB in a multilayer AP,
it is necessary to select the thickness of the layers in accordance with (25), where each term determines the thickness of
the layers from the first z, ,, to the second z, ,,_1, the third z;,,_,, and so on.

For example, for an initial velocity of the FB 600 m/s and a minimum penetration velocity of 58.5 m/s, calculated
using formula (12), it is sufficient to use a two-layer AP, since in a two-layer AP the velocity of the FB decreases by 9
times.

Since the density of the AP material is not included in the calculation of maximum power loss, subsequent layers of

the AP can be composed of a lower-density material to lighten the structure. The optimal number and sequence of
lightweight layers placed after the first layer should be determined experimentally.

+oe=nl+A-mM+A-mN*+A-n°+-]1=1 L

3. NUMERICAL ESTIMATES OF THE IMPACT OF FB ON AP

Let us present numerical estimates of FB's impact on the AP. The initial data will be the average FB velocities and
the characteristic AP parameters corresponding to the 7.62 mm AKM 7.62 mm PS bullet of the 1943 model 57-H-231
cartridge in a steel shell with a steel core, weight 7.9 g, with an initial velocity of 730 m/s [3].

As stated above, the FB has two channels of momentum, energy, and power loss.

These losses are as follows:

- losses due to the transfer of momentum and energy of the FB to the entire volume of the power supply.

- losses caused by the transfer of energy FB to the AP material in a cylindrical channel with the base S,. The channel
is formed by the high-energy pulsed action of the FB on the AP.

Let's first estimate the momentum and energy transfer of the FB to the entire volume of the AP. We'll assume that
the angle a between the FB axis and the normal to the AP is equal to zero. Increasing this angle increases the AP thickness
and improves the APs protective properties. Table 3 presents the characteristic parameters of the FB and AP steel, taken
from [3].

Table 3. Characteristic mass, geometric, strength, kinematic, and energy parameters of FB and AP

Parameter name AP FB

m=179-10"3
7.62mm Kalashnikov assault rifle (AKM), steel core

Sp = 4.56- 1075

Mass, kg M =218

S=ab=02x02=4-107%
(a —length,M; b — width, m)

Base area, m?

Thickness, M c=7-10"3 h=268-10"%
Volume, n* V=Sc=28-10"* Vo =Soh=1.22-10"°
Density, kg/m? p =7810 po = 7810
Young's modulus, MPa E=215-10° E* =215-10°
Tensile strength, MPa og = 30060 og = 30060
Flow stress, MPa 029, = 1370 0429, = 1370
Poisson’s ratio, o=0.33 o=0.33

Rate of plastic deformation, s™! §=5-10* §=5-10*

Sound velocity, m/s ¢, =5900...6100 ¢, =5900...6100
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Parameter name AP FB
Velocity, m/s w=0 uy = 600 --- 745
Momentum, kg- m/s Mg, =0 Mg, =4.74...5.9
Kinetic energy, kJ Wep =0 Wrp = 1422...2.192
Power, MW Py =0 Prp, =385...73.6

It should be noted that given such a huge energy input and the rapidity of the processes, not all the coefficients in
Table 3 are valid. However, we will assume that they are of the same order of magnitude. The true values of these
coefficients must be determined experimentally.

4. TRANSFER OF THE FB ENERGY INTO ENERGY OF THE ALL VOLUME OF THE AP
Penetration and energy transfer from the FB to the energy of the entire volume of the AP is possible at a velocity
FB satisfying condition (12). In numerical expression for the parameters of Table 3, this velocity value must satisfy the
inequality:

58.5 < u, < 6000,m/s. (26)
From the law of momentum conservation, we estimate the acquired speed by the AP:

7.9-1073-600 mu,
2.18 Y

w= =2.17,m/s (27)

Thus, the displacement of the AP during the incident is of the order of Ww/£~10"5 m and represents a very small
value. The acquired kinetic energy of the AP is of the order of:
~2

Mw
o= ~109-47~513, . (28)

The power received from the FB to the AP is determined by the value:

MW? 2.1810.22
2c 271073

P = =1.59-103%, W. (29)

The kinetic energy (28) and power (29) acquired by the AP are small values relative to the initial values for FB:
Wiy = 0.5-7.9-1073600% = 1.422 kJ and Py, = 0.5 7.810 - 4.56 - 10726003 ~ 3.85 - 107 W. Therefore, the change
in the kinetic energy (28) and power (29) of the AP can be ignored when analyzing the energy exchange between the FB
and the AP.

As shown above, the analysis of energy exchange between the FB and the AP includes an estimate of the power (21)
converted into the AP's internal energy and an estimate of the distance over which this transition occurs (24).

A certain portion of the FB kinetic energy is also converted into the internal energy of the mechanical oscillations
of the AP. Below, we present a numerical estimate of the energy and associated parameters transferred to the AP's
mechanical oscillations.

4.1. Elongation, Frequency, and Energy of Mechanical Bending Oscillations According to Thickness ¢
Below, based on formulas (7), (8), (9), and the data in Table 3, are numerical estimates of the elongation (30.1),
frequency (30.2), and energy of mechanical oscillations of bending across thickness ¢ (30.3) under the condition a~b:

mhg,
T (30.1)
EC2 T\ 2 T\ 2
= [mpa-wla) +(5) | =55610% s 30.2
Wap 12p(1 — v?) [(a) +(b) ] 5.546-10°% s (302)

2.15-105(7-1073)% K2,
(1-089) 4-10°2

h2 4
Qp = 2.03 ~1.68-10°—2 = 168-10°~¢, /. (30.3)
a I

In addition to mechanical bending oscillations along thickness c, similar flexural vibrations may also exist along
length a. In this case, the elongation, frequency, and energy of the mechanical bending oscillations are described by
other expressions. Let's define these expressions and perform numerical estimates of their values.
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4.2. Elongation, Frequency, and Energy of Mechanical Bending Oscillations According to Thickness a

The elongation (31.1), frequency (31.2) and energy of mechanical bending oscillations along the length a (31.3) can
be obtained from (7), (8), (9), if we replace a = ¢ and ¢ — a in them. Finally, under the condition a~b, we obtain
numerical estimates of the indicated quantities:

mh,
£ =73 (31.1)
Ea? N2 [(TT\2 Ea? Ty 2
Wap = ’12p(1—v2) [(Z) +(E) ]~ 12p(1 —v2) (Z) -
(31.2)
_ 2.15-1011-4-10—2( T )2_ 2.15-106 - 4 105+ 02 = 642 107, -2
~ | 12-7810-(0.89) \7-10-3/ ~ |12-7.810-0.89 s 'S
mt Ea*hZ, (1 (12 mt Ea®hZ, (1\* m* Ea*hZ, (1y°
o=t (3 + () ) - i ) o~ B (4 -
192 (1 —v3)\\c a 192 (1 —-v3) \c 192 (1 —v?) \c
(31.3)

n*  Ea* h%, w* 215-10'-2%-107*hZ,

~

T192(1—vdc ¢z 192 (089)-7-10-2 c2

h2 4
~28-1010—=2=28-10"0-¢, J.
c Vs

In (30.1), (30.3), (31.1), (31.3), unknown quantities are elongations &, .. Their values can be estimated by comparing
the initial kinetic energy of the FB W, ~ 1.422 kJ and the energy of mechanical bending oscillations across the thickness
cora:

From (32) it follows that the elongation of mechanical bending oscillations along the thickness c is greater than that
along the length a. It is obvious that it is these vibrations that are responsible for the mechanical destruction of the AP,
since for certain grades of steel, elongations of the order of several percent are destructive [10].

CONCLUSIONS

The conditions for realizing an ideal armor plate (AP) under impact by a flying body (FB) have been investigated.
As an illustrative example, an AP with a mass of M = 2.18 kg subjected to the impact of a 7.62 mm projectile with a
mass of m = 7.9 x 1073 kg has been analyzed. Although this specific case is considered, the proposed approach can be
extended to other types of projectiles and target materials. The study focuses on the transformation of the FB energy
characteristics - momentum, kinetic energy, and power - during interaction with the AP. It is shown that only a small
fraction of the FB momentum is transferred to the AP, while nearly all of the FB kinetic energy is converted into the
internal energy of the plate. This internal energy consists of the energy of mechanical oscillations of the entire plate and
the energy associated with material displacement within it. The AP is modeled as a rectangular parallelepiped with
dimensions a, b(with a ~ b) and thickness c. The frequencies of natural bending oscillations perpendicular to and along the
plate surface have been estimated. It is shown that oscillations along the surface with the largest area occur in the megahertz
range, whereas oscillations perpendicular to the surface lie in the kilohertz range. The energy of bending oscillations along
the surface exceeds that of perpendicular oscillations by a factor of a?/c2. Under the condition a?/c? > 1, this may lead to
significant tensile strains and potential cracking of the plate. The analysis demonstrates that the ratio M /(M + m)
determines the fraction of the FB kinetic energy converted into the internal energy of the AP, which approaches unity for
m <« M. The transfer of kinetic energy is assumed to occur in a cylindrical channel of base area S,. It is shown that the
maximum power transferred from the FB to the AP reaches 16/27 = 0.5926 of the initial FB power and corresponds to
a reduction of the FB velocity by a factor of three. For normal impact, the characteristic penetration length over which
maximum power loss occurs is proportional to the FB length h. The multilayer AP configuration has also been analyzed.
It is shown that in subsequent layers with lower material density, the conditions for maximum power loss remain similar
to those in the first layer. The optimal thickness of each layer is determined by the distance over which the FB experiences
maximum power loss. The results indicate that properly designed multilayer armor plates can significantly reduce overall
dimensions and weight while maintaining high protective performance. It should be emphasized that the present analysis
is qualitative and does not aim to directly quantify agreement with experimental data, as several secondary effects have
not been taken into account. Nevertheless, the proposed approach provides a physical basis for understanding energy
dissipation mechanisms and offers guidance for further optimization using numerical modeling and experimental
validation.
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TEOPISA IIEAJIBHOI BPOHEBOI IIJIMTH. EHEPTETUYHI 3AKOHOMIPHOCTI YIAPY
BUCOKOIIBUJIKICHOI'O TLJIA 11O BPOHEBI IJIUTI
MLIIL. Opeituyk, 1.B. Tkauenko, B.I. Tkauenko
Hayionanenuii naykosuii yenmp «Xapkiscokuil ¢izuxo-mexniunuil incmumymy, 8yn. Axkademiyna, 1, Xapxis, 61108, Yxpaina

Ie mocmimKeHHs IPUCBAYCHO aHANII3Y ONTUMAJIBHUX €HEPreTHYHNX XapaKTepUCTHK JeTiodoro Tina (JIT), mo 3iTkHeThCsS 3 OPOHBEOBOIO
mwractuHoo (BIT). Po3rmstHyTi eHepreTHdHi XapaKTepUCTHKU BKIIOYAIOTH IMITYJIbC, KIHETHUHY CHEpPril0 Ta IHOTYXHICTH 000X TII.
INokasano, 1o yuiie HeBearka yacTuHa iMmyibcy JIT nepenaerscs BII, Toni sik Maibke Best kinernuna enepris JIT neperBoproerses Ha
BHyTpilHIO eHeprito BII. Ll BHyTpiIIHS eHepris CKJIagaeThcsl 3 eHeprii MeXaHiYHUX KOJIMBaHb IUIACTHHU Ta EHepril, MoB's3aHoil 3i
3MiLeHHsAM MaTepiaidy BcepenuHi Hei. OuiHeHo eHepriro BiacHuX konuBab JIT, 3MOIEIbOBAHOrO SIK NPSIMOKYTHHI Mapajenernimnes 3
po3mipamu a, b 1e a~b Ta TOBIIMHOIO €. Po3paxoBaHO 4acTOTH 3rMHAJIBHHUX KOJIMBAHb, IEPIECHIUKYIIPHUX MOBEPXHI IUIACTHHH Ta
B310BXK Hei. [loka3aHo, 110 eHepris 3rHHAIbHUX KOJIMBAHb B3I0BXK MOBEPXHI 3 HAHOUIBIIO IUIOLICIO MEPEBHIILY€E SHEPTil0 3rHHAIBHUX
KOJIMBAHb, MEPIEHANKYJIAPHUX JI0 ToBepxHi, B a?/c? pasis. BeakaeThcs, mo mepejada kinetwunoi eweprii JIT BinOysaeThest B
IIUTIHAPUYHOMY KaHai 3 IUIOIIeI0 OCHOBH Sy. IToka3aHo, mo MakcHMalbHa HOTYXHICTB, mo nepexaerses Bin JIT no BII, mopiHIoe
16/27~0,5926 Bix mouatkoBoi motyxHocti JIT Ta cympoBomkyerbest 3MeHIeHHsM mBuakocTi JIT ytpuui. XapakrepHa JOBXHHA
MPOHKUKHEHHSI, 1[0 BiANOBIJa€ MaKCUMAIbHUM BTpaTaM MOTY)XHOCTI, nmponopuiiina nosxuti JIT h. Takox po3risiHyTo GararorapoBy
koHirypauiro BII. TToka3aHo, 1110 B HACTYIHHX IIapaX 3 MEHILIO0 LIUIbHICTIO MaTepiaty 30epirafoThCsi yMOBH LISl MAKCUMAIBHUX BTPAT
MOTY>KHOCTi. TOBIIMHA KOYKHOTO APy BU3HAYAETHCA BIICTAaHHIO, HA SKIH BiIOYBalOThCS MaKCHMAIIbHI BTPATH MOTYXHOCTI. Pesynpratn
MOKAa3yI0Th, 0 MPABIJIBHO CIIPOEKTOBaHI OaraTomaposi BI1 MoXxyTb 3HAaUHO 3MEHIIMTH TabapuTHI PO3MIpH Ta Bary, 30epiratodu mpu
LIOMY BHUCOKY 3aXHCHY e(peKTHBHICTh. CITi/l 3a3HaYNTH, 10 LeH aHaIi3 € AKICHIM 1 He Ma€ Ha MeTi 3a0€3MeYHUTH KUTbKICHY BiJIIOBiJHICT
eKCHEePUMEHTATFHAM JIaHUM, OCKUIBKU IesKi BTOPUHHI eeKTH He BpaxoBYIOTHCS. Pe3ynbraT 3a0e3nedyloTh (isUdHy OCHOBY JUIS
PO3yMiHHSI MEXaHI3MIB AUCHUIIALIT eHeprii Ta IPONOHYIOTh HAIPSIMKH ITOJANBIIO] ONTHMI3amii 3a JOTOMOT0I0 YHCIOBHX METOJIB.
KurouoBi ciioBa: 6ponvosa nauma, nimaioue mino; yoap, eHepeis, empamu nomysicHoCcmi; 6a2amouaposicns
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This study investigates Sharma—Mittal Holographic Dark Energy (SMHDE) within the context of Brans—Dicke theory of gravitation in
an Axially Symmetric Cosmological Model. By employing Sharma—Mittal entropy, which provides a unifying generalization of Tsallis
and Rényi entropies, a modified form of holographic dark energy density is formulated to incorporate non-extensive thermodynamic
effects. The corresponding field equations are derived and solved to obtain exact analytical solutions. Furthermore, key cosmological
parameters such as the EoS parameter, deceleration parameter, and squared speed of sound are systematically analyzed to examine the
dynamical behaviour and stability of the model. The results indicate that the proposed framework successfully describes the late-time
accelerated expansion of the cosmos while also accommodating possible anisotropies in the early cosmos. Overall, the model presents a
consistent and physically viable extension of conventional holographic dark energy scenarios within scalar—tensor gravitational theory.
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1. INTRODUCTION

The theory of cosmology and gravitation is one of the great achievements of modern theoretical physics. The
discovery of SNe Ia gave us the first evidence of the accelerated expansion of the Universe [1-2]. This discovery was
then corroborated by independent measurements made from the observation of the cosmic microwave background (CMB)
radiation and the study of the large scale structure [3-4]. All these observations show that our current Universe is dominated
by a negative pressure mysterious constituent named dark energy (DE) and this component is responsible for driving the
Universe towards an accelerated expansion. Observations have shown that DE comprises 70-75% of the energy density of
the current universe [5-6]. But, still, the origin of DE is not known.

Many DE models have been proposed by many researchers in order to understand the nature of DE. Among those
models, one interesting model is the holographic dark energy (HDE) model. The idea of HDE arises from the idea of the
holographic principle postulated by °t Hooft and Susskind [7-8], which says that the number of degrees of freedom in any
physical system is proportional to its boundary area and not its volume.

The holographic dark energy (HDE) model is motivated by the holographic principle proposed by 't Hooft and
Susskind [7-8], which states that the physical degrees of freedom of a system are determined by its boundary area rather
than its volume. Based on this idea, Cohen et al. [9] established a relation between the ultraviolet (UV) and infrared (IR)
cutoffs by requiring that the vacuum energy contained in a region of size L should not exceed the mass of a black hole of
the same size. This condition leads to the holographic dark energy density

Pae = 3K*M,L™*

where k is a dimensionless holographic parameter, M, = (87G)~ 1/2 is the reduced Planck mass, G is Newton’s
gravitational constant, and L denotes the infrared cutoff length scale. Later, Li [10] proposed the future event horizon as
the IR cutoff and obtained a cosmologically viable HDE model capable of describing the observed accelerated expansion
of the universe.

The conventional HDE model is constructed using the Bekenstein—-Hawking entropy-area relation,

A
581 = 3G
where A is the horizon area.

Since gravitational systems are characterized by long-range interactions and non-extensive thermodynamic behavior,
generalized entropy formalisms have been proposed to extend the standard entropy description. Among these, Tsallis
entropy [11] and Rényi entropy [12] have attracted considerable attention in cosmological applications. A more general
entropy framework was introduced by Sharma and Mittal [13], which unifies both Tsallis and Rényi entropies through two
independent parameters.
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The Sharma—Mittal entropy is defined as
1 s
Ssm = —[(1+1S7)T — 1]
s

where St denotes the Tsallis entropy, while s and [ represent the deformation and non-extensivity parameters, respectively.

To formulate Sharma—Mittal holographic dark energy (SMHDE), the standard Bekenstein—Hawking entropy used
in the HDE framework is replaced by Sharma—Mittal entropy. Taking S7 = Spy = A/4 (in natural units G = 1) and
considering the Hubble horizon L = H~! , whose area is A = %, the Sharma—Mittal entropy becomes

ml\1
(1 + ﬁ) - 1]
where H is the Hubble parameter.
Using the holographic relation between entropy and dark energy density, Jawad et al. [14] and Igbal and Jawad [15]
obtained the Sharma—Mittal holographic dark energy density as

Ssm = —
S

k2 K2 H* 1\7
pde=3 Ssm _ 3 [(1+ﬂ) —1]

8nrL* ~  8ns H?

where H is the Hubble parameter.

In contrast to conventional HDE, the SMHDE theory takes into account the effects of the entropy due to non-extensive
thermodynamics using the parameters s and /. These correction terms have substantial impacts on the dynamics of the
universe, which can explain not only inflation but also acceleration at late times in the same theory [16-17]. Besides, some
recent studies have demonstrated that SMHDE models can offer stable evolution and phantom crossing in cosmology.

At the same time, scalar-tensor theories of gravity offer a viable alternative explanation of cosmic acceleration. One
of the most successful generalizations of general relativity is the Brans-Dicke (BD) theory [18], proposed by Brans and
Dicke in 1961. The BD scalar field inherently satisfies Mach’s principle and acts as an important ingredient in explaining
cosmological processes [19-20]. Some of the authors have studied the possibility of applying HDE and generalized
entropy-based dark energy models within the framework of BD gravity, highlighting their peculiarities and stability
properties [21-23].

On the other hand, observations of the anisotropies in the cosmic microwave background (CMB) and the formation of
large-scale cosmic structures suggest that the early Universe may not have been perfectly isotropic. Therefore, anisotropic
cosmological models, such as Bianchi-type models and axially symmetric models, play an important role in understanding
the dynamical evolution of the Universe [24-25]. Axially symmetric universes provide a more general geometric framework
than the standard Friedmann—Robertson—Walker (FRW) model and help to describe deviations from perfect isotropy in
the early stages of cosmic evolution.

These developments motivate the present study, in which we investigate the Sharma—Mittal holographic dark energy
model in an axially symmetric framework within the Brans—Dicke theory of gravity. The generalized Sharma—Mittal
entropy is incorporated into the holographic energy density, and an anisotropic geometry is considered to examine the
combined effects of entropic deformation, scalar—tensor coupling, and directional anisotropy on the evolution of the
Universe. The corresponding field equations are derived, and important cosmological parameters, such as the equation of
state parameter, the deceleration parameter, and the squared speed of sound, are analyzed to study the dynamical behavior
and stability of the model.

The present work aims to provide a deeper understanding of the role of generalized entropy corrections in scalar—tensor
theories and their implications for the evolution of the Universe.

2. METRIC AND FIELD EQUATIONS
The Axially Symmetric cosmological model can be defined as
ds® = di* — A? [dx* + f2d®?| - B2dZ? (1)

where A and B are functions of time t only and f is function of x .
Brans-Dicke field equations are given by

1 8 5 1 L
Rij - ERgi.i = TTij —wo | Pid ;- Egijfﬁ,kfﬁ’

1

p (¢i:j - gij(b,k’k) 2)

and
8

T 3+20

O¢ (3)
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Here w is constant, G; ; = R;; — %R gij is the Einstein tensor, R;; is Ricci curvature tensor, R is Ricci scalar and T;  is the
matter’s energy momentum tensor,¢ is the Brans-Dicke’s scalar field, g; ; is the space time’s metric tensor.
It’s energy conservation equation is

T, =0 @)
The equation of the energy momentum tensors for matter and dark energy as follows
Tij =Tj} + T} )
where Tl’j” and T/J\ are represents the energy momentum tensor for DM and DE respectively and defined as
T} = (pde + Pde) Uiltj — Pae8ij and T,-/,\- = Pl (6)
Then the corresponding energy momentum tensor is given by
Tij = diag (pde + Pde> —Pdes —Pde> —Pde) (7)

where p,, and pg. are the energy densities of DM and the DE respectively and p . is the DE’s pressure.
The field equations (2) and (3) for the metric in Eq. (1) can now be expressed using Eq. (7).

8x A B AB w¢* (A B\ ¢
27 = 2,2, 22 77 L2214+ 2 8
P A BT aB 22 T 5\a"B) T s ®)
87 A B AB f" wé* ¢(A B\ ¢
e — 2 et I A (i) B 9
6P AR AB Ay T2 T s\aTB) T ©)
8 A A2 ’ i2 Ad &
LY O B ALY U n
) A AT Af 2¢2 TA¢ ¢
81 A% 24B wé? A B\é¢
— ==+ —-———=+[2—+—=] = 11
¢(pde+Pa’e) YR 2(}52+(A+B)¢ (In
And the energy conservation equation is
2A B
p.m"'p;le"'(pm"'pde"'Pde)(X"'E):0 (12)

In this case, ordinary differentiation w.r.t ¢ is represented by the notation dot (-) and differentiation w.r.t x is represented
by notation dash ().
From Egs. (8)-(11), it is observed that the terms containing f(x) depend only on the spatial coordinate (x), whereas the
remaining terms are functions of cosmic time (). Since both sides are functions of independent variables, they must be
equal to a constant. Therefore, we set

fl/ _ 2

7= 13)

where @ is an arbitrary separation constant.

For the particular case @ = 0, (13) reduces to f”” = 0, whose solution is

fx) =aix+a

where a1 and @, are constants of integration.
Consequently, the field equations can be rewritten as

—%pw=§+§+%+%ﬁ—j+%(%+§)+% (14)
—%pd9=§+§+%+§z_§+g(§+§)+g (15)

—S;Tpde—zj“ ﬁ—zﬁzz z%$+g (16)
st pa = G - 28 (4 5N an
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3. SOLUTIONS OF THE FIELD EQUATIONS

Equations (14)-(17) form a system of four different equations with seven unknown variables; p,,, Pde, Pde> Wde, A, B

and ¢. Hence to solve the system of equations we assume
(i)Firstly the relationship between the metric potentials A and B as

B = Ak

Here k; is a constant.

Following the works of R. C. Johri and R. Sudharsan [26], R. C. Johri and K. Desikan [27], and Diksha Trivedi [28],

(18)

(i1)Secondly, we assume a power-law relationship between the Brans—Dicke scalar field ¢ and the average scale factor a(t),

given by

¢ o« [a(n)]®,

where k; is a constant power-law index.

Such a relation has been extensively employed in the literature to investigate various cosmological aspects of
scalar—tensor theories. Motivated by its physical significance and to simplify the highly nonlinear field equations, we

adopt the following form:

¢ = pola(n)]"

19)

where ¢ and k, are arbitrary constants. This assumption reduces the mathematical complexity of the system and facilitates

the derivation of exact cosmological solutions.
The effective or average scale factor is

a=(A*B)"?
The Volume scale factor V can be written as
V=a'=+—g=A’B
Using equations (18),(19) and(20),we get

2
A (1) = [ks (kst + ks)]V/%5, where ks = W

where k3 and k4 are the integration constants.
From (18) and (22), we have
B(1) = [ks (kst + kq)]"1/%s

Therefore, the corresponding metric can be expressed as
ds? = di* — [ks (kst + ka))?%s [dx® + f2d®?] — [ks (kst + ka) |55 d7?

We ascertain the cosmos’s scale factor utilising equations (20), (22), and (23) as follows:

2+ky

a(t) = [ks (kat + ka)] s

Therefore, from equations (19) and (25), we derive the scalar field as

Lo
¢ = dolks (kat + k)] F27
We determine the Hubble’s parameter from equation (25) as

H = a _ k3(2+k1)
“a 3ks(kst + ks)

The Deceleration parameter equation is as follows g = a_(?)(zz

Equations (25) and (27) can be used to calculate the deceleration parameter.

_ ks
q_2+k1

The Anisotropic parameter is described as

p 1231(;11._}1)2_ 6 (k2 + 2k +3)
" 31’:1 H (k1+2)2

(20)

21

(22)

(23)

(24)

(25)

(26)

27)

(28)

(29)
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The Expansion scalar is defined as H = % so 6 =3H
Equation (27) can be used to calculate the Expansion scalar as

k3(2+k
_ ks 1) (30)
ks(kat + ka)
The redshift z is defined as z = 2 —
Using equation (25), and by considering ag = 1
Redshift for our model is given by
2+ky
1 — [ks (kat + kq)] %
= [ks (k3t + ka)] 31)

2+ky

[ks (k3t + kq)] s

Energy Density of Sharma-Mittal Holographic Dark Energy is defined as

3k2H* l( nl)7 l
Pde = 1+ — -1

8rs

where k is a dimensionless constant, s and / are Sharma—Mittal entropy parameters corresponding to deformation and non-
extensivity and H is Hubble’s parameter. The parameter / measures the deviation from standard extensive thermodynamics,
whereas s controls the deformation effect of the generalized entropy structure. An important feature of Sharma—Mittal
entropy is that it reduces to Tsallis entropy in the limit s — [, and to Rényi entropy in the limit s — 0. Hence,
Sharma-Mittal entropy provides a more general and physically consistent framework for describing gravitational systems
with long-range interactions and non-additive thermodynamical behavior.

By substituting H value in the above equation from (27), we get energy density as

4 Ok (kst + ka)2ln | !
[+ ] @)
(kst + kq) k3(2 + ki)

Pde =

3k [ k3 (24 ky)
8rs

3ks

For plotting the graphical behavior of the cosmological parameters, we have considered the values k = 0.7, k; =
2.01, kp = 1.01, k3 = 0.45, kg = 3.5, s =4.5,1 =6,a9 =1, k¢ = 1.2 and w = 50. These chosen values satisfy the
physical viability of the model and help in obtaining well-behaved graphical evolution of the cosmological quantities.
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Figure 1. The Hubble parameter against redshift Figure 2. The DE’s energy density against redshift

The equation that we will use to acquire the EoS parameter is as follows.

’
pde

=—-1-
Wde 3dee
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Equations (27) and (32) can be used to calculate the EoS parameter of the model as

5
185 7k3 [Kt+ks)> [ 9k52(k3t+k4)2l7r] !

Aks K2 (2+ky)? K2(2+k)?
Wae = —1+ - < (33)
ki +2 k2 (kst+ky) 2l | !
I+ —=5"———| -1
K2 (2+k1)
We can determine the matter’s energy density using equations (12) and (32). Then
2 4 Ok (kst + ka)?lx |1
_3K% k3 (2 + ki) [ 1 ] s s (kst + kq)"ln
= —— B AR B
8rs 3ks (kst + ka)* K22+ ky)?
1 +2k1+(2+k1)k2k5 (34)
k2¢0 ky k3 [ har s )2 EYPIVIPIRC IR b
3 W_Z 1857k [et+ky) Ok (k3t+ky) Lo
+ 89 [ks (kat + kq)] B T s 2 (i)’
2(ky+3)° ki+2 02 (kyevky) 2t | | 1
12 (24k1)? -
3
U 4 X1U .
35
AF
L] ,-.E 3_
.
z A0 F g .
: g
g & 2
o ©
w C
g Pf L ast
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Figure 3. The EoS parameter against redshift

Hence from equations (27) and (33), we find the pressure of DE as

Redshift-z

Figure 4. The energy density of matter against redshift

185 70k3 [Kat+hy) [

51
9k52(k3t+k4)217r] Z

k72_2
k2[ks (kat + ky)] 2 Ak 2 (2+k)° 12 (2+ky )
pde=_¢03 5 (k3 4)2 ko + K2K2 _1+k 52_ 324k 3 il 35)
167 (ka + 3) 1+ | 4 Marrkolia | T
+ K2(2+k;)? -
The jerk parameter is represented by the following formula
. a
/= aH3
Now, with the use of Equations (25) and (27), we are able to calculate the Jerk Parameter as
3(ky+2)(2ky +5
- _ 3(ka+2) (2k2 +5) (36)

ks (k1 +2)
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Statefinder Parameters:
The Hubble and deceleration parameters describe the universe’s expansion, but because many dark energy models show

similar behavior with these, we can’t use them to tell the models apart. To fix this, Sahni et.al [30] came up with the
statefinder parameters. These act as special cosmological tools to help us better differentiate and understand various dark

energy models. These are defined as r = %~ and s = 2=

aH? 3(g-1)"
Now, with the use of Equations (25) and (27), we getr as

_ 3(ka+2) (2k2 +5)
B k3 (ki +2) 37)
and
_i (k1+2)(2k2+5)—k3(k1+2) (38)
7 3k, ks — (2+ k1)

Squared speed of sound: The squared speed of sound, denoted by the symbol v2, is a variable whose sign is used to
assess the stability of DE models.The DE model with v2 > 0 is considered stable, while the DE model v2 < 0 is considered

unstable.
From the definition of the sound’s squared speed, we have

d
V2= Dae
Pde
S _
185 k3 [Keaky)? | k2 (ksewky)Pin | !
_ K2 (2+k1)3 K2 (2+k)?
(k;tﬁ??(ljiﬁ ke + k3k3 | =1+ /i]jfz -— —
: k2 (kyt+ky)2im | 1
e — | -1
K2 (2+ky)
$-1
ko, 36s7k3 (kyrvkg) | k2 (kyrekyg) i | T
_ Gok3 ks (kst+kq) ] F2*3 i3 (241 ) 12 (24k1)?
167 (ka+3)? s 2
92 (kyt+key ) 2im |
erewaanl Bt
2(v,
+k3k: 1
K2(2+k))? Ok2 (k3t+ks) 1
KO yoim (3 —1) |1 + Zsllrrhdn
(k3t+ky) k3 (2+ky)
s_1
9k2 (kst+ky)?ln | !
“9k2sm|1 4+ =~
5 5 K2 (2+ky)?
vi = < (39)
_ k2 (kyt+ky)?lm | !
ks (kst + ky) TS [{1 4 ZelorrR Ly
4 K2(2+ky)
3k2 ( k3(2+k1) 3 !
8rs 3ks -1
18k2 (k3t+ky)l

OkZ (kat+ky) I
k2 (2+ky)?

k3 (2+k;)?

;

(k3t+k4)‘4§{1 +
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The total density parameter defined as

_ Pde

Q= Qy + Qe here O,y = % and Qe = £25 (40)
From equations (27) and (32) we have
2 2 2 2,171
k2 [ks 2+ ki) 1 Oks (kat + kq)“In
Qe = — 5 I+ ————| - 4D
8rs 3ks (kst + kg) k§(2 + k1)
From equations (27) and (34) we have
s [k3 (2 + ki) 2[ 1 ] - Ok2(kst + ka)?in |
"7 8ns|  3ks (kst + kq)? K22+ ky)?
1+2k; + (2 + kl) koks
(42)
k2¢0 [5) 3 2 2 2, 117!
3 =252 18s 7k [ kyt+ky) 9k3 (kyr+ky)“ln
+ 84 [ks (k3t + kgq)] F2*3 ~ K22 _ aks 12 (2+ky)° [ 12 (2+k1)? }
2(k2+3)2 ki+2 | 9k§(k3r+k4)217r % 1
k§(2+k1)2 -
From equations (40),(41) and (42) we have
2 2 2 2; 11
Q_&[k3(2+k1) [ 1 ] L4 9ks (kat + ka)“In ~
8rs|  3ks (kst + kq)? k22 + ky)?
1+ 2k + (2 + kl) koks
(43)
k§¢0 ke (k X %_2 185 k3 [kreky)? | k2 (ksreky)Pin !
+ g ks (kat + ko)l KK aks KO k)’

- 2 5
2(k2+3) ki+2 l 9k§(k3t+k4)zlﬂ] ! 1
IS ke, YARSAN

)
k2 (2+ky)
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Figure 7. The total density parameter against redshift

The coincidence parameter is defined as

— d
7= Pde (44)
Pm
From equations (32),(34) and (44) we have
s
E[ks@”ﬂ)r[ -l 94 (k)2 | T
8xs |~ 3ks (kst+ks)* K2(2+k)?
r= 3 45)
ﬁ[mm.)]“[ I ] | 4 dlark)lx |t
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_ 255
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Figure 8. The coincidence parameter against redshift

— w/,, plane: The plane wg, — w/;, examination is used to assess the dynamic feature of the DE models

evaluated by Steinhardt and Wang [29] where w/, denotes the derivative in relation to In a. This approach has utilized the



619
Axially Symmetric Sharma Mittal Holographic Dark Energy in the Brans-Dicke Theory EEJP. 2 (2026)

fundamental model, leading to the creation of two plane models. The interior of the region (w4, <0, w:16>0) is the thawed

area, while the area (wq. <0, w/;,<0)beneath it is frozen.
The expression for w/; the derivative of equation (33) w.r.t In a is obtained as

-1
s_] 2 2 2 2
365 7k (kst+hs)? [ 9k52(k3t+k4)2171] ! K@) o (3-1) [1 M]

13 (24K ) 12 24k )2 (kat+ky)? k3 (2+k1)?
;o 3 3
Wye = s 2 s 1 (46)
14 9kZ (kst+ka)lm |1 1 okZsrl1 + 9K2 (kat+ks)’Im | !
K2 (2+k1)? 537 K3 (2+k1)?

7 <10
6
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de

Figure 9. The w4, — w/;, plane

4. CONCLUSIONS

In this study, we have investigated an Axially Symmetric Cosmological model within the context of Brans—Dicke
theory, incorporating the SMHDE. The modified field equations were derived and analysed to examine the dynamical
behaviour of the universe under the combined effects of anisotropy, scalar—tensor coupling, and generalized entropy.
Our results demonstrate that the inclusion of Sharma—Mittal entropy significantly alters the evolution of holographic
dark energy density, leading to notable modifications in key cosmological parameters. The model successfully describes
late-time cosmic acceleration and highlights the crucial role of entropy generalization in shaping the expansion dynamics.

We have taken k = 0.7, k; = 2.01, ko = 1.01, k3 =045, ky =3.5,s =45,1=6,ap0=1, k¢ = 1.2 and w = 50
values to plot the graphs.

* Figure 1 illustrates the relationship between redshift (z) and the Hubble parameter (H). From figure we observe that
the Hubble parameter remains positive and decreases. However, the overall trend suggests that the cosmic expansion
slows down over time, likely due to gravitational effects or other attractive forces. If this behaviour continues
indefinitely, it may indicate a universe that could eventually stop expanding or transition into a slower, steady state
of expansion.

* Figure 2 illustrates the relationship between the DE’s energy density and redshift (z). The graph shows that the
energy density remains positive and decreases. The positive value of the DE’s energy density indicates its significant
contribution to the total energy content of the cosmos. Moreover, as the redshift increases, the energy density
gradually diminishes, suggesting that the cosmos is expanding and that the DE’s density decreases progressively
over cosmic time.

* Figure 3 illustrates the relationship between the EoS parameter (wg.) and redshift (z). The graph shows that wg.
remains negative throughout its evolution and satisfies wg4. < —1, indicating a phantom energy regime. Additionally,
the EoS parameter decreases as redshift evolves. Since wg.< —1, the cosmos is undergoing accelerated expansion
driven by phantom energy dominance. Although the acceleration persists, its magnitude may gradually decrease
over cosmic time, depending on the dynamical behavior of the model.
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Figure 4 illustrates the relationship between the DM’s energy density (p,,) and redshift (z). The graph shows that
the dark matter energy density remains positive throughout its evolution and decreases. This behavior is consistent
with an expanding universe

Figure 5, the graph depicts the relationship between the pressure (p4.) of DE and redshift (z). The graph shows that
the pressure remains negative throughout its evolution and increases. This negative pressure of SMHDE indicates
the presence of a repulsive component responsible for driving cosmic acceleration. As the pressure becomes more
negative, the repulsive effect strengthens, thereby enhancing the accelerated expansion of the cosmos. This behavior
is consistent with dark energy models that predict an increasing dominance of negative pressure in the cosmic
dynamics.

Figure 6 illustrates the relationship between the squared speed of sound (v2) and redshift (z). The graph shows that
v2 remains positive throughout its evolution. The positivity of the squared speed of sound indicates that the model

is free from classical instabilities under small perturbations. Therefore, this behavior suggests that the proposed
cosmological model is stable over the considered redshift range.

Figure 7 illustrates the relationship between the total density parameter against redshift. The graph shows that the
total density parameter remains positive throughout its evolution and increases.The total density parameter change
with redshift is depicted on the graph. Throughout, the overall density value stays positive, suggesting a cosmos
with physical significance. Its upward trend indicates that, in comparison to the critical density, the total energy
density increases. This demonstrates how the cosmos is entering a period of faster expansion driven by DE.

Figure 8 illustrates the relationship between the coincidence parameter against redshift.The graph shows that the
coincidence parameter remains positive throughout its evolution and decreases. Its decreasing behavior with time
suggests that the universe evolves from an earlier matter-dominated phase to a late-time dark energy-dominated
phase.

Figure 9, the progression of our model is shown on the w4, — w/,, plane. We observe that, depending on the graph

values, wg, — w/;, the plane trajectories change (wae<0, w;le>0) in the thawed region.
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This paper investigates the regularities governing the formation of the atomic-crystalline architecture, surface topography, and chemical
composition of AIN/CrN multilayer coatings deposited via cathodic arc physical vapor deposition onto AISI 321 austenitic stainless-
steel substrates. The synergistic effect of the negative substrate bias voltage (—50, —100, and —200 V) and the deposition duration of
individual AIN layers (10, 40, and 60 s) on the kinetics of phase competition and the evolution of radiation-stimulated nanostructures
was analyzed. Using X-ray diffraction and scanning electron microscopy, combined with energy-dispersive X-ray spectroscopy, it was
established that at low deposition energies (—50 V, 10 s), the epitaxial template effect of the c-CrN matrix dominates, thereby stabilizing
the metastable cubic c-AIN phase. Increasing both the layer thickness and the substrate bias to —100 V leads to the breakdown of
pseudomorphic growth and transitions the system into a possible nanocrystalline or quasi-amorphous state. At high bias potential
of -200 V, complete thermal relaxation occurs, accompanied by a textured phase transition of AIN into its stable hexagonal wurtzite
modification (h-AIN). A counterintuitive decrease in the aluminum concentration (from 46.88 to 33.72 at. %) despite the prolonged
growth time was observed. This phenomenon is driven by the selective re-sputtering of lighter Al atoms under the influence of a high-
energy ion flux. Furthermore, radiation-stimulated interdiffusion of iron from the substrate into the coating, along with an ion-cleaning
effect that removes interstitial carbon impurities from the matrix, was recorded. The insights obtained expand current understanding of
non-equilibrium solid-state thermodynamics and open new possibilities for the precision tailoring of nanostructured protective coatings
by optimizing ion-plasma parameters.

Keywords: PVD; Nitrides, Multilayer coatings; AIN; CrN; Microstructure; Chemical composition; Phase state
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1. INTRODUCTION

In the context of the intensive development of modern condensed matter physics, ion-plasma technologies, and
materials science of extreme states, a fundamental understanding of structure-formation processes in thin-film
heterophase systems is of paramount importance. The investigation of the atomic-crystalline architecture of films
synthesized under non-equilibrium conditions of high-energy ionic bombardment allows for the revelation of profound
physical aspects of phase stability, the regularities governing the formation of metastable states, and the specific features
of interfacial mass transfer. Unlike classical applied approaches that focus exclusively on recording macroscopic
performance characteristics, the analysis of substructural variations reveals regularities in atomic diffusion, lattice
relaxation, and energy balance at nanolayer interfaces [1, 2]. Structural investigations using X-ray diffraction (XRD),
scanning electron microscopy (SEM), and energy-dispersive X-ray spectroscopy (EDS) are key tools for verifying
theoretical models of non-equilibrium solid-state thermodynamics [3].

Among the diverse binary and ternary nitride systems, the combination of aluminum nitride (AIN) and chromium
nitride (CrN) is of particular fundamental interest. The physical appeal of investigating this specific pair lies in the unique
combination of their individual structural constants, thermodynamic parameters, and coordination geometries [4]. While
chromium nitride forms a stable cubic lattice of the NaCl-type (space group Fm3m, B1 structure) with octahedral atomic
coordination at room temperature and atmospheric pressure, aluminum nitride under identical conditions crystallizes into
a stable hexagonal wurtzite modification (space group P6s;mc, B4 structure) featuring tetrahedral coordination [5].
Combining two phases with distinct lattice symmetries and different coordination numbers (CN = 6 for CrN and CN =4
for AIN) within a single thin-film system establishes conditions for severe structural competition and localized lattice
instability [6].

The physical structure of these coatings is highly intricate, both in single-layer form (an unmixed ternary alloy, Al-
Cr-N) and in multilayer periodic architectures. In single-layer configurations, research primarily focuses on the solubility
limit of aluminum in the cubic lattice of CrN, forming a supersaturated substitutional solid solution, c-AlCriN [2].
Replacing Cr atoms with Al atoms, which possess a smaller atomic radius, induces severe local lattice distortion, alters
interplanar distances, and elevates the internal free energy of the system [6]. Upon reaching a critical Al concentration, a
first-order phase transition occurs, accompanied by the collapse of the cubic symmetry and the precipitation of the
hexagonal h-AIN phase [5, 9].

Transitioning to a multilayer periodic architecture opens up entirely new physical phenomena, the key among which
is the epitaxial (pseudomorphic) stabilization of metastable phases [1, 7]. When the thickness of individual AIN
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nanolayers is compressed below a certain critical threshold, the coherent matching at the interfaces with the cubic CrN
matrix forces the aluminum atoms to rearrange from a tetrahedral to an octahedral configuration [7]. This effectively
results in the artificial stabilization of the high-pressure metastable cubic phase, c-AIN (NaCl-type), under ambient
pressure conditions [1, 11]. Investigating the specific conditions under which this epitaxial constraint breaks down —
thereby giving rise to diffuse halos and the subsequent relaxation of the system into the hexagonal wurtzite structure —
stands as a fundamental problem in solid-state physics [5, 11].

The realization of such complex non-equilibrium states requires the deployment of high-energy techniques for
plasma flux generation, among which cathodic arc deposition possesses the highest kinetic and thermodynamic efficiency
[1, 3]. The physical essence of the cathodic arc process lies in the evaporation of the cathode material within localized arc
spots, ensuring virtually 100% ionization of the working gas-metal flux and generating multiply charged ions (Al*, Al**,
Cr', Cr*", Cr*") [1, 10]. In contrast to conventional magnetron sputtering, where the average particle energy rarely exceeds
several electron volts, cathodic arc technology ensures that ions arrive at the substrate with an intrinsic kinetic energy of
20 to 100 eV even before an external bias is applied [1, 8].

The uniqueness introduced by cathodic arc technology in AIN/CrN coatings stems from the ability to exert deep control
over the phase composition via radiation-stimulated mass transfer mechanisms [2, 3]. Applying a negative substrate bias
voltage accelerates the ion flux, thereby transforming the plasma potential energy into the kinetic energy of collision cascades
on the surface of the growing film [8, 10]. This yields a series of unique structural effects. The first of them is a dynamic
control over texture and defect formation. High-energy ion assistance drives the directed generation of point defects
(vacancies and interstitials), thereby altering interatomic diffusion parameters and forcing the lattice to crystallize along
rigorously predefined crystallographic orientations [8]. The second one is the effect of mass-dependent preferential re-
sputtering. At extreme substrate biases, high-energy ions begin to selectively eject the lighter Al atoms (mA4/ = 26.98 amu)
compared to the heavier Cr atoms (m¢, = 52.00 amu) from the already formed lattice [5]. This leads to unique stoichiometric
shifts that run counter to the classical kinetic laws, which are strictly governed by deposition time [10]. The third effect is
the presence of the cathodic droplet phase. A specific microstructural element of the cathodic arc method— — microdroplets
ejected from the cathode target — creates a unique heterogeneous surface topography [1, 4]. These droplets act as localized
centers of deformation and shadowing, tilting the growth trajectories of columnar grains and uniquely contributing to X-ray
diffraction patterns due to verified phase discrepancies between the droplet body and its immediate periphery [1, 2].

The present research represents the precision analysis of the structural-phase and elemental transformations in
AIN/CrN multilayer coatings (MLCs) deposited via CA-PVD onto AISI 321 austenitic stainless-steel substrates under the
synergistic variation of energetic and temporal parameters. Throughout the experiments, the negative substrate bias
voltage was systematically varied across critical points of energetic impact (—50 V, —100 V, and —200 V). Concurrently,
the deposition duration of the individual AIN layers was sequentially adjusted to 10, 40, and 60 seconds.

The primary objective of this study is to uncover the fundamental physical causes behind the alterations in XRD
diffraction profiles, topographical modifications captured by SEM, and the redistribution of elemental sublattices
(including the behavior of impurity carbon atoms and interdiffusional iron originating from the substrate) monitored via
EDS. The insights obtained expand current understanding of phase-competition kinetics and ion-stimulated evolution of
nanostructures in the highly non-equilibrium thermodynamic environment of a cathodic arc plasma.

2. EXPERIMENTAL DETAILS
2.1. Deposition

The AIN/CrN MLCs were deposited by ion-plasma deposition (CA-PVD) in a reactor-type vacuum chamber
(Bulat-6) equipped with two arc evaporators. Technically pure, separate aluminum and chromium targets, positioned
symmetrically relative to the substrate holder, were used as cathode materials. The substrates were AISI 321 stainless
steel (12X18HIT UA standard), previously mechanically polished to a mirror finish and ultrasonically cleaned in organic
solvents. The selection of substrates was dictated by the requirements of optimal lattice matching, adequate thermal
expansion compatibility with the AIN and CrN layers, and ensuring strong interfacial adhesion. Prior to coating
deposition, the substrate surface was ion-cleaned in argon plasma at an elevated substrate bias to remove surface
contaminants and activate the substrate.

Deposition parameters for all coatings are listed in Table 1. All MLCs were synthesized in a reactive nitrogen
atmosphere at a constant pressure of 0.53 Pa. The nitrogen pressure was established through extensive preliminary
experiments to identify the boundaries of the metallic-to-poisoned transition zone in the aluminum and chromium targets.
At a nitrogen pressure of 0.53 Pa, nitrogen was insufficient to form nitride phases, and metallic dominated the coating
composition. The selected value thus encompasses the complete transition from the formation of AI2N or Ct2N sub-nitrides
to stable stoichiometric AIN and CrN. The negative substrate bias was varied to —50, —100, and —200 V, allowing investigation
of the effect of ion bombardment energy on the structural evolution and composition of the coatings. The arc currents for the
Cr and Al cathodes were maintained in the ranges of 105-110 A and 95-100 A, respectively, while the foil currents were
adjusted within 0.4-0.5 A for Cr and kept at 0 A for Al. Minor variations in the arc and foil currents were introduced to
stabilize the plasma discharge and compensate for target erosion, thereby ensuring a constant deposition rate and uniform
plasma density across all processes. The deposition time for the AIN layers was systematically varied at 10, 40, and 60
seconds, while the CrN layer deposition parameters remained fixed. This variation was introduced to investigate the effects
of evolution on phase, crystalline structure, elemental composition, and morphology.
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Table 1. Technological parameters of AIN/CrN MLCs deposited by CA-PVD

AIN/CrN | Arccurrent | Foil current | Substrate Iljrletz:l%re: De;;f)lflletlon E;iosmon deg(?'st?tlion Bilayer
MLCs (Cr/Al), A (Cr/Al, A bias, V Pa Crlayer,s | Allayer, s time, h quantity
1558 110/95 0.5/0 -50 0.53 10 10 1.65 70
1565 105/100 0.4/0 -100 0.53 10 40 1 72
1556 110/95 0.5/0 —200 0.53 10 60 1 55

Figure 1 shows a schematic of the CA-PVD deposition process for AIN/CrN MLCs. A chromium adhesion layer
with a nanometer-scale thickness was first deposited to improve coating adhesion to the steel substrate. The multilayer
structure was formed by periodically rotating the substrates relative to the evaporation sources, which ensured the
sequential deposition of AIN and CrN layers. Three series of AIN/CrN MLCs were deposited with a bilayer number of
70, 72, and 55. The variation of a bilayer number was deliberately made to optimize the balance in total thickness of all
MLCs and evaluate the same structural characteristics (including morphology, phase state and chemical composition).
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(2 — |
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Figure 1. Schematic of AIN/CrN multilayer coating deposition by CA-PVD using separate Al and Cr targets with substrate rotation

2.2. Characterization

The surface morphology and topographic features of AIN/CrN MLCs were investigated by scanning electron
microscopy (SEM) using a VEGA3 TESCAN scanning electron microscope. The microscopic analysis was conducted in
the secondary electron (SE) detection mode to maximize surface-sensitive topographic contrast. The accelerating voltage
of the primary electron beam (SEM HV) was maintained at 30.0 kV. The images were captured at working distances
(WD) ranging between 15.07 mm and 19.72 mm. To ensure a comprehensive evaluation of the coating surface features,
the analysis was performed across different scales: a low-magnification mode with a view field of 500 um (utilizing a
100 pm scale bar) was used for overall surface overview. A high-magnification mode with a view field of 17.7 um
(utilizing a 10 um scale bar) was employed for detailed examinations of localized surface fragments.

The phase composition and structural parameters of AIN/CrN MLCs were characterized by X-ray diffraction (XRD)
analysis using a diffractometer operated in the “theta—2theta” geometry. The diffraction patterns were recorded utilizing
Cu-Ka radiation (A = 1.540600 A) generated from a Cu target at an operating voltage of 30.0 kV and a tube current of
30.0 mA. The optical system of the diffractometer was configured with a 1.0° divergence slit, a 1.0° scatter slit, and a
0.150 mm receiving slit. Data collection was performed in a continuous scanning mode over a 2theta angular range of
10.0°-100.0° at a scanning speed of 2.0°/min, a sampling pitch (step size) of 0.02°, and a preset time of 0.60 s per step.
Phase identification, qualitative search-match analysis, and profile fitting were carried out using the Match! software
package (Crystal Impact) linked with the International Center for Diffraction Data (ICDD) PDF-2 (Release 2004)
reference database. The evaluation of the average crystallite size (sub-grain domain size) was performed via the Scherrer
equation using a shape factor (Scherrer constant) of 0.94.

The elemental composition and distribution within the AIN/CrN MLCs were analyzed by energy-dispersive X-ray
spectroscopy (EDS). The measurements were performed using an EDS detector integrated into the VEGA3 TESCAN
scanning electron microscope. X-ray generation and spectrum collection were carried out over an energy range from 0 to
15 keV, recording characteristic emission intensities in counts per electron volt (cps/eV). Identification and deconvolution
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of the overlapping elemental lines, specifically the low-energy light element region comprising Carbon (C-K), Nitrogen
(N-K), and Aluminum (Al-K), alongside the transition metal series of Chromium (Cr-K), and Iron (Fe-K)), were executed
using the integrated microscope software.

3. EXPERIMENTAL RESULTS
3.1. Surface structure

Figure 2 (left side) illustrates the surface morphology of AIN/CrN MLC deposited at a substrate bias of —50 V. The
low-magnification image (at a 100 um scale) reveals a highly developed surface topography typical for arc-plated films,
heavily populated by macroparticles (droplets). This droplet phase generation is directly linked to the liquid metal
emission from the cathode spots at arc currents of 110 A (Cr) and 95 A (Al). A detailed analysis indicates a polydisperse
distribution of the macroparticles. Large, irregularly shaped solidified splats with sizes ranging from 15 to 35 um are
randomly distributed across the surface, with a spatial frequency of approximately 40—80 um between them. Spherical
droplets of medium (2—-8 pm) and submicron (less <l pm) sizes are also observed. The high-magnification SEM image
(at a 10 pm scale) shows that the large droplets underwent significant flattening upon high-velocity impact with the
substrate before solidification.

Planimetric evaluation demonstrates that the droplet-free matrix occupies approximately 75-80% of the total surface
area, while the macroparticles and associated boundary defects cover the remaining 20-25%. The substrate bias of =50 V
provided insufficient ion bombardment energy to suppress or re-sputter these large metallic aggregates during growth.
The surface matrix exhibits a fine-grained, slightly dome-like texture, which is possibly indicative of a dense, competitive
columnar growth of the alternating AIN and CrN nanolayers (at 10 s deposition cycles).

The surface morphology of AIN/CrN MLC deposited at an increased negative substrate bias of —100 V and an
asymmetric layer deposition time (Cr/Al = 10/40 s) is presented in Figure 2 (center side). The low-magnification SEM
image (at a 100 pm scale) reveals a modified topography compared to the previous sample, characterized by a reduction
in the count of sharp volumetric macroparticles and the appearance of distinct crater-like tracks and flattened rims. The
high-magnification view (at a 10 pm scale) captures a large, complex-shaped solidified metallic splat (~20-25 um in size)
with highly flattened, smoothed boundaries. This morphological evolution is directly attributed to the higher substrate
bias of —100 V, which enhances the kinetic energy of the incident ion flux. The intense ion bombardment induces a
noticeable re-sputtering effect on the protruding elements of the liquid droplet phase and stimulates lateral adatom
diffusion during crystallization.

Statistical image processing indicates that the defect-free matrix area expanded to approximately 82—-85% of the
total surface, leaving only 15—18% occupied by macroparticles and associated boundary defects. The extended deposition
time of the AIN layer (40 s) acts as a planarizing factor, effectively encapsulating the underlying droplet-induced
roughness. Under these energetic conditions, the surface matrix may have acquired a significantly denser, highly
smoothed sub-microcrystalline surface texture with suppressed competitive columnar dome formation, thereby ensuring
a more uniform multilayer architecture.

The surface morphology of AIN/CrN MLC, deposited at an elevated negative substrate bias of —200 V and an
asymmetric growth cycle (Cr/Al=10/60 s), is illustrated in Figure 2 (right side). The low-magnification SEM micrograph
(at a 100 um scale) reveals a significantly modified, flattened surface topography. The application of high-energy ion
bombardment (—200 V) activates intense sub-surface atomic displacement and energetic re-sputtering processes, which
fundamentally alter the macroparticle evolution. The high-magnification view (at a 10 um scale) focuses on a highly
deformed macrodefect boundary, highlighting the joint effect of intense ion shearing and matrix overgrowth. Under a
strict ion-assisted regime at —200 V, the arriving high-velocity nitrogen and metal ions severely erode and flatten the
protruding liquid metallic droplets ejected from the cathodes. The extended 60 s deposition window for the AIN layer
allows the matrix to structurally assimilate and fragment the droplet inclusions, completely erasing sharp phase
boundaries. The remaining defect fraction is represented by highly planarized splats and shallow, smoothed craters.

Planimetric image analysis reveals a noticeable reduction in the defect-free matrix area, which drops to
approximately 65—70% of the total surface, while the macroparticle occupation and associated micro-craters expand to
30-35%. This topographical degradation indicates that at an extreme negative substrate bias of 200 V combined with an
extended AIN deposition time of 60 s, a defect accumulation mechanism becomes dominant. The high-energy incident
ion flux induces preferential re-sputtering of the growing nitride matrix, thereby exposing and topographically
highlighting the heavier metallic droplets that possess lower sputtering yields.

A comparative analysis of the surface morphology across the three investigated AIN/CrN MLCs reveals a non-
monotonic transition in growth mechanisms governed by the synergy of substrate bias and AIN deposition time. At a low
substrate bias of —50 V and short symmetric cycles (Cr/Al = 10/10 s), the coating surface is characterized by sharp, open
macroparticles covering up to 25% of the area within a typical competitive columnar matrix. Increasing the bias to —100
V with an asymmetric cycle (Cr/Al = 10/40 s) introduces an optimal energetic window where ion-induced re-sputtering
flattens droplet boundaries and activates adatom mobility, successfully expanding the clean matrix fraction to its
maximum of 82—85%. However, escalating the negative bias to an extreme value of =200 V coupled with a prolonged
60 s AIN cycle triggers a severe over-bombardment regime. In this state, the clean matrix area shrinks back to 65-70%
due to preferential ion etching of the nitride phases, which accentuates and exposes the un-sputtered metallic droplet
aggregates. This severe ion-assisted treatment effectively suppresses the standard competitive columnar growth but yields
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a highly stressed, fragmented, and topographically developed nanostructured surface architecture with the highest defect
density among the altered parameters.
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Figure 2. SEM images of AIN/CrN multilayer coatings deposited by CA-PVD at different substrate biases —50 V (left side), —100 V
(center side) and —200 V (right side)

3.2. Structural-phase state

X-ray structural analysis of AIN/CrN MLCs, presented in Figure 3, reveals a heterophase crystalline structure. This
structure consists of a mixture of stable cubic chromium nitride (c-CrN) with a NaCl-type structure, metastable cubic
aluminum nitride (c-AIN) also possessing a NaCl-type structure, and stable hexagonal aluminum nitride (h-AIN) with a
wurtzite structure.

On the X-ray pattern of AIN/CrN MLC deposited at substrate bias of —50 V, a doublet of peaks in the interval
2theta =~ 32-36° is clearly visible. The first broad maximum at 2theta = 35.51° is formed due to the superposition of the
h-AIN(002) and c-CrN(111) planes. The presence of the c-AIN(111) conjugate peak at 2theta = 38.43° confirms that with
an ultrashort deposition time (10 s) the c-CrN lattice exerts a strong stabilizing (epitaxial) effect, forcing a significant part
of the AIN phase to crystallize in the metastable cubic modification. A weak reflex of the hexagonal h-AIN(100) phase is
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also recorded at 2theta ~ 32.6°. The presence of a pronounced peak at 2theta = 64.87° (c-AIN(220) / h-AIN(103)) probably
indicates that the coating has a polycrystalline structure with developed interphase boundaries.
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Figure 3. XRD patterns of AIN/CrN multilayer coatings deposited by CA-PVD at different substrate biases: —50 V (bottom
pattern), —100 V (center pattern) and —200 V (top pattern)

For the following AIN/CrN MLC, increasing the deposition time of the AIN layer to 40 s, in combination with
increasing the substrate bias to —100 V, radically changes the thermodynamics and kinetics of the transformed phases.
A sharp drop in intensity and a significant broadening of all diffraction maxima of the coating in the range 20 = 32-40°
are observed. The peak at 26 =36.07° (h-AIN/c-CrN) practically levels off, transforming into a diffuse halo. The observed
changes are caused by two factors. First, the growth of the bias potential to —100 V intensifies ion bombardment,
destructuring the crystal lattice and grinding the grain to a nanocrystalline or quasi-amorphous state. Secondly, increasing
the thickness of the AIN layer (40 s) removes the system from the zone of epitaxial influence of cubic c-CrN. Within the
AN layer, a competition between the metastable cubic and stable hexagonal phases leads to strong internal microstresses,
an increase in the density of packing defects, and a decrease in the intensity of the XRD signal.

For AIN/CrN MLC, an extreme increase in substrate bias to —200 V and a long growth cycle of AIN (60 s) shifts the
structural mechanism towards radiation-stimulated phase segregation. A pronounced "return" of peak intensity is
observed. The X-ray pattern is dominated by a clear, intense, and relatively narrow peak at 2theta = 32.75°, corresponding
to the h-AIN(100) plane. At the same time, the peak at 2theta = 37.48° becomes low-intense and broad, and the reflex of
cubic c-AIN(111) at 2theta = 38.47° again acquires an increase of intensity. The long continuous operation time of the
aluminum evaporator (60 s) under hard ion assistance (—200 V) provides excess kinetic and thermal energy to the adatoms.
This initiates the processes of dynamic return (recrystallization) and grain coalescence. The AIN phase is completely freed
from epitaxial clamping on the part of c-CrN (since the layer becomes too thick) and thermodynamically relaxes into its
stable hexagonal wurtzite form with a pronounced preferential orientation (texture) along the (100) plane.

Table 2. Summarized X-ray parameters of AIN/CrN MLCs deposited by CA-PVD at different substrate biases

2 theta, deg. d-spacing, A Identified phase Crystallographic plane (/k/) PDF card No.
32.75-32.89 | 2.7211-2.7319 h-AIN (100) 01-070-2543

35.51-37.48 | 2.5260-2.7312 h-AIN/c-CrN (002)/(111) 01-070-2543/00-011-0065
38.43-38.47 | 2.3404-2.3383 c-AIN 111) 00-046-1200

43.75 2.0676 c-CrN (200) 00-011-0065

44.56-44.61 | 2.0295-2.0315 substrate+c-AIN (200) 00-046-1200

49.37 1.8444 h-AIN (102) 01-070-2543

64.87-64.93 | 1.4349-1.4361 substrate+(h-AIN+c-AIN) | (220)+(103) 01-070-2543/00-046-1200

The average crystallite size for all investigated AIN/CrN MLCs was evaluated via the Scherrer formula, using the
diffraction data of the most intense (dominant) textured peak corresponding to the hexagonal h-AIN modification. It was
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established that variations in the deposition parameters exert a significant influence on the orientational stability and
structural dispersion of the coatings. Specifically, for the AIN/CrN MLC obtained at substrate bias of =50 V and equal
layer deposition times (Cr/Al = 10/10 s), the dominant reflection appears at 2theta = 35.51°, which is characterized by the
minimum crystallite size in the series, measuring 13£2 nm. With an increase in the negative bias to—100 V and a prolonged
aluminum layer growth duration (Cr/Al = 10/40 s), a shift in the preferred orientation is observed. The peak at
2theta = 32.81° becomes dominant, while the grain size slightly increases to 16+2 nm. This indicates an intensification of
the hexagonal phase crystallization process under conditions of increased AIN layer thickness. A further increase in the
energy of the bombarding ions at a bias of —200 V and an asymmetric deposition time (Cr/Al = 10/60 s) localizes the main
diffraction maximum at 2theta = 32.75°. Concurrently, a minor reduction in the grain size down to 14+2 nm was recorded.
This dynamic is attributed to enhanced ion re-sputtering and the generation of high residual stresses under extreme
substrate biases, which ultimately restricts the diffusion growth of the crystallites.

3.3. Elemental composition
The elemental composition analysis of AIN/CrN MLCs deposited at various negative substrate biases (=50 V, -100 V,
and —200 V) is presented in Table 3 and Figure 3.

Table 3. Elemental composition of AIN/CrN MLCs deposited by CA-PVD at different substrate biases: =50 V, =100 V, and —200 V

Substrate Cr/Al Elemental composition, at.%
AIN/CIN bias, V deposition Al Cr N C Fe Total
MLCs ;
time, s
1558 =50 10/10 46.88 6.15 45.94 0.68 0.35 100
1565 -100 10/40 45.21 18.37 35.69 0.26 0.47 100
1556 —200 10/60 33.72 21.21 4431 0.14 0.62 100
cps/eV cps/eV
-50V -100V
6
ol
1
N "N
CrN
Fe ' CIN [Fe W .Cg- &GN I "
o 2 ] 6 8 10 2 14 0 “U‘JL'HQ(AJLC e 10 14 16
Energy (keV) Energy (keV)
cps/eV
=200V
N
CrN
Fe Bl B &N e
. :
|
B ESEEIES
0 | I AL 1L
2 4 6

10 12 14

8
Energy (keV)

Figure 3. EDS spectra of AIN/CrN multilayer coatings deposited by CA-PVD at different substrate biases: —50 V (left spectrum),
—100 V (right spectrum) and —200 V (center spectrum)

The elemental composition of the AIN/CrN MLC deposited at a substrate bias of —50 V and equal layer growth times
(Cr/A1=10/10 s) exhibits a high aluminum concentration of 46.88 at. %. The chromium content is minimal, at 6.15 at. %,



629
Epitaxial Stabilization and Radiation-Stimulated Segregation in CA-PVD AIN/CrN Multilayer... EEJP. 2 (2026)

resulting in a high Al/Cr atomic ratio. Nitrogen constitutes 45.94 at. %, which is close to the stoichiometric ratio expected
for a dominant AIN phase mixed with a smaller fraction of CrN. Trace amounts of carbon (0.68 at. %) and iron (0.35 at. %)
are also detected within the coating matrix.

As the negative substrate bias is increased to —100 V and the aluminum layer deposition time is prolonged to 40 s
(Cr/Al = 10/40 s), the elemental composition undergoes a noticeable transition. Despite the fourfold increase in the Al layer
deposition time, the aluminum content slightly decreases to 45.21 at.%. Concurrently, the chromium concentration increases
significantly to 18.37 at. %, while the nitrogen content drops to 35.69 at. %, suggesting a variation in phase stoichiometry.
The carbon impurity level drops to 0.26 at. %, whereas the iron concentration slightly increases to 0.47 at. %.

At the highest negative substrate bias of —200 V and maximum aluminum layer deposition duration
(Ct/Al=10/60 s), a counterintuitive elemental distribution is observed. The aluminum content drops significantly to
33.72 at. %, representing the lowest Al concentration in the series. In contrast, the chromium content reaches a maximum
of 21.21 at. %, while the nitrogen content returns to 44.31 at.%. The concentration of carbon impurities is minimized to
0.14 at. %, while the iron content reaches its peak value of 0.62 at. %.

In summary, elemental composition analysis of the investigated AIN/CrN MLCs revealed a counterintuitive decrease
in the aluminum concentration (from 46.88 to 33.72 at. %) along with a concomitant increase in the chromium content as
the ion bombardment energy was elevated. This phenomenon is driven by the preferential re-sputtering of the lighter
aluminum atoms (m4; = 26.98 amu vs. mc¢- = 52.00 amu) under the influence of high-energy ions at a substrate bias of -200
V, which effectively counteracts the effect of the prolonged Al layer deposition time. The presence of iron
(0.35-0.62 at. %) is attributed to ion-stimulated interdiffusion from the AISI 321 stainless steel substrate, whereas the
reduction in carbon content (down to 0.14 at.%) at higher negative biases is explained by the ion cleaning effect, which
promotes the desorption of impurities.

High bias energies at —200 V induce severe lattice distortion, vacancy generation, and stress-driven diffusion. Under
these extreme conditions, the thermodynamically more stable CrN phase suppresses the growth of metastable Al-
containing phases. Consequently, the excess aluminum may be displaced to the grain boundaries, forming amorphous
interlayers, or undergoes continuous secondary re-sputtering by plasma ions, thereby reducing its overall atomic fraction
as detected by energy-dispersive X-ray spectroscopy (EDS).

4. DISCUSSIONS
4.1. Correlation between Deposition Parameters, Composition, and Phase Evolution
The structural and compositional evolution of the synthesized AIN/CrN MLCs is governed by a complex interplay
of thermodynamics and kinetics. This behavior is dictated by the simultaneous modification of the negative substrate bias
voltage (—50 V to —200 V) and the systematic expansion of the AIN layer growth window (a1 = 10, 40, 60 s).

The epitaxial template effect is dominant at low deposition energies (—50 V, 10 s). At this stage, the incoming
adatoms possess relatively low kinetic energy. The crystallization process is dominated by the structural constraint of the
underlying cubic CrN template (B1, NaCl-type) [12]. Due to the minimal thickness of the AIN layer, the interface strain
energetically minimizes the volume free energy required for the formation of the metastable cubic AIN modification (c-
AIN), space group (Fm3m) [13]. This template effect forces a significant portion of AIN to mirror the rock-salt structure
of CrN, as confirmed by the strong c-AIN(111) reflection at 2theta = 38.43°. At this stage, the hexagonal wurtzite phase
h-AIN is possibly suppressed, manifesting with an isolated h-AIN(100) peak.

The competitive phase boundary disruption appears during mid-deposition energies (—100 V, 40 s). Transitioning to
substrate bias of —100 V while simultaneously lengthening the AIN deposition step to 40 s breaks this pseudomorphic
growth state. The increased layer thickness shifts the upper boundary of the AIN layer far beyond the spatial envelope of
the epitaxial clamping exerted by the c-CrN lattice. As a result, the AIN phase attempts to relax into its thermodynamically
stable hexagonal configuration (h-AIN, B4 wurtzite type). The overlap of competing tetrahedral (hexagonal) and
octahedral (cubic) coordination matrices produces a localized structural mismatch [14]. This structural conflict manifests
on the XRD profiles as severe peak attenuation and the formation of a diffuse halo in the 2theta = 32—40° interval.
Concurrently, the elevated ion bombardment at —100 V induces widespread lattice defects and grain refinement, reducing
the long-range crystalline order to a quasi-amorphous state [15].

The radiation-stimulated segregation and coalescence start to dominate at high-deposition energies (—200 V, 60 s).
At these parameters, the structural mechanism shifts entirely toward radiation-stimulated phase segregation and thermal
relaxation [15]. High-velocity ion flux (N*) delivers extensive kinetic energy directly to the film surface. This energy
accelerates localized atomic displacement and adatom mobility. Because the 60 s growth interval yields an Al-rich
environment independent of the CrN template, the excess energy facilitates dynamic recrystallization and grain
coalescence. The AIN system completely escapes the interfacial strain of CrN, allowing the phase to crystallize into its
highly textured, stable hexagonal wurtzite form along the h-AIN(100) plane at 2theta = 32.75°.

4.2. Analytical Insight into Mass-Dependent Preferential Re-sputtering Mechanisms
The elemental tracking shown in Table 3 reveals an unexpected composition profile: the net atomic concentration
of Al drops from 46.88 at.% to 33.72 at.% despite a sixfold increase in the Al-target evaporation time. This compositional
shift is driven by the physics of ion-surface interactions under varying acceleration potentials.
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This phenomenon is governed by the discrepancy in atomic mass between the constituent transition metal and the
principal group-III element (m4 = 26.98 amu versus m¢, = 52.00 am) [16]. According to classical cascade sputtering
theories, the energy transfer coefficient (y) during a binary atomic collision is maximized when the masses of the incident
projectile particle (m,, e.g., N¥) and the target atom (m;) are closely matched:

4mym,

r= (m; + my)?

Because the mass of nitrogen (my = 14.01 amu) sits closer to that of aluminum than chromium, energy transfer to
the Al sublattice is highly efficient. At a low bias of =50 V, the incident ion energy remains below the threshold required
for meaningful sub-surface sputtering, preserving the nominal deposition rates and yielding an Al/Cr ratio. When the
potential is increased to —200 V, the kinetic energy of the incoming ions spikes, intensifying selective (preferential) re-
sputtering of the lighter Al atoms from the growing layer. Conversely, the heavier Cr atoms exhibit a lower sputtering
yield under these conditions and remain securely bound within the matrix. This process shifts the overall film
stoichiometry toward a lower Al atomic fraction and compresses the Al/Cr ratio [17]. The high-energy ion bombardment
at —200 V also generates high residual compressive stresses and a high concentration of point defects (vacancies and
interstitials). Under these conditions, the thermodynamically stable CrN phase exhibits a lower free energy of formation
and a higher cohesive energy compared to the metastable cubic AIN phase. This difference suppresses the retention of
metastable c-AIN. The structural stress forces the excess, unbonded aluminum out of the primary lattice. This displaced
aluminum either migrates via stress-driven diffusion to the grain boundaries — forming thin, amorphous AIN,
interlayers — or is stripped from the surface by continuous secondary plasma ion erosion.

4.3. Analysis of Impurities (C and Fe)

The inclusion of trace impurities provides additional insight into the CA-PVD deposition environment.

The carbon (0.68 to 0.14 at.%) acts as a typical residual interstitial impurity, originating from background
hydrocarbons in the vacuum chamber (10-3-10 Pa). At —50 V, these volatile carbon species easily co-condense onto the
cold adatom sites. Raising the bias voltage to —20 V activates an ion cleaning effect [18]. The energetic ion flux imparts
sufficient momentum to break weak C-C and C-metal bonds, desorbing these weakly adhered contaminants and driving
the carbon content down to a negligible 0.14 at.%.

The iron (0.35 to 0.62 at.%) trace shows an opposite trend, increasing alongside the negative substrate bias. Since
the coatings are deposited on an AISI 321 stainless steel substrate, this iron signature is driven by ion-stimulated
interdiffusion at the film-substrate interface. The high-energy ion bombardment at —50 V creates forward-recoil atom
displacements and a high density of point defects within the near-surface layers of the steel substrate [19]. This defect
network acts as a series of high-speed diffusion pathways, prompting Fe atoms to migrate upward into the initial
chromium adhesion layer and the subsequent AIN/CrN nanostructure.

CONCLUSIONS
This paper establishes the regularities governing the formation of the atomic-crystalline architecture, surface
topography, and chemical composition of CA-PVD AIN/CrN multilayer coatings. Based on a comprehensive analysis
(XRD, SEM/EDS), the following conclusions were drawn.

1. Three distinct structural regimes of phase evolution were identified. At low deposition energies (=50 V, 10 s),
the epitaxial template effect of the c-CrN matrix dominates, stabilizing the metastable cubic c-AIN phase. A bias
of =100 V (40 s) breaks down the pseudomorphic growth, transitioning the system into a nanocrystalline state.
At an extreme bias potential of —200 V (60 s), complete thermal relaxation occurs, accompanied by a textured
phase transition into stable hexagonal wurtzite h-AIN(100).

2. The evolution of surface topography is governed by the deposition energy. The —100 V regime was identified as
optimal, where the intensified ion flux smooths the macroparticle boundaries, expanding the defect-free matrix
to 82—-85%. At—200 V, an over-bombardment regime takes over, triggering selective etching of the nitride phase
and exposing heavier metallic droplets.

3. The elemental composition changes were determined. A counterintuitive decrease in Al concentration (from
46.88 to 33.72 at. %) was recorded despite the prolonged growth time. This phenomenon is driven by the mass-
dependent selective re-sputtering of lighter Al atoms under high-energy ion flux. Increasing the bias voltage
activates an ion-cleaning effect that reduces carbon contamination (down to 0.14 at. %), but simultaneously
stimulates iron interdiffusion from the steel substrate into the coating (increasing up to 0.62 at. %).

The insights obtained expand the current understanding of non-equilibrium solid-state thermodynamics and open
new avenues for the precision engineering of nanostructured protective coatings.
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ENITAKCIAJIBHA CTABLII3ALILS TA PAJIALIAHO-CTUMYJIbOBAHA CET'PETALISL Y BATATOIIAPOBUX
MOKPUTTSAX AIN/CrN, OTPUMAHUX METOJOM CA-PVD 3A YMOB IOHHOI'O BOMBAPIYBAHHSA
0.B. MakcakoBa, B.M. bepecnes, C.B. JlutoBuenxo, P.C. I'asrymkon
Xapxiecovruil Hayionanvuutl yHieepcumem imeni B.H. Kapasina, matioan Ceoboou, 4, 61000 Xapxkis, Yxpaina
VY wmiit poboTi HOCTiKEHO 3aKOHOMIPHOCTI ()OPMYBaHHS aTOMHO-KPUCTAJIIYHOI apXiTEeKTypH, Tomorpadii moBepxHi Ta XiMIYHOTO
ckiany OararorrapoBux mokputTiB AIN/CrN, oca/pkeHHX METOAOM KaTOAHO-IYroBoro (i3sMYHOro ocaKeHHs 3 mapoBol ¢a3u Ha
MAKIAAKA 3 aycTeHITHOI Hepkasirodoi crami AISI 321. [IpoaHanizoBaHO CHHEPTeTHYHUI BIUTMB BiJ’€MHOI HAampyTH 3MIIICHHS 10
nigkranky (Bixg —50 1o —200 B) ta TpuBaiocti ocapkenHs inauBigyansHux mapis AIN (10, 40 i 60 ¢) Ha kiHeTHKY (a30B0Oi KOHKYpeHIIiT
Ta EBOJIIOLIIO pajialiifiHO-CTUMYJIBOBAHUX HAHOCTPYKTYp. MeTodaMu PeHTTeHiBCbKOi au(pakiii Ta pacTpoBOl eNeKTPOHHOI
MIKpOCKOMI] y HO€JHAHHI 3 €HeproUCIepCiHHOI0 PEHTTCHIBCHKOIO CIIEKTPOCKOIII€I0 BCTAHOBJIEHO, 1[0 32 HU3BKUX €HEPTiil 0CaPKeHHS
(=50 B, 10 c) nominye edexr enitakciansHoro maodnony Marpui c-CrN, THM caMuM cTabitizyloun MeTacTabiapHy KyOiuHy dazy c-
AIN. 30inbIIeHHS K TOBIIMHU LIapy, Tak i Hanmpyru 3MmimeHas 10 —100 B npu3BoauTs 10 pyiiHyBaHHS NMCEBIOMOP(HOTO POCTY Ta
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MEPEeBOANTE CUCTEMY B MMOBIpHHI HAaHOKpHUCTANi4HUI ab0 KBasiamophHMI cTaH. 3a BHCOKOTO MOTeHIianmy 3mimeHHs —200 B
BiZIOyBa€TLCSI TTOBHA TEPMIUHA peNakcallis, IO CYNPOBOIKYETHCS TEKCTypoBaHMM (azoBuM mepexonoM AIN y Horo craGursHY
rekcaronanpHy mMoaudikamito Biopiuty (h-AIN). CrocTepiraiocst KOHTP-iHTYITHBHE 3HIKEHHS KOHILICHTpaii anoMiHiio (3 46,88 1o
33,72 ar.%), He3BaXKalOuN HA TPHBANUH dac pocTy . Lleit (heHOMEH 3yMOBICHUH CENEKTUBHUM MEPEPO3MIICHHSM JIETInX aToMiB Al
i JIi€f0 BUCOKOCHEPTETHYHOTO i10HHOTO MOTOKY. KpiMm Toro, Oyno 3adikcoBaHO pamialiiiHO-CTUMYNILOBaHy iHTepaudys3iro 3amisa 3
MAKIAIKHA Y OKPUTTS, Pa3oM i3 e(heKTOM i0HHOTO OYMIIEHHS, SIKMI BUAAISIE JOMIIIKY BIPOBADKSHHI By IJIeLto 3 MaTpuii. OTpumani
PE3yJNIbTaTH PO3IMIUPIOIOTH MIOTOYHE PO3YMIiHHS HEPIBHOBAXHOI TEPMOJMHAMIKU TBEP/OTO TiJia Ta BIAKPUBAIOTH HOBI MOXIIMBOCTI ISt
MPENU3iifHOT0 TNPOEKTYBAHHS BJIACTUBOCTEH HAHOCTPYKTYPHHUX 3aXUCHUX IOKPHUTTIB LUISIXOM ONTHMi3alii 10HHO-IIIa3MOBHX
rmapameTpiB.

KurouoBi cnoBa: saxyymno-oyeoea mexuonoeis, nimpuou, bazamowaposi noxpumms, AIN; CrN; mixpocmpykmypa, Ximiunuii cknao,
¢azosuii cman
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